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to Ginevra,
your beautiful smile is my sun that meets no rain

If a picture is worth a thousand words,
what is a model worth?
- Anonymous

Everything that can be counted does not necessarily count;
everything that counts cannot necessarily be counted.
- Albert Einstein

SUMMARY
Pharmacokinetic modeling in cancer: from functional to molecular imaging of
angiogenesis
Cancer represents a global health challenge. The recognition of angiogenesis, i.e., the
formation of a vascular supply, as a key regulator of cancer growth, has opened new possibilities for both cancer diagnostics and therapy. Cancer vasculature, exhibiting peculiar
structural, functional and molecular features different from normal vessels, is the target of novel anti-angiogenic therapies. Despite angiogenesis imaging holds great potential for improved cancer detection and localization, therapy monitoring, and treatment
follow-up, its clinical translation is hampered by the lack of standardization of methods
and protocols, and by the limited accuracy and reliability of available techniques.
In this work, we propose quantitative assessment of cancer angiogenesis by combining dynamic contrast-enhanced imaging with pharmacokinetic modeling of the contrast
agent kinetics. By the proposed approach, time-intensity curves obtained at each imaging pixel are fit by a suitable model describing the contrast transport through the investigated organ. This enables the estimation of quantitative parameters, which are directly
related to the structural, functional and molecular changes occurring in tumor vasculature due to cancer angiogenesis.
Dispersion modeling is here proposed to describe the transport kinetics of extravascular contrast agents, such as those typically used in magnetic resonance imaging. By
this approach, the contrast concentration in the tissue is described as a convolution between the intravascular contrast concentration, modeled as a Brownian motion process
by the convective-dispersion equation, with the tissue impulse response, represented
by a mono-exponential decay, and describing the contrast leakage in the extravascular
space. Dispersion features of the intravascular transport are adopted to assess the microvascular architecture, while the leakage rate is estimated to provide assessment of
the microvascular permeability. Both features are typically altered in cancer angiogenic
vasculature.
In a preliminary validation of the proposed approach performed on 15 patients for
prostate cancer localization, dispersion analysis provided the highest accuracy for cancer detection compared to state-of-the-art perfusion-related and permeability-related parameters. Parameter estimation was optimized by providing analytical solutions of the
dispersion model both in time and frequency domains. The computational efficiency was
increased by about 50% without reduction in the estimation and diagnostic performance.
The validation of magnetic resonance dispersion imaging was consequently extended in
a multicenter study including 80 prostate-cancer patients. The preliminary results were
confirmed: dispersion analysis provided an AUC of 0.91 and outperformed other available methods for prostate cancer localization. Moreover, the correlation of in-vivo imag-

vii

ing parameters with the ex-vivo histological assessment of tumor grade (aggressiveness)
was investigated. A weak but significant correlation between the dispersion parameter
and the Gleason grade was found.
A binding model was developed for molecular imaging of angiogenesis by novel
targeted contrast agents. In dynamic contrast-enhanced ultrasound, these are composed
by intravascular microbubbles, whose shell has been functionalized with targeting
ligands able to bind specific molecules over-expressed on the vessel walls of angiogenic
tumor vasculature. The kinetics of such agents is described as a bi-compartmental
model, with one compartment describing the freely flowing microbubbles, modeled by
the convective-dispersion equation, and one compartment accounting for the bound
microbubbles, described as an accumulating compartment. The binding rate is thus
estimated and adopted for molecular assessment of angiogenesis.
The feasibility of the proposed approach for quantitative molecular imaging of
angiogenesis was shown in prostate tumor-bearing rats injected with a clinical-grade
molecularly-targeted ultrasound contrast agent. The binding rate showed ability to
discriminate between malignant and benign tissue, with a shorter and simplified
protocol compared to semi-quantitative assessment by available molecular imaging
methods. Subsequently, the validity of the proposed model was investigated by comparing the binding rate values in rats injected with a targeted and a non-targeted
contrast agent. The estimated values were significantly smaller for non-targeted agents,
with no difference between cancer and healthy tissue, confirming the validity of the
proposed approach. A longitudinal study was performed in colon-cancer bearing mice
undergoing anti-angiogenic treatment, to test the feasibility of the proposed method
for monitoring the response to therapy. The binding rate significantly decreases after
treatment, and is able to discriminate between clinical responders and nonresponders.
To conclude, this work shows pharmacokinetic modeling of contrast agent kinetics to
be a valid and promising approach for quantitative assessment of angiogenesis. Moreover, the proposed approach is general and may be extended to different types of agents
and imaging modalities. Quantitative analysis is preferable over qualitative and semiquantitative assessment because it facilitates standardization of clinical protocols, and
comparison of findings between different examinations, studies, and centers. In this context, the proposed methods may aid the design of large multicenter study, and facilitate
the translation of the great potential of angiogenesis imaging into the clinical routine.
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1
INTRODUCTION

1.1

societal problem

Cancer is one of the leading causes of death worldwide. More than one in three people
is diagnosed with cancer in his/her lifetime, and one in six dies from it. About 14 million
new cases and 8 million cancer-related deaths were estimated in 2012 [1], accounting
for 18.2% global incidence and 10.2% global mortality. These numbers are projected to
rise over the next two decades, with about 25 million expected new cases [2]. In 2010,
the total health expenditures for cancer care were estimated at 157 billion dollars in the
United States, and at 77.5 billion euro in Europe [3, 4]. Cancer thus represents a global
health challenge. Current efforts in oncologic research are focused on early detection
and timely diagnosis to boost the efficacy of the available therapies, on development of
novel drugs, and on optimization and better tailoring of the therapeutic strategies.
1.2

angiogenesis in cancer

The crucial role of angiogenesis and vasculogenesis in tumor growth and development
is today well-established. Angiogenesis is the process through which new blood vessels
are formed from preexisting ones, whereas vasculogenesis is the de novo formation of
vessels from precursor cells. Angiogenesis and vasculogenesis are involved in a number
of physiological processes such as wound healing, embryogenesis, and corpus luteum
formation, as well as in pathological conditions including psoriasis, age-related macular
degeneration, inflammatory processes, and cancer [5].
In the early stage of cancer development, the tumor is nourished by diffusion of oxygen and nutrients provided by nearby blood vessels [6, 7]. In this phase, referred to as
“avascular phase”, the tumor cannot grow beyond 1-2 mm in diameter [6–8]. The transition from a pre-vascular to a vascular phase, known as “angiogenic switch”, is required
for the tumor to overcome this size limit. The process may also be accompanied by lymphangionesis, by which the growing tumor can gain access to the lymphatic system
through the production of new lymphatic vessels [9, 10]. The increased blood supply
provided by neovascularization allows for tumor progression and may also be involved
in the formation of metastasis [8, 11]. As a matter of fact, lymphatic and/or blood vessels
provide the escape route for tumor cells to enter the systemic circulation and reach other
sites and tissues in the body [12, 13]. Eventually, through a complex process involving
several interlinked events, metastatic tumor cells activate changes in the vascular per-
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meability of blood vessels in target organs and penetrate into the target tissue through
extravasation [9].

Figure 1.1: Schematic description of the cascade of events leading to the formation of a vascular
network during cancer angiogenesis. Taken from [14].

At a micro-vascular level, tumor angiogenesis is characterized by an increased number of vessels in a heterogeneous and poorly organized vascular environment. Neoangiogenic vessels differ from normal capillaries, showing a high degree of tortuosity and
irregularity. They also exhibit higher permeability, arteriovenous shunting, chaotic flow
patterns, and fragility [6, 7, 11, 15, 16]. These abnormalities in the vascular architecture
make the hemodynamic changes in the blood flow more complex to analyze. A lack of
vasomotor control and an increase in arteriovenous shunts cause a low flow resistance
and an increased blood flow, while high tortuosity and irregularity, together with high
interstitial pressure due to extravascular leakage, lead to increased flow resistance and
decreased perfusion [7, 17–19].
At a molecular level, tumor angiogenesis may be triggered by hypoxia, acidosis, and
hypoglycemia, leading to the activation of pro-angiogenic proteins, such as vascular
endothelial growth factors (VEGF), and transforming growth factors, which promote
the formation of new capillaries by recruiting, activating, and stimulating endothelial
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cells [20]. Once activated, endothelial cells secrete matrix metallo-proteases, which degrade the basement membrane, and integrins, which enable their migration into the
extracellular matrix towards the tumor [21]. Numerous current therapeutic strategies
aim at stopping tumor growth by interfering with various steps in this process. Antiangiogenic drugs may act in the earliest stage of angiogenesis by inhibiting the synthesis of angiogenic proteins by the tumor, or they can intervene later in the process by
neutralizing the angiogenic proteins with antibodies and traps, by blocking the binding
of angiogenic factors to the endothelial walls, or by direct induction of endothelial cell
apoptosis [10].
Advances in this promising area of oncologic research have drawn increasing attention to the development of accurate tools for quantitative assessment of angiogenesis, for
tumor diagnosis, therapeutic decision making, and monitoring of antiangiogenic treatment [7].
1.3

traditional assessment of cancer angiogenesis

Traditional in-vitro methods for angiogenesis quantitation include the measurement of
circulating angiogenic factors such as endothelial progenitor cells in body fluids [22, 23],
and the immunohistochemical analysis of tissue samples to assess the microvasculature
density (MVD), which has been correlated with tumor aggressiveness and the risk of
metastasis formation [17, 22, 24–26]. These are a measure of the ability and rapidity
at which cancer cells forms, grow, and spread (metastasis), and their resistance to cell
death. Following on the protocol first proposed by Weidner et al. [26], MVD counting
is performed by staining tissue specimens for angiogenesis assays, such as endothelial
cells or other vascular-wall components, and then analyzing the specimen either manually, through traditional microscopic techniques, or automatically, through computerassisted image analysis methods [27, 28]. However, this approach has several limitations:
it is invasive and hence not suitable for monitoring treatment; it provides only morphological information on tumor vascularity; it does not provide reliable information on
tumor localization and delineation, which is essential for focal therapy guidance [12]; it
is affected by random tissue sampling errors and inter-observer variability [16, 24, 25,
28].
1.4

imaging of cancer angiogenesis

The need for earlier and improved cancer diagnosis, and for early evaluation and monitoring of therapeutic response to anti-angiogenic treatment have led to the development
of several imaging methods for in-vivo, non-invasive assessment of angiogenesis. These
include Ultrasounds (US), Magnetic Resonance Imaging (MRI), Single-Photon Emission
Computed Tomography (SPECT), Positron Emission Tomography (PET), and Computed
Tomography (CT) [29]. In general, there are three main approaches for angiogenesis
imaging: (i) by direct imaging of molecular expressions of tumor angiogenesis, (ii) by
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looking into metabolic aspects of angiogenesis such as hypoxia and glucose consumption, and (iii) by assessing morphological and functional changes in tumor microvasculature and microcirculation [20], such as increased microvascular density and permeability.
In dynamic contrast-enhanced (DCE) imaging, intravenously-injected contrast agents
are used, which can flow trough the circulation and may distribute non-specifically in
tissue, offering greater possibilities to probe tumor vasculature [6, 30]. The contrast kinetic distribution, and thus the signal enhancement patterns observed in DCE images,
depends on several hemodynamic features including regional blood flow and volume,
vessel density, and vessel permeability [6]. As a result, DCE imaging offers additional information on organ perfusion and the tumor microenvironment that conventional static
imaging fails to provide. Moreover, combining it with physiological modeling allows for
the assessment of quantitative parameters that are directly related to the physiological
features underlying tumor angiogenesis [29].
Recently, the combination of DCE imaging with molecularly-targeted contrast agents
has opened up new possibilities for imaging of angiogenesis, down to the cellular and
molecular levels [31, 32]. Novel targeted agents are typically obtained from conventional
agents by conjugation with ligands, designed to target specific molecules, such as VEGF
receptors and integrins, which are involved in angiogenic processes. By accumulating
specifically where the target molecule is over-expressed, targeted contrast agents provide selective enhancement in areas of active angiogenesis [33, 34]. Although no targeted
contrast agent has yet been approved for clinical use, molecular imaging of angiogenesis holds great promise for improved and earlier cancer diagnosis and, with the recent
development of novel anti-angiogenic therapies, for therapy monitoring and drug development.
1.5

scope and objective of the thesis

In this thesis, novel methods for quantitative assessment of angiogenesis by dynamic
contrast-enhanced and molecular imaging are presented. The framework of pharmacokinetic modeling is proposed to describe the contrast agent kinetics in tumor angiogenic
vasculature, and to estimate quantitative parameters related the physiology of cancer
angiogenesis.
In current pre-clinical and clinical imaging of angiogenesis, mostly qualitative or semiquantitative analysis is performed. Although qualitative and semi-quantitative parameters can be calculated relatively easily [35], they are dependent on several factors, including contrast concentration, patient characteristic, machine and analysis settings, and operator experience [19]. Quantitative analysis generally improves reproducibility, it is less
user- and machine-dependent, and it can be fully automated, thus allowing for more reliable comparison of the results between different studies and centers, and facilitating the
standardization of clinical protocols and the implementation of multicenter trials. Quantification by pharmacokinetic modeling has the added advantage of providing imaging
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biomarkers that are related to functional, structural and molecular features of cancer
angiogenesis, potentially providing deeper insight on the physiological mechanisms underlying angiogenic processes. On the other hand, accurate and reliable calculation of
quantitative parameters can be challenging because it requires the use of mathematical
models of variable complexity, careful signal calibration, and strict protocols.
The general goal of this thesis is thus to improve cancer detection and management by
providing imaging methods for the estimation of reliable and reproducible biomarkers
of cancer angiogensis, with simplified acquisition and quantification protocols, which
can be fully automated and easily implemented in the clinical settings to optimize the
clinical workflow.
As described above, cancer angiogenesis is triggered by the activation of proangiogenic factors which promote and support the development of a vascular supply.
The resulting vasculature, however, is rather different than in normal tissue: it is
characterized by a chaotic and irregular network of fragile micro-vessels, typically
exhibiting higher tortuousity, permeability and the presence of arterio-venous shunts.
This may influence tumor perfusion in a rather unpredictable manner. While high
flow resistance may result from the irregular and tortuous character of angiogenic
vasculature, and from the increased interstitial pressure due to microvascular leakage,
the increased blood supply demands and the presence of arterio-venous shunts may
lead to higher perfusion. As a result, interpretation of perfusion-related parameters is
challenging.
This thesis describes a method to characterize functional and structural features of tumor vasculature by pharmacokinetic modeling of the transport kinetics of extravascular
contrast agents. Approximating the microvasculature as a distributed network comparable to a porous medium, the dispersion characteristics of contrast transport are related
to the structural features of the network. In fact, while dispersion in the large vessels
is mainly determined by the flow profile, in the microcirculation it is mainly due to the
multipath trajectories of the contrast particles across the microvascular bed [36]. On the
hypothesis that reduced dispersion may result from the increased tortuosity of angiogenic vessels, which may constrain the contrast transport in space, dispersion modeling
of the intravascular transport is adopted to characterize the microvascular architecture.
Combining this with a suitable model describing contrast leakage in tissue enables describing the distribution of the contrast agent in both the intravascular and extravascular compartments. The objective is to provide a method for improved quantitative
DCE-MRI of cancer angiogenesis, with a simplified protocol, not requiring the additional
measurement of the intravascular contrast concentration, as typically necessary for standard DCE-MRI pharamacokinetic analysis by state-of-the-art methods, such as the Tofts
model [37].
By accumulating specifically where a target biomarker is over-expressed, novel targeted contrast agents provide the opportunity to image angiogenesis down to the cellular and molecular levels. In this thesis, quantification of molecular features of cancer
angiogenesis is addressed by modeling the binding kinetics of molecularly-targeted con-
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trast agents. The main hypothesis is that the amount of contrast particles which bind
to the target is proportional to the expression levels of the biomarker. Quantification of
contrast binding may thus represent an indirect way of quantifying angiogenesis. In the
context of ultrasound molecular imaging (USMI), the objective is to provide a quantitative reproducible parameter enabling reliable comparison of findings, with a shorter
and simplified protocol compared to current semi-quantitative methods [31, 38]. This is
especially important for therapy monitoring, whereby several repeated measurements
are compared, and, more in general, for the implementation of multicenter studies with
a standardized clinical protocol, necessary for the successful clinical translation of novel
targeted contrast agents.
1.6

outline of the thesis

In Chapter 2, the framework of pharmacokinetic modeling is extensively reviewed in
the context of contrast-enhanced and molecular imaging of cancer angiogenesis, with
particular emphasis on US and MRI, which are the main focus of this thesis. After a general introduction on indicator dilution theory, the different contrast agents available for
quantitative angiogenesis imaging are analyzed. For each contrast agent type, the main
physical properties and mechanism of action are described, aspects regarding signal calibration and conversion from image intensity to contrast concentration are discussed,
and the available pharmacokinetic models are examined, providing their mathematical
derivation, and discussing their main assumptions and reflected angiogenic features. The
chapter is concluded by an overview of the current clinical experience [J4].
In Chapter 3, a novel method for quantitative imaging of angiogenesis by modeling the
dispersion kinetics of an extravascular MR contrast agent is introduced. A full dispersion
model (FDM) is obtained as the weighted sum of the intravascular and extravascular contrast concentrations. The former is described as a convective-dispersion process by the
modified local density random walk (LDRW) model, while the latter is given by the convolution of the mLDRW model with an exponential function, describing contrast leakage
into the interstitial space represented by a single mixing compartment. A reduced dispersion model (RDM) is obtained from the FDM by assuming negligible contribution of the
vascular compartment to the total contrast concentration. Fitting time-intensity curves
(TICs) obtained with DCE-MRI by the proposed models enables simultaneous assessment of the microvascular architecture by the estimation of the dispersion parameter,
κ, and of the microvascular permeability by the leakage parameter kep . The proposed
method, referred to as magnetic resonance dispersion imaging (MRDI), is validated in 15
patients with biopsy-proven prostate cancer [J6].
In curve fitting, the set of model parameters which best represent the investigated system is found by minimization of the error between the model output and the measured
experimental data. For non-linear models, iterative error minimization is required. In
MRDI, the presence of the convolution integral in the model formulation increases the
computational demands of the iterative fitting procedure. To reduce its computational
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burden, solutions for computational optimization of MRDI are provided in Chapter 4.
These are obtained (i) by finding a closed-form analytical solution of the convolution
integral in the time domain; (ii) by finding the analytical expression of the Fourier transform of the model, thus replacing the convolution integral with a simple product; (iii) by
numerically transforming the two terms of the convolution integral in the Fourier domain and inverse transforming their product, thus exploiting the computational advantages of an optimal implementation of the Fourier transform, known as the fast Fourier
transform (FFT) [J5].
Extensive clinical validation of the optimized MRDI method is described in Chapter 5.
The ability of MRDI to detect prostate cancer is evaluated in a multicenter study involving 80 patients from 3 three different institutions, and compared to standard quantitative
DCE-MRI of the prostate by the Tofts model [37]. The correlation with tumor grade, assessed by histological analysis of ex-vivo prostate tissue specimens, is also investigated
[J2].
To further advance quantitative angiogenesis imaging to the molecular level, in Chapter 6, pharmacokinetic dispersion modeling is adapted to be suitable to describe the
binding kinetics of targeted ultrasound contrast agent, such those used in ultrasound
molecular imaging (USMI). A bi-compartmental model is proposed to describe the distribution of free and bound microbubbles in a voxel of vascular tissue during the first-pass
of a contrast bolus. The dispersion kinetics of free microbubbles is modelled by the mLDRW model, while the bound microbubbles are described by a homogeneous well-mixed
compartment where only accumulation occurs. The first-pass binding (FPB) model is
thus obtained and adopted to quantify angiogenesis by the binding rate, Kb , describing the unidirectional transfer from the free to the bound microbubble compartments.
Pre-clinical evaluation of the method is performed on 11 prostate tumor-bearing rats by
comparison with standard semi-quantitative USMI methods [J3].
An experimental validation of the proposed FPB model is performed in Chapter 7 by
comparing Kb estimates obtained in prostate tumor bearing rats injected with a targeted
and a non-targeted agent [IC1].
The potential role of quantitative USMI by the FPB model in the context of antiangiogenic therapy monitoring is investigated in Chapter 8. The ability of the binding
rate, Kb , to assess and predict the response to therapy is evaluated in two mouse models
of colon cancer, simulating clinical responders and non-responders, treated with an antiangiogenic drug. The correlation of the proposed quantitative parameter Kb with the
ex-vivo assessment of angiogenis biomarkers, performed on excised tumor specimens, is
also investigated [J1].
Concluding remarks and recommendations for future work are provided in Chapter 9.
With reference to Section 1.7, reporting the list of author publication, Chapters 1 and 2
are partly based on [J4], while Chapters 3, 4, 5, 6, 7, and 8 are based on [J6], [J4], [J2],
[J3], [IC2], and [J1], respectively.
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2
B A C K G R O U N D : M AT H E M AT I C A L M O D E L I N G O F C O N T R A S T
TRANSPORT KINETICS
Based on [J4]: S. Turco et al., “Mathematical Models of Contrast Transport Kinetics for
Cancer Diagnostic Imaging: A Review.”, IEEE Reviews in Biomedical Engineering 9 (2016):
121-147.
2.1
2.1.1

introduction
Indicator dilution theory

The long history of indicator dilution theory started in 1761, when Haller first reported
the injection of an indicator into the vena cava of a freshly killed animal to compare
pulmonary circulation times through the inflated and collapsed lungs [39, 40]. In these
early stages, the main developments and applications of indicator dilution techniques
were related to the cardiovascular field. In this context, memorable milestones are the
introduction by Hering of the first method to measure blood (volume) flow in 1824, the
extension of the method by Stewart for measuring cardiac output and central blood volume in 1897, and its subsequent correction made by Hamilton to take into account the
recirculation of the indicator, leading to the well-known Stewart-Hamilton equation for
cardiac output (CO) measurement [39, 41]. Starting from the cardiovascular field, the
indicator dilution theory framework has been extended to investigate several dynamic
biological processes, including production, distribution, transport, and utilization of exogenous drugs or endogenous metabolites.
An indicator dilution technique can thus be generalized as a method used for characterizing the vascular hemodynamic or the metabolic functions of some tissue when a
known amount of an indicator substance (i.e., contrast agent) is injected upstream into
the circulatory system and its concentration is sampled downstream over time [42, 43].
In general, an indicator is any compound that exhibits the same pharmacokinetic behavior of the substance to be traced, but it can be detected distinctively and it does not
perturb the kinetics of the system to a significant extent [44, 45]. Although the words
tracer and indicator are often used indistinctively, a tracer is a particular type of indicator which is chemically identical to a systemic substance [46]. Indicators differs in
their chemical and physical properties, and in their interactions and distribution within
the body. According to their bio-distribution, they can be classified into intravascular
tracers, which remain confined in the bloodstream, extravascular extracellular tracers,
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Figure 2.1: (a) Theoretical IDC. After a characteristic time of appearance, the curve rises from a
baseline value to the peak concentration in the wash-in phase, and decreases back to
the baseline level in the wash-out phase. (b) IDC obtained from a DCE-US study. The
curve is affected by noise, and the down-slope of the curve is hidden by a rise due to the
recirculation of the indicator.

which leak into the extravascular space but do not enter the cells, and intracellular tracers, which are able to cross the cellular membrane. Of the latter, a further distinction can
be made between metabolizable and non-metabolazible tracers, depending on whether
they are digested by the cell or not [47].
The injection of the indicator can be performed either instantaneously, in which case
it is referred to as bolus- or delta-function injection, or by infusion at a constant rate,
usually referred to as constant infusion injection [41].
The sampling method depends on the nature of the indicator and on the specific application. Traditional indicator dilution measurements are inherently invasive because they
require central catheterization in order to produce a series of measurements at the sampling site [40]. After detection, the conversion to time concentration curve is obtained
according to the specific tracer and the adopted measurement method. Typical examples
in CO measurements include cold thermodilution [40, 48], based on temperature variations at the sampling site due to the passage of a cold indicator, dye dilution [40], in
which the concentration changes of a colored dye are measured by means of absorption
photometry, and lithium dilution [40], in which changes in the Nerst potential due to
the passage of lithium are related to its concentration. Other techniques especially used
in pharmacokinetics involve the use of stable or radioactive isotopes of a substance to
be traced, whose changes in concentration are evaluated through mass differences or
radioactivity measurements, respectively [45].
Indicator dilution curves (IDCs) can also be obtained non-invasively with several
contrast-enhanced imaging modalities. In this chapter, we focus on dynamic contrastenhanced ultrasound (DCE-US), magnetic resonance imaging (DCE-MRI), and computed
tomography (DCE-CT). The conversion from image intensity to contrast concentration
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curves is generally attained through dedicated calibration procedures, which differ depending on the specific contrast and imaging method used.
Once the time concentration curves are obtained, data interpretation and quantitative analysis can be achieved by two fundamentally different approaches: data-driven
modeling and system-driven modeling [47].
In data-driven modeling, the input-output response is analyzed without making any
assumption on the underlying structure generating the experimental data. This can be
done either through a model-free approach, by evaluating relevant quantities directly
from the experimental data, or through a black-box model approach, by fitting the data
to a mathematical expression or by calculating the (model-free) impulse response function through deconvolution. Although the data-driven approaches are independent from
a priori model structure assumptions and more straightforward to implement, the extracted semi-quantitative parameters have no direct relation with the physiology of the
system, and thus cannot provide descriptive information about the physiological mechanisms underlying the observed data [49]. However, semi-quantitative parameters [50,
51] [see Fig. 2.1a; Table 2.1] typically extracted from data-driven approaches may still be
related to physiological quantities such as fractional blood volume [peak enhancement
(PE)], blood flow [area under the curve (AUC), time to peak (TTP), appearance time (AT),
wash-in time (WIT), wash-in rate (WIR), mean transit time (MTT), wash-out time (WOT),
wash-out rate (WOR)], and permeability and interstitial volume (WOT, WIR, MTT).
The alternative approach is modeling the system, representing the physiological reality in the form of mathematical equations with a certain degree of approximation [47].
This approach, also referred to as glass-box modeling, offers the advantage that the dynamic behavior of the system can be described and quantified through physiological parameters that are explicitly incorporated into the model. The main approach for system
modeling is represented by compartmental modeling, which is widely used to describe
transport phenomena in biological systems. Compartmental models decompose a physiological system into a certain number of interacting compartments, each governed by
the mass conservation law and described by a system of differential equations [44, 47,
52].
Conventional lumped compartmental models assume the compartments to contain
instantaneously well-mixed, kinetically-homogenous material, whose concentration is
a function of time only. Lumped models are attractive for their simplicity, but they may
oversimplify the description of the investigated biological system [49]. Alternatively, distributed models take into account kinetic inhomogeneities, such as concentration gradients within a compartment, by expressing concentrations as a function of spatial location
in addition to time, and may lead to a mathematically more complex, but physiologically
more accurate description of the system [49]. Once the system structure has been defined,
estimation of the parameters can be achieved either by solving the differential equations
describing the dilution system, or by studying the impulse response function of each
compartment by means of deconvolution methods. In both cases, the assumptions of
linearity and time-invariance are implicitly made. These imply that the output given by
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Time to peak (TTP)

Peak enhancement (PE)

Appearance time (AT)

Area under the curve (AUC)

Semi-quantitative parameter

Difference between TTP and AT

Time of PE

Maximum value of the IDC

Time of onset of the IDC

Time-integral of the IDC

Description

Blood flow

Blood flow

Blood volume, injected dose

Blood flow

Blood flow, injected dose

Related to

Table 2.1: Common semi-quantitative parameters used in DCE imaging.

Wash-in time (WIT)

Blood flow

Blood flow, capillary permeability, interstitial volume

Blood flow, capillary permeability, interstitial volume

Gradient of the wash-in

Gradient of the wash-out

to baseline (often extrapolated from fitting)

Time between PE and the time at which the curve returns

Wash-in rate (WIR)

Wash-out time (WOT)

Wash-out rate (WIR)
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the sum of two inputs is equal to the sum of the outputs given by the separate inputs,
and that the parameters of the system are constant during the period of observation [53,
54].
Finally, based on the nature of the model variables, a further distinction can be made
between statistical models, in which one or more variables are stochastic variables, and
deterministic models, in which all the variables can be predicted in any position at any
time [44, 47].
In the following sections, indicator dilution modeling with DCE-US, DCE-MRI, and
DCE-CT are analyzed in detail, describing contrast agent properties, discussing aspects
of signal intensity to tracer concentration conversion, and providing an overview of
the mathematical models available for quantitative analysis of the hemodynamic and
functional features of tumor angiogenesis.
2.1.2

Parameter estimation

One of the most common methods to estimate model parameters is curve fitting. Given
a non-linear mathematical model describing the experimental data, curve fitting is an
iterative procedure aimed at finding the set of model parameters that best fits the data.
This is obtained by minimizing an objective function, often represented by the sum of
squared residuals r(ti ), i.e. the sum of the squared differences between the i-th data
point yi observed at ti , and its corresponding value provided by the mathematical model
f(ti , θ), given a set of parameters θ. Therefore, parameter estimation by least-square
(LSE) curve fitting can be described by the following minimization problem
N
X
b
θ = arg min
(r(ti ))2
Θ

!

N
X
= arg min
(yi − f(ti , θ))2
θ

i=1

!
,

(2.1)

i=1

where N is the number of data points, and the estimated parameters are found as the
b in the parameters’ space Θ that minimizes the sum of squared residuals. Another
set θ
commonly used method for parameter estimation is the maximum likelihood estimation (MLE) method, which finds the best set of parameters b
θ by solving the following
maximization problem
b
θ = arg max L(θ|Cm (t)),
(2.2)
Θ

where L(θ|Cm (t)) is the likelihood function, which is proportional to the probability
p(θ|Cm (t)) of observing the data, given a set of model parameters θ. Although the application of the LSE method is more straightforward, the MLE method is particularly
attractive because of his optimality properties, including:
• sufficiency, i.e., complete information about the parameter of interest is contained
in its ML estimator;
• consistency, i.e., the ML estimator is asymptotically equal to the true parameter
value;
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• efficiency, i.e., the ML estimator achieves asymptotically the lowest variance
among all possible estimators;
• parameter invariance, i.e., the same MLE solution is obtained independent of
the parametrization used.
If the noise samples are normally distributed, independent, and with constant variance
the MLE gives the LSE solution [55, 56].
After fitting a model to the data, the “goodness-of-fit” should be evaluated. The mean
square error is used to assess the quality of an estimator by calculating the average of
the squared residuals as
1 X
(yi − f(ti , θ))2 .
MSE =
N
N

(2.3)

i=1

Another commonly used goodness-of-fit metric is the coefficient of determination R2 ,
defined as
PN
(yi − f(ti , θ))2
2
R = 1 − i=1
,
(2.4)
PN
2
i=1 (yi − y)
where y indicates the mean of the data samples.
The MSE and the coefficient of determination, however, are not suitable to compare
models with a different number of parameters. In general, due to greater degrees of freedom, a model with a larger number of parameters can tune better to the experimental
data, leading to a higher R2 . Nevertheless, it is important to understand whether the
higher R2 is due to a better description of the data, provided by a more complex model,
or to the fact that the model describes random noise instead of the relationship underlying the experimental data. In response, other measures of the relative quality of a model
have been proposed, such, for instance, the Akaike Information Criterion (AIC), which
corrects the objective function with a penalty depending on the number of model parameters. The AIC corrected for small sample size (AICc) can be calculated as [57]
AICc = N ln(obj) + 2K +

2K(K + 1)
,
N−K−1

(2.5)

where N is the number of time samples in the measured IDC, obj is the objective function
defined in (2.1) as the sum of squared residuals, and K is the number of model’s free
parameters.
2.2
2.2.1

intravascular contrast agents
Contrast agent properties and signal calibration

Ultrasound contrast agents (UCAs) are solutions of air-filled or gas-filled elastic microbubbles with mean diameter in the range of 1-7 µm [58–60]. Due to their size, which
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is smaller than red blood cells (6-8 µm), they are suitable for intravenous injection and
they can circulate through the smallest blood vessels, i.e. the capillaries [61, 62]. The
microbubbles do not exhibit extravasation, hence they can be regarded as blood-pool
markers. These features make dynamic contrast-enhanced US (DCE-US) very attractive
for microvascular imaging. Currently, several commercially available ultrasound contrast agents are approved for clinical use in different countries [62, 63]. The non-toxicity
and clinical safety of these agents is today well-established [62, 64], as it has also been
demonstrated through several retrospective studies [65–67].
When a microbubble interacts with the US beam, it resonates at a specific frequency
that is dependent on its diameter. The resonant frequency of bubbles with diameter of
1-7 µm is typically within the frequency range used in US clinical applications (1-10
MHz) [58, 68]. Oscillations of a single non-coated bubble subjected to a varying acoustic pressure are described by the Rayleigh-Plesset equation, later modified to take into
account the effect of viscosity, obtaining a formulation referred to as RPNNP equation
(Rayleigh, Plesset, Noltingk, Neppiras, Poritsky) [69]. This model shows that bubble oscillation is non-linear, with asymmetric expansion and compression fronts that lead to
the formation of US waves at multiples of the fundamental frequency [58, 70]. However,
in the small driving pressure amplitude regime, the bubble behaves as a forced damped
linear oscillator [69]. The radial motion of free bubbles can also be characterized in terms
of variations in the liquid enthalpy, as described by the Gilmore equation [71, 72].
During the years, the limited applicability of the RPNNP model have been expanded,
relaxing assumptions, introducing additional terms or considering other models. A recent development made by Marmottant et al. [70] describes the dynamics of coated bubbles at insonating pressures ranging from small amplitudes, at which the bubbles show a
linear response, to increasing pressure amplitudes, which lead to an original non-linear
response with buckling effects and compression-only behavior, and ultimately to shell
rupture.
When imaging in fundamental mode, the microbubbles act as echo-enhancers because
they are able to increase the echogenicity, that is the ability to reflect an ultrasound
wave, compared to that of blood and adjacent tissues [73]. However, the intensity of
the reflected acoustic wave can be comparable to that of surrounding tissue, especially
in hyperechoic regions and in small blood vessels, where the bubble concentration is
low [59]. Consequently, fundamental imaging does not always show sufficient sensitivity to provide a good contrast-to-tissue signal ratio, and thus several contrast-specific
imaging modalities have been developed, exploiting UCA characteristic properties and
non-linear behavior [59]. These include harmonic and sub-harmonic imaging, harmonic
power Doppler imaging, pulse-inversion imaging and multi-pulse release imaging. A
complete overview of the US imaging modality is beyond the purpose of this chapter.
More detailed information can be found in [59, 60, 74].
During a DCE-US exam, the contrast agent is administered intravenously to the patient, either by constant infusion or as a bolus, and the time evolution of the backscattered acoustic intensity during the passage of the microbubbles in a region of interest is
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acquired by an ultrasound sound transducer. The radiofrequency (RF) signal is then demodulated, compressed and stored in quantized gray-scale or color-coded videos [75, 76].
In order to perform physiological modeling and estimate accurate quantitative hemodynamic parameters, the problem of assessing the relation between the video signal enhancement and bubble concentration arises. This problem is known as calibration and
can be approached in two steps: first assessing the relationship between the UCA concentration and the backscattered acoustic intensity, and then studying how the latter is
converted into video intensity values.
The response of the UCA to a driving acoustic pressure is mainly dependent on the
backscatter coefficient, defined as the scattering cross section per unit-volume, and the
attenuation coefficient. If bubble oscillations are described using the Rayleigh-Plesset
equation [69], assuming low driving pressures (low mechanical index - [MI1 ]) and neglecting interaction forces between bubbles (low contrast concentration), the backscatter
coefficient β is a linear function of the UCA concentration, and the backscattered acoustic intensity I is described by [75]
P
dV ρn tot (f)
dV
I0 ,
(2.6)
I = 2 β(f)I0 = 2
4π
z
z
where I0 is the acoustic intensity insonating the UCA, dV is the volume of insonated
contrast, z is the distance between dV and the transducer, ρn is the number of bubP
bles per unit volume, and tot is the total scattering cross-section. Another aspect to
consider is that the presence of the contrast itself causes additional attenuation of the
backscattered acoustic intensity. The attenuation coefficient is related to three main factors: microbubble decay (which can be neglected for encapsulated shells), diffusion or
scattering of the acoustic energy in multiple direction, and viscous and thermal damping of the ultrasound waves. However, for low UCA concentrations, attenuation effects
can be neglected and the backscattered acoustic intensity can be assumed to be linearly
proportional to UCA concentration as stated by (2.6) [75].
Unfortunately, due to the unknown microbubble size distribution, the backscatter coefficient is usually unknown; therefore for absolute quantification a calibration procedure
is needed. However, linearization of the signal is still possible, provided that all the steps
in the acquisition chain from the received acoustic intensity to the US scanner output
are carefully considered. The first step is the electromechanical conversion (assumed
linear in the range of interest) from acoustic pressure to electrical voltage by the ultrasound transducer. This provides the raw RF voltage signal, which is then demodulated
and converted into a quantized signal typically employing a logarithmic-like compression [75, 76]. Also, gamma compensation for the non-linear relation between luminance
and input voltage, as well as gain and time-gain compensations are usually performed.

1 The mechanical
index (MI) is a unitless number used to measure the acoustic power. It is defined as MI =
√
PNP/ Fc, with PNP and Fc being the peak negative pressure and the center frequency of the ultrasound
wave, respectively.
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By considering all the steps in the conversion path, Rognin et al. [76] obtained a formula
to relate the quantized gray level QL to the amplitude V of the raw RF signal:



LCDR
20dB
V
8
20dB
QL(V) = uint8 (2 − 1)
log10
10
,
(2.7)
LCDR
Vmax
where Vmax is the maximum amplitude of the raw RF data, LCDR is the dynamic range
log-compression, expressed in dB, and uint8 represents the unsigned 8-bit integer quantization typecast operator. Inversion of (2.7) provides the amplitude V, whose squared
value is linearly related to the UCA concentration by (2.6).
If the back conversion is done properly, Rognin et al. [76] showed that is possible to
obtain quantitative parameter estimates from video output data as accurately as with
raw RF data, provided that adequate values for system gain and dynamic range of logcompression are chosen.
2.2.2

Quantitative modeling

Under the hypothesis that the increased microvascular density (MVD) associated with
tumor angiogenesis translates into increased blood supply demands, many investigators
have relied on tissue perfusion quantification as a potential biomarker for tumor angiogenesis [11, 20, 29, 77–81].
The peculiar features of the adopted contrast agent make DCE-US well-suited for perfusion quantification at both the macro- and micro-circulation levels. Thanks to their
size, comparable to that of red blood cells, microbubbles can pass through the entire circulation with no leakage into the tissue (intravascular). Moreover, with the introduction
of new contrast-specific imaging techniques, DCE-US is able to selectively enhance the
microvasculature with unpaired spatial and temporal resolution [11, 58, 82–86]. Perfusion quantification with DCE-US has been investigated with both bolus injection [81, 83,
87] and constant infusion protocols [81, 83, 88–90].
After a bolus administration of an indicator substance in the circulatory system, the
indicator particles travel through the different paths of the circulatory tree and reach a
detection site at different times. The IDC, obtained by measuring the concentration c(t)
of the indicator at the detection point over time, can thus be interpreted as a probability
distribution of the particle transit time through the circulatory system [see Fig. 2.1(a)].
According to the indicator dilution theory, given the dose M of indicator injected, the
blood flow F and volume V between the injection and detection points can be calculated
through Stewart-Hamilton equations as [91]
F = R∞
0

M
M
=
,
AUC
c(t)dt

R∞
tc(t)dt
V = F · R0∞
= F · MTT,
c(t)dt
0

(2.8)

(2.9)
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Figure 2.2: Schematic of a vessel modeled as an infinite-long tube. A bolus of contrast agent is injected
upstream at z = z0 and the concentration of the contrast agent over time is measured
downstream at z = zd .

where AUC is the area under the IDC, and MTT is mean transit time of the indicator
particles through the circulatory system.
Indicator dilution theory can be applied to DCE-US derived IDCs to provide estimates
of blood flow and volume in an ROI. However, the estimates obtained will be valid only
in a relative sense for two main reasons. First, the mass conservation principle, which
is a basic assumption of the indicator theory, cannot be respected in practice because
only a portion of the injected dose of microbubbles will actually reach the investigated
ROI [78, 81]. Second, in DCE-US, the backscattered acoustic intensity rather than the
contrast concentration is measured. However, at the microbubble concentration typically used for bolus injection in clinical practice, the backscattered acoustic intensity
and the bubble concentration are linearly related, as experimentally demonstrated [75,
92, 93]. As a result, (2.8) and (2.9) are still valid in a relative sense, provided that the
remaining underlying assumptions of indicator-dilution theory are met [81, 91, 94]. For
a single-input single-output flow system, these assumptions are represented by system
stationarity, constant volume and flow, instantaneous contrast injection, equivalency of
indicator flow to fluid flow, and absence of recirculation.
In DCE-US, the last assumption is usually not met because the second pass of the indicator hides the down-slope of the IDC. In addition, DCE-US curves are affected by several
noise sources such as speckle noise, backscattered intensity oscillations, acoustic reverberation, and poor contrast mixing [see Fig. 2.1(b)]. As a result, the direct calculation of
parameters such as AUC and MTT from the measured IDC is not reliable.
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To overcome these problems, IDCs are usually fitted to a mathematical model that
filters out the effects of noise and isolates the first pass of the indicator. In this way,
hemodynamic parameters such as AUC and MTT can be calculated from the mathematical model instead of the raw data, leading to more reliable estimates of blood flow and
volume. The models that are most often used to fit IDCs for DEC-US perfusion quantification after a bolus injection are listed in Table 2.2 [81]. In a data-driven modeling
approach, model selection is performed on the basis of the fitting quality only, without
accounting for the local physiological processes generating the data. In a system-driven
modeling approach, the mathematical functions listed in Table 2.2 can be obtained by describing the system between the injection and detection sites as a physiological model.
The lognormal function [see Table 2.2, (2.14)] is the probability distribution of a random variable whose logarithm is normally distributed with mean µ and standard deviation σ. It is the result of the product of a large number of independent random variables,
and it has been extensively used to fit DCE-US curves [81, 95]. The connection between
organ perfusion and the lognormal distribution has been investigated by Qian and Bassingthwaighte [96], who studied the distribution of flow in a network of dichotomous
branching vessels. They showed that asymmetric branching and random variation at
each bifurcating point lead to an asymptotic lognormal distribution of flow. Their work,
together with the demonstration by Arditi et al. [88] that the IDC can be expressed equivalently as transit time probability distribution or as a flow probability distribution, can
be regarded as a physiological justification for the extensive use of the lognormal distribution for IDC fitting.
The gamma-variate function [see Table 2.2, (2.15)] is governed by the parameters α
and β, and it has been shown to fit IDCs with very good agreement [97]. As the parameter α increases, the curve becomes more skewed, while an increase in β leads to
an increase of the up-slope and down-slope rates. A physiological explanation for the
function parameters has been emphasized by Davenport [98] and by Mischi [99], who
described the flow in a blood vessel as a distributed model consisting of a cascade of mixing chambers. Considering a number n of mixing compartments of equal volume V and
flow rate Q, Davenport showed that the concentration in the n-th compartment behaves
as a gamma-variate function with parameters α = n − 1, accounting for the theoretical
number of mixing chamber, and β being the time constant of the compartments, and
given by the ratio of theoretical volume over the flow rate. A physiological interpretation of the gamma-variate function for IDC fitting can also be found by modeling the
bolus kinetic as a convective-dispersive transport process. In its most general form, the
transport of an indicator in a single vessel can be described as [100]
∂c(p, t)
∇J(p, t) + R(p, t) =
∂t 

= −∇ v(p, t)c(p, t) − D(p)∇c(p, t) + R(p, t),

(2.10)

where c(p, t) is the concentration of the indicator at time t and position p(x, y, x),
R(p, t) is the net rate of production of the indicator, J(p, t) is the total flux of the in-
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dicator, which is equal to the sum of a convective term and a diffusion term, v(p) is the
indicator velocity, and D(p) is the indicator diffusion coefficient. In general, diffusion is
due to the Brownian motion of the contrast molecules driven by heat and concentration
gradients. This phenomenon is often referred to as molecular diffusion. However, in the
presence of convection through a microvascular network, diffusion is mainly determined
by fluid-dynamic effects, such as flow profile in larger vessels and the multipath trajectories across the microvascular bed. The combined action of convection and molecular
diffusion was addressed by Taylor [36] as apparent dispersion.
Setting R(p, t) equal to zero, and simplifying (2.10) in one dimension (discarding the
effects of radial diffusion), lead to the mono-dimensional diffusion with drift equation,
which describes the indicator transport as a dispersion process superimposed on a linear
drift


∂c(z, t)
∂
∂c(z, t)
∂c(z, t)
=
D
−v
.
(2.11)
∂t
∂z
∂z
∂z
Harpen et al. [101] obtained (2.11) for a vessel of cross-sectional area A and flow rate
Q, by spatially averaging the rate of change of c(z, t) over a vessel characteristic length
∆z and expanding C(z − ∆z, t) into a Taylor series about z [see Fig. 2.2]. They solved the
resulting equation for the fast injection of an indicator at z, t = 0, assuming an average
velocity v = Q/A, and the dispersion coefficient (D = ∆zQ/2A) to be independent
of the position along the vessel, and resulting from a number of factors including longitudinal diffusion, radial diffusion in the presence of laminar flow, and turbulence. The
solution is a gamma-variate of the form
t

C(t) = const · ta e− β ,

(2.12)

with parameters α =∆zv/4D, and β = 4D/v2 .
The Local Density Random Walk (LDRW) model [see Table 2.2, (2.16)] and the First
Time Passage (FTP) model [see Table 2.2, (2.17)] are also possible solutions of the diffusion with the drift equation [(2.11)]. Because of their excellent fit and physiological
interpretation, they have been extensively used to model DCE-US derived IDCs [81, 97,
102–106]. They describe the injection of an indicator into a straight infinitely-long tube
of cross-sectional area A, where a fluid flows with a constant velocity v [see Fig. 2.2]. The
LDRW solution was first introduced by Sheppard and Savage [107] using a stochastic approach. They assumed a random walk of the indicator particles due to Brownian motion,
which interact only by elastic collisions. Due to the random walk hypothesis, each step
is independent from the previous one, and the transport of the indicator particles can
be regarded as a Wiener process [108]. The boundary conditions are represented by an
initial concentration at the injection point which is represented by a delta function of
amplitude equal to the injected dose M divided by the area A (fast injection), and by the
mass conservation principle. Equivalent formulations of the LDRW equation were found
by Norwich et Zelin [105] and by Wise [109]. The former solved (2.11) with no particular
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boundary conditions at the outlet, and obtained a Gaussian distribution that translates
in space at fluid velocity, and whose variance increases linearly in time, as expressed by
(z−vt)2
M
C(z, t) = √
e− 4Dt .
4πDA2 t

(2.13)

Table 2.2: Summary of the main mathematical models available for IDC fitting of DCE-US data.

Model

Equation
AUC (ln(t̂)−µ)
e 2σ2
C(t̂) = √
2πσt̂

Lognormal

Gamma variate

LDRW

FTP

Estimate of MTT
2

(2.14) MTT = eµ+

σ2
2

t̂
AUC
α β
t̂
e
MTT = β(α + 1)
β(α+1) Γ (α + 1)
(2.15)
r


eλ λµ − λ2 µt̂ + µt̂
MTT = µ
e
C(t̂) = AUC
µ 2πt̂
(2.16)
r


λµ − λ2 µt̂ + µt̂
eλ
MTT = µ
C(t̂) = AUC
e
µ 2πt̂3
(2.17)

Lagged normal
(first-order)

C(t̂) =

AUC
C(
 t̂) = 2 K[1 + erf(L)],



 K = λ exp −λt + λµ + 1 λ2 σ2 MTT = µ + λ1
2



 L=

t−µ−λσ2
1/2
(2σ2 )

(2.18)
• t̂ = t − t0 , with t0 time needed for the contrast to reach the ROI
R∞
• Γ (α + 1) = 0 xα e−x dx, gamma operator
• µ, σ, α, β, γ, model-dependent parameters
• erf(), error function

Wise [109] used a random walk approach to obtain a model governed by the parameters µ which represents the MTT, and λ which is responsible for the skewness of the
curve [see Table 2.2, (2.16)]. Bogaard et al. [102] underlined the analogy between these
two formulations, by setting AUC = M/vA and λ = vL/2D, where L represents the distance between detection and injection points. They also emphasized the relationship of
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the skewness parameter λ with the Peclet number (Pe), which is a dimensionless number
that relates the relative contributions of convection and diffusion in a dilution process.
This relationship is given by Pe = 2λ = µL/D, and suggests that for high diffusion
values the resulting curve is more symmetric and less skewed.
The only difference between the FTP and the LDRW models resides in the boundary
condition at the outlet. The FTP model [see Table 2.2, (2.17)] assumes the presence of
a virtual absorbing barrier at the outlet, so that a microbubble traversing the detection
site is immediately destroyed, while the LDRW model allows for multiple passages of
the indicator through the detection site. As a consequence, in the FTP model, as in every
model in which multiple passages are not contemplated, the mean transit time is equivalent to the mean residence time (MRT), and both equal to µ. Differently, in the LDRW
model the MRT is longer than the MTT and given by µ(1 + 1/λ). Therefore, the MRT
exceeds the MTT by a quantity µ/λ = 2D/v2 , suggesting that large diffusion constants
lead to multiple passages through the detection site [87].
The lagged normal function was first proposed by Bassingthwaighte et al. [110] to
model the transport of blood from a larger artery into a microvascular bed. In general,
the large artery is modeled as a Gaussian function representing the dispersion of the indicator transit times, and the microvascular bed as a series of well-mixed compartments,
described by exponential functions. The resulting function is thus obtained as a convolution between a Gaussian density function with a number of exponentials, defined by
the order of the lagged-normal [111]. For the first-order lagged normal function [see
Table 2.2, (2.18)], the MTT is given by µ + 1/λ, which is the sum of the MTTs of the
Gaussian and exponential functions, respectively.
Alternative to the bolus injection, perfusion quantification with DCE-US can
be accomplished with a constant infusion protocol, by applying the destructionreplenishment technique. According to this method, a high MI pulse is used to destroy
the microbubbles within an ROI, and the subsequent replenishment by inflowing
microbubbles is observed in real-time at low MI [see Fig. 2.3]. Fitting the replenishment
kinetic to a proper mathematical model allows estimating blood volume and mean blood
velocity within the ROI, from which blood flow can be calculated. The replenishment
curve can also be obtained by intermittent imaging using multiple high MI bursts,
whereby the frame rate of the US scanner is varied to sample the reperfusion curve at
different time instants [112].
Wei et al. [90] were the first to apply the destruction-replenishment method for quantification of myocardial blood flow. They fitted the replenishment curve to a model represented by a mono-exponential function of the form


y(t) = A 1 − e−βt ,
(2.19)
and related the parameter A to the blood volume, and β to the blood velocity [71].
Blood flow is then represented by their product. The model is simple and straightforward, and it has been extensively used for perfusion measurements with the destructionreplenishment technique [80, 113]. However, the model does not consider the US beam

24

Figure 2.3: Reperfusion curve: after the application of an high pressure pulse, which destroys all
the microbubbles whithin the ROI (C(t) = 0), the microbubbles refill the ROI, and the
concentration rises monotonically until the replenishment plateau is reached.

diffraction properties in the ROI, and thus it is operator and equipment dependent. In
response, many authors have proposed alternative models to take into account vascular
morphology and beam characteristics. Krix et al. [112] pointed out the existence of multiple vessels with different flow rates and entry angles within the imaging plane, and
proposed a piece-wise model that separates a linear and a non-linear component. To explain the sigmoidal rather than mono-exponential shape of the refill curve, Lucidarme et
al. [114] highlighted the importance of the width of the destruction zone that is generally
larger than the observed ROI, causing a delay in the replenishment due to the destruction of microbubbles in the feeding vessels. As explained by Potdevin et al. [115], beside
the difference between the destruction-zone and read-out zone, which changes within
the beam elevation plane, and the distribution of velocities within the ROI, the replenishment curve is also influenced by the ultrasound beam point spread function (PSF).
Recognizing all these factors, Arditi et al. [88] proposed a formalism that describes the
replenishment function S(t) in a single vessels as:


KT
S(t) = A perf 1.94 (t − τ) ,
(2.20)
2τ
where A represents the estimated blood volume, K is the transmit-receiver parameter, T
is the width of the destruction zone, τ is the time needed to replenish half of the bubble
destruction zone, and perf(q) = 0.5(1 + erf(q)), where erf is the error function. The
extension to multiple flow values is obtained by averaging the replenishment function

25

of a single-vessel, over the distribution of transit times PD(τ) resulting from a vascular
tree


Z∞
KT
S(t) = A
PD(τ)perf 1.94 (t − τ) dτ.
(2.21)
2τ
0
They considered the use of a lognormal probability density function of transit times as
the most indicated in many physiological tissues, but they also suggested that perfusion
in some tissues may be better represented by other distributions, e.g., referring to the
ones shown in Table 2.2.
An alternative model was proposed by Hudson et al. [89], who separated the effects
of the ultrasound beam parameters from the flow specific parameters, representing the
replenishment function as a flow function F(x, y, z, t) weighted by a beam function
B(x, y, z) over the imaging volume as
Z
(2.22)
S(t) = B(x, y, z)F(x, y, z, t)dV.
V

To calculate the flow function in a vascular network, they suggested that a group
of multiple vessels with different flow rates can be represented by a single vessel that
has a cross-sectional area A equal to the sum of the single vessel areas, and a unique
velocity profile v obtained by weighting the individual vessel velocities. Based on the
above-mentioned model by Qian and Bassingthwaighte [96], they assume this velocity
profile to be lognormally distributed and expressed the flow function as


A
ln(v) − µf
√
F(z, t) = erf
,
(2.23)
2
σf 2
where µf and σf are the mean and standard deviation of the variable ln(v), respectively.
To account for the difference between the destruction and imaging zones, and for the
depth-dependent ultrasound beam pressure in the imaging plane, they expressed the
beam function as


2BS(y) + BW(y) Y
2z
2
−
(y, z),
(2.24)
B(y, z) = sinc
BW(y)
BW(y)
where BW(y) is the field elevation beam profile, BS(y) accounts for the separation zone
Q
between the detection and disruption boundaries, and
(y, z), is a band-pass filter
2
that truncates the main lobe of the sinc function. In addition, they proposed a possible method to separate the contribution to the total flow of small and large blood vessels,
based on the observation that the early part of the replenishment is mainly dominated
by large vessels and fast flow velocities, while smaller vessels mainly contribute later in
time [116].
Although many models and protocols for perfusion quantification at the macro- and
micro-vascular level are available, the complexity and heterogeneity of the angiogenic
tumor vasculature raises some doubts on the reliability of perfusion to characterize tumor angiogenesis. High perfusion could result from the lack of vasomotor control and
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from the presence of arterio-venous shunts, but, on the other hand, the tortuosity, irregularity, and increased interstitial pressure could lead to a decreased blood flow [7, 18, 19].
Moreover, tumor vascularity is often heterogeneous with a usually low-perfused necrotic
center surrounded by a highly perfused periphery [20, 82]; it has also been shown that
the percentage of perfused vessels in a tumor can vary between 20 and 85% [117]. These
observations are supported by the work of Karshafian et al. [118] and Kuenen et al. [92].
The former developed two fractal vascular models, one representing the kidney normal
vasculature, and the other representing the tumor-like chaotic vasculature. These models
are generated through a fractal branching algorithm, in which the degree of disorder can
be controlled by changing the permissible variability range of the branching parameters.
Interestingly, the simulation of the tracer kinetic in the two vascular models, under the
same condition of flow and volume, showed reperfusion curves with same initial slope
and plateau, corresponding to the same flow and volume estimates, but different curve
shapes, with a slower rise in the case of the tumor-like vascular model. Accordingly, the
shape of transit time distributions was also different, with a much wider distribution in
the tumor-like case. Their work demonstrated that perfusion quantification is not able
to recognize differences in the tracer kinetic resulting from different vascular architectures, and, although without providing a specific method, suggested that the vascular
morphology could be assessed based on the shape of the transit-time distribution curve.
Although with different results, Kuenen et al [92]. also suggested that perfusion may
not be able to characterize changes in the microvasculature, which may be better reflected by dispersion characteristics. In response, they developed a novel method for the
assessment of the microvasculature architecture, based on the analysis of the dispersion
kinetic of an indicator bolus. The method is based on the modified local density random walk model (mLDRW), which is a solution of the convective-dispersion equation
[(2.11)]. This solution is obtained from the classic LDRW considering a short segment
∆z of the infinitely long tube [see Fig. 2.2] and replacing the initial boundary condition
of fast bolus injection with a local boundary condition. Specifically, the assumptions are
that (1) the spatial contrast concentration at time t1 just before the passage at the detection site zd is Gaussian distributed with mean z1 = zd − ∆z, and variance σ(t1 ); (2)
the hemodynamic parameters are locally constant, i.e., D(z) = Dl and v(z) = vl for
z1 − ∆z 6 z 6 zd . By making these assumptions and with a different parameterization,
the dilution process is characterized locally at a specific detection site as
r
κ − κ (t−µ)2
e 2t
.
(2.25)
C(t) = AUC
2π(t)
The new parameterization defines a local dispersion-related parameter κ, which is
given by κ = λ/µ = v2l /2Dl , and that can be interpreted as the local ratio between
convective time and squared dispersion time. As shown in Fig. 2.4, high local dispersion,
hence low values of κ, results in wider spreading of the IDC, while low values of local
dispersion, which may be expected in irregular and tortuous angiogenic vessels, yield a
more symmetric curve. Differently from the LDRW, this new model gives a characterization of the shape of the IDC at a specific detection site independent of bolus history and
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Figure 2.4: IDC obtained by simulating the mLDRW model for different values of κ, and µ = 25 s.
Taken from [92].

of the distance between injection and detection points, which in practice are not known.
The local degree of dispersion can also be characterized with a full spatio-temporal approach, by looking at the shape similarity of neighboring IDCs [18, 119].
To summarize, several models for the assessment of tumor angiogenesis with DCE-US
have been developed. Angiogenesis has been addressed by estimating perfusion-related
parameters from mathematical models describing the indicator dilution process, for both
UCA bolus injection and constant infusion protocols. Alternatively, angiogenesis can
be characterized by other hemodynamic parameters, e.g. dispersion, which take into
account the influence of the vasculature architecture on the dilution process.
2.3
2.3.1

extravascular contrast agents
Contrast agent properties and calibration

Dynamic Contrast Enhanced Computed Tomography (DCE-CT)
In CT imaging the signal is given by the differences in attenuation coefficients that various tissues exhibit. After image reconstruction, each pixel gives CT density defined
as [53]:
µT − µH2 O
CT = 1000
,
(2.26)
µH2 O
where CT is measured in Hounsfield, and µT and µH2 O are the linear attenuation coefficients of tissue and water, respectively. Current DCE-CT contrast media are obtained
from a tri-iodinated benzene ring and differ for their chemical and physical properties,
including chemical structures, osmolarity, iodine content, and ionization solution. The

28

first to be introduced were the high osmolarity ionic contrast media (HOCM), which
have a ratio 1.5 ionic compound with a sodium concentration similar to blood and a pH
between 6 and 7. In order to reduce the hypertonicity side effects, ratio 3 low-osmolarity
ionic and non-ionic contrast media (LOCM) were later introduced, and more recently, a
new class of isomolar contrast medium (IOCM) (ratio 6 non-ionic dimmer) became available on the market [120]. Due to their lower toxicity and lower incidence of adverse
side effects, the most commonly used CT contrast agents are non-ionic low-osmolar
iodinated agents [121]. Following intravenous injection, the contrast agent distributes
between the vascular and the extravascular spaces. There is a negligible intracellular uptake, and excretion is via glomerular filtration [12]. Because of their high atomic number,
the contrast media act as radio-opaque elements, causing CT X-ray beam absorption and
thus increasing the total attenuation coefficient. After administration, the total attenuation coefficient of a voxel is dependent on the tracer concentration as follows [53]:
µT = µT ,0 + µCA (t) = µT ,0 + kC(t),

(2.27)

where µT ,0 is the tissue attenuation coefficient before tracer administration and µCA (t)
is the contribution to the attenuation coefficient due to the presence of the contrast
medium, which is directly proportional to the concentration of the tracer in the tissue.
Thus, the conversion from signal intensity to tissue tracer concentration is straightforward, and can be derived as
CTT (t) − CT0 = kC(t).

(2.28)

Dynamic Contrast Enhanced Magnetic Resonance Imaging (DCE-MRI)
DCE-MRI signal conversion is more complicated as several phenomena contribute to the
acquired signal. In general, contrast in MR images depends on proton spin density, and
on longitudinal (T1) and transverse (T2 and T2*) relaxation times [53, 122]. MRI contrast
agents can be either paramagnetic, super-paramagnetic, or ferromagnetic, and generally
act by changing the relaxation times of water protons through the interaction with the
outer shell electrons of the magnetic compound within the tracer. The ability to shorten
T1 and T2 relaxation times is described by the relaxivities R1 and R2, respectively. The
ratio between R1 and R2 distinguishes between positive contrast agents, which have a
high R1 and low R2 and hence produce positive enhancement in T1-weighted images,
and negative contrast agents, which have a larger R2 and produce negative enhancement
on T2-weighted images [122, 123]. The most commonly used MRI contrast media in radiology are positive paramagnetic agents, made of small molecular weight compounds
that distribute nonspecifically in the blood plasma and extravascular extracellular space
of the body after administration. The metal ion Gd3+ exhibits interesting magnetic properties, represented by seven unpaired electrons in the outer shell and a slow electronic
relaxation time. The toxicity of this heavy metal can be reduced by combining it with
chelating molecules to increase the hidrophilicity, leading to a rapid excretion through
the kidneys with an elimination half-life of about 15-120 min [124, 125]. These properties
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make gadolinium chelates the preferred contrast agents for MRI. The first CA approved
for clinical MRI applications in humans was the anionic gadolinium diethylenetriaminepentaacetate complex, Gd-DTPA, which is now routinely used for contrast MRI in clinical practice [15, 121].
When a gadolinium-based MRI contrast agent is injected into a vein, the short distance
dipole-dipole interactions cause a decrease in the T1 relaxation rate, which results in
signal enhancement in T1-weighted images. At the same time, the susceptibility-induced
gradients surrounding the contrast agent cause a signal dephasing that leads to a T2*
shortening, resulting in signal loss [125]. Depending on whether a T1-weighted or a
T2*-weighted sequence is employed, the two most routinely used clinical approaches
in DCE-MRI are referred to as relaxivity based or susceptibility based, respectively [6].
Both techniques measure the influence that the same contrast agent has on the relaxation
times. However, the two methods are based on inherently different effects and they are
therefore able to highlight hemodynamic features at different levels.
T2*-shortening is a “long-range” effect that may extend several millimeters beyond
the physical effect of the contrast agent [6, 126]. Moreover, it dominates in areas where
the contrast agent is retained within the vasculature because of the increased induced
gradients resulting from compartmentalization. These effects make T2*-weighting more
sensitive to large blood vessels and prone to errors in case of marked capillary leakage [6, 126, 127]. As a result, the susceptibility based method, also known as dynamic
susceptibility contrast MRI (DSC-MRI), is mostly used to measure organ-level hemodynamic features in tissues where the contrast agent remains intravascular. One common
application is the assessment of perfusion and blood volume in the brain, where intact
blood-brain barriers (BBB) prevent the agent from leaking into the brain tissue [6, 11].
Conversely, if the contrast agent leaks into the extravascular space, due to a more homogeneous distribution of the contrast, the susceptibility induced gradients are reduced
and the short-range relaxivity effects become more dominant [6, 128]. T1-weighted imaging is very sensitive to the low concentrations of Gd-DTPA that permeate through capillary walls and it is thus preferred for imaging features of tumor angiogenesis such
as permeability and leakage space [53]. For the above reasons, this chapter focuses on
Gd-DTPA based T1-weighted DCE-MRI.
At tracer concentrations routinely used in clinical practice (0.1-0.2 mmol/kg body
weight) a linear relationship between T1 shortening and tracer tissue concentration can
be derived as follows [122, 128]:
1
1
=
+ r1 CT ,
T1
T10

(2.29)

where T1 and T10 are the longitudinal relaxation times before and after contrast injection respectively, r1 is the contrast spin-lattice relaxivity constant, and CT is the tissue tracer concentration. To acquire the T1-weighted images, spoiled gradient echo se-
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quences (FLASH) are typically used [15, 126, 129, 130]. The resulting signal intensity is
described as
sin α (1 − exp(−TR/T1 ))
S=G
exp(−TE/T 2∗ ),
(2.30)
(1 − cos α exp(−TR/T1 ))
where α is the flip angle, TR is the repetition time, TE is the echo-time, and G is a constant which depends on proton density, and machine settings. Equation (2.30) shows the
dependency on T2* relaxation time. By using sequences with very short TE, the influence of T2* changes on the total signal intensity becomes negligible [53, 125, 128, 130,
131], while the most commonly used strategy to overcome the dependence on machine
settings is to relate the signal intensity post-contrast to the signal intensity pre-contrast,
so as to obtain [37, 128]
SGd (t) − S0
≈ r1 T10 CT (t),
(2.31)
S0
where S0 and SGd are the signal intensities before and after contrast injection, respectively. Equation (2.31) provides the conversion from signal intensity to contrast concentration, provided that the contrast spin-lattice relaxivity constant (r1 ) is known, and the
tissue longitudinal relaxation time T10 before contrast injection has been measured. The
appropriate r1 value for each specific contrast agent and magnetic field strength can be
found in the literature [132], while the native tissue T10 can be measured with a dedicated
MRI sequence (e.g., saturation recovery, inversion recovery, spoiled gradient echo) [133,
134] prior to the acquisition of the dynamic series.
Since the kinetic behavior of CT and MRI contrast agents is equivalent, once a proper
conversion from signal intensity to tissue tracer concentration has been performed
[(2.28), (2.31)], the analysis becomes independent of the adopted imaging modality and
the same mathematical models are typically applied to the obtained concentration-time
curves (CTCs) [53, 135].
2.3.2

Quantitative modeling

The exchange of an extravascular extracellular contrast agents between blood plasma
and tissue can be represented schematically as in Fig. 2.5.
The contrast agent is carried by the blood plasma from the injection site into the capillary bed, where it crosses the vascular endothelium and distributes into the interstitium.
Then, it leaks back into the capillaries and it is cleared out by the venous circulation. The
application of the principles of tracer-kinetic theory to such a system enables the assessment of well-defined physiological parameters related to tissue perfusion, permeability,
cellularity, and vascularity. To this end, CTCs measured with DCE-MRI and DCE-CT
are fitted by suitable pharmacokinetic models, able to describe the vascular-interstitium
contrast exchange. This is mainly dependent on four parameters:
• The plasma flow Fp (ml/min/100 ml), which quantifies the volume of plasma flowing into the vessels per unit of time and of tissue volume.
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Figure 2.5: Schematic of the vascular-interstitial contrast agent exchange. The contrast agent is carried by the blood plasma with flow Fp and it exchanges with the interstitium at a rate
PS. Finally it is reabsorbed in the capillaries at the same rate PS, and cleared out by
venous circulation.

• The permeability-surface area product PS (1/min), which quantifies the rate at
which the indicator travels from the plasma to the interstitium.
• The fractional plasma volume vp = Vp /VT , the ratio between the plasma volume
Vp and total tissue volume VT .
• The fractional extravascular volume ve = Ve /VT , the ratio between the volume of
the extravascular extracellular space Ve and the total tissue volume VT .
From these, other commonly derived parameters are:
• The mean transit time T (s), which can be derived from the central volume theorem given in (2.14), setting V = vp + ve and F = Fp . The extracellular mean
transit time Te can also be derived in the same way by setting V = ve . On the
contrary, the estimation of the plasma mean transit time Tp is, in principle, not as
straightforward because, due to the double inlet (arterial and trans-endothelial),
the central volume theorem cannot be directly applied.
• The extraction fraction E, which quantifies the percentage of indicator particles that are extracted into the tissue, and it can be calculated from the
Renkin-Crone [136] relationship as
E = 1 − e−PS/Fp .

(2.32)

• The volume transfer constant Ktrans (1/min), which expresses the rate at which
the indicator particles cross the vascular endothelium and it can be derived as the
product between the plasma flow Fp and the extraction fraction E as


trans
−PS/Fp
K
= Fp 1 − e
.
(2.33)
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In general, Ktrans reflects both permeability and perfusion. However, in the boundary regime of very high flow (permeability-limited condition), Ktrans is purely
permeability weighted, while in case of very high PS (flow-limited condition), it
mainly reflects the flow.
• The rate constant between the intravascular and extravascular spaces kep (1/min),
which is given by Ktrans divided by ve .
According to Zierler [137], in a system with a single inlet and a single outlet, in which
the indicator is introduced at a peripheral site, the output o(t) is given by the convolution of the input i(t) with a tissue-specific response function r(t), represented by the
probability density function of transit times through the system, as
o(t) = i(t) ∗ r(t).

(2.34)

In this context, typical inputs and outputs are represented by masses, concentrations,
and flows. Based on this, the mass Mt (t) of indicator which is still in the system at time
t can be calculated as the convolution of the input curve (arterial plasma concentration
Ca (t) multiplied by the plasma flow Fp ) with the tissue residue function R(t) as [138]
Mt (t) = Fp Ca (t) ∗ R(t),

(2.35)

Zt

where
R(t) = 1 −

r(τ)dτ.

(2.36)

0

Dividing (2.37) by the total volume VT , we can express it in terms of measured concentration Ct (t) as
Ct (t) =

Fp
Ca (t) ∗ R(t) = Ca (t) ∗ H(t),
VT

(2.37)

where H(t) is the tissue impulse response function.
While H(t) or R(t) are typically found as analytical solutions of suitable pharmacokinetic models, the arterial concentration Ca (t), commonly referred to as arterial input
function (AIF), is usually estimated or measured separately. When a feeding artery is
visible in the imaging plane, the AIF is measured from the DCE series, and possibly fitted by a model-based function to deal with low SNR and constrain it to a physiologically
realistic input function [139]. However, a suitable artery is not always present in the
imaging plane. Moreover, the temporal resolution may be too low to capture the fast
AIF dynamics, and saturation problems can arise due to the high contrast concentration
in the feeding artery. In these cases, possible remedies are to use an analytical form of
the AIF from the literature [37, 140], or to use a population averaged AIF [141–143].
In the following, several mathematical models commonly used to describe the
vascular-interstitium contrast exchange are presented. They differ in the way in which
the two exchanging regions are represented, in the assumptions and approximations
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Figure 2.6: Schematics of (a) DP model, (b) TH model, (c) AATH model, (d) 2CXM model.

made, and in the parameters that they are able to estimate. Based on the wider applications they have found, in this chapter we limit the discussion to those models which
assume that (i) the interstitium exchanges only with the blood plasma (no lymphatic
drainage is considered), (ii) the capillary permeability is the same in both directions,
and (iii) the diffusion of the contrast agent within the interstitium is negligible.
In general, the total concentration in a voxel of tissue can be described as a weighted
sum of the intravascular and extravascular concentration as
Ct (t) = vp Cp (t) + ve Ce (t),

(2.38)

where Cp (t) and Ce (t) are the tissue plasma and extravascular concentrations, respectively. The law of mass conservation, which states that no contrast agent is accumulated
in the system, must also be satisfied:
dCt (t)
= Fp Cp (t) − Fp Cv (t),
dt

(2.39)

where Cv (t) is the venous concentration.
In the distributed parameter (DP) model [141, 144–146] [see Fig. 2.6(a)], the intravascular space is represented as a plug-flow system, which describes blood vessels as a tube
of length L divided into small sectors of length dx. The position along the tube is a function of x, with arterial inlet at x = 0 and venous outlet at x = L. The flow Fp and the
permeability-surface area product PS are equal in each sector and thus independent of
x. The extravascular space is represented as a distributed system composed of infinitesimal compartments which exchange with the closest capillary at a rate PS, but do not
exchange with each other [see Fig. 2.6(a)]. The differential equations representing this
model are
vp

∂Cp
∂Cp
(x, t) = −Fp L
(x, t) − PSCp (x, t) + PSCe (x, t),
∂t
∂x

(2.40)

∂Ce
(x, t) = PSCp (x, t) − PSCe (x, t).
(2.41)
∂t
Solving (2.40) and (2.41) with boundary conditions Cp (x = 0, t) = δ(t), Cp (x >
0, t = 0) = 0, Ce (x, t = 0) = 0, Ce (x = 0, t) = 0, yields for R(t):
ve

R(t) = R1 (t) + R2 (t − Tp ),
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(2.42)

with R1 (t) representing the vascular transit phase described by
R1 (t) = u(t) − u(t − Tp ),

(2.43)

and R2 (t) representing the parenchyma back-flux phase described by




PS
R2 (t) = u(t) 1 − exp −
·
Fp
"
s

Zt
PS PS 1
PS
·
· · I1
1 + exp − τ
ve
ve Fp τ
0

s
2

PS PS
·
τ
ve Fp

!

#

(2.44)

dτ ,

where u(t) represents the Heaviside unit step function, Tp the vascular transit time given
by Tp = vp /Fp , and I1 the modified Bessel function.
The tissue homogeneity (TH) model [see Fig. 2.6(b)] was first described by Johnson
and Wilson [147] and later applied for analysis of indicator transport in the brain by
Sawada et al. [148]. In this model, the intravascular space is still represented as a plugflow system, while the extravascular space is described as a well-mixed compartment.
Equation (2.40) is thus modified as
ve

dCe
(t) = PSCp (t) − PSCe (t).
dt

(2.45)

Although model fitting can be obtained in the Laplace domain [147], the lack of an
analytical solution in the time domain has limited the application of this model.
In response, Lawrence and Lee [138] developed the adiabatic approximation to TH
(AATH) model [see Fig. 2.6(c)], which is based upon the observation that the dynamics
in the intravascular space are much faster compared to those in the extravascular space,
and thus the slow event can be considered constant during the fast event. Similarly to the
TH model, the AATH model describes the intravascular space as a plug-flow system and
the extravascular space as a well-mixed compartment, but further assumes the vascularinterstitial exchange to take place only at the venous end (x = L) [see Fig. 2.6(c)]. The
resulting partial differential equation are [141]
vp

∂Cp
∂Cp
(x, t) = −Fp L
(x, t),
∂t
∂x

∂Ce
(t) = PSCp (L, t) − PSCe (L, t).
∂t
The analytical solution of (2.46) and (2.47) yields for H(t) [149]


Fp
for 0 6 t 6 Tp
H(t) =
,
PS
 PSe− ve (t−Tp ) for t > T
ve

(2.46)
(2.47)

(2.48)

p

where Tp = vp /Fp .
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A further simplification of the intravascular space as a well-mixed compartment leads
to the 2-compartments exchange (2CXM) model [see Fig. 2.6(d)], for which mass conservation in the plasma space and interstitium leads to
vp

dCp (t)
= Fp Ca (t) − Fp Cp (t) + PSCe (t) − PSCp (t),
dt

(2.49)

dCe (t)
= PSCp (t) − PSCe (t).
(2.50)
dt
These equations were first proposed by Morales and Smith [150] and reviewed by
Kety [151] in the context of blood-tissue exchange of inert gasses, and later introduced by
Brix et al. for assessment of the microvasculature in DCE-CT [152] and DCE-MRI [153]
by numeric integration of equation (2.49) and (2.50) with the Kutta-Merson method. An
analytical solution for the impulse residue function R(t) of the model is provided in [49,
154] as
R(t) = A exp(−αt) + (1 − A) exp(−βt),
(2.51)
ve

where the variables A, α, and β are related to the physiological parameters Fp , PS, vp ,
and ve by the following relationships
Fp
PS
αβ
= A(α − β) + β;
=
;
vp
vp
A(α − β) + β
PS
αβ
= α+β−
.
ve
A(α − β) + β

(2.52)

The four-parameter models presented above are able to provide a separate estimation of
Fp , PS, ve , and vp . However, the reliability of the estimation depends on several factors
including acquisition settings (time resolution, acquisition window, signal-to-noise ratio
- SNR) [155–157], and tissue hemodynamic status. For instance, in boundary regimes
such as weakly vascularized tissue (vp ≈ 0), highly vascularized tissue (ve ≈ 0), highly
perfused tissue (Fp ≈ ∞), negligible indicator exchange (PS ≈ 0), and fast indicator
exchange (PS ≈ ∞), some of the parameters remain undetermined [141, 146]. While
the acquisition settings are known, usually no or limited a priori knowledge is available
on the tissue hemodynamic conditions, and the reliability of the estimated parameters
remains unknown.
Historically, simpler three- or two-parameter models have found widespread use in
clinical practice. Although their preferred use was mostly dictated by the limitations
in signal quality, and spatio-temporal resolution of the DCE acquisitions, which made
the estimation of four free parameters challenging, these simpler models can be seen as
particular solutions of the more general four-parameter models in one of the boundary
regimes.
The model which has found the most widespread use in clinical practice is the extended Tofts model (eTM) [158], which can be derived either from the DP, TH, AATH, or
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2XCM models by considering the boundary regime of highly perfused tissue, for which
Fp ≈ ∞. In this case, the solution takes the form:
Ct (t) = vp Cp (t) + Ktrans e−K

trans /v

et

∗ Ca (t).

(2.53)

This model allows for the separate estimation of Ktrans , vp , and ve . Due to the infinite
flow assumption, the intravascular concentration can be considered equal to the arterial
concentration (Cp (t) ≡ Ca (t)), and Ktrans is equivalent to PS.
The eTM is a an expansion of a simpler model, independently published by Tofts and
Kermode [140], Larsson et al. [159], and Brix et al. [160], which became known as Tofts
model (TM), owing a consensus paper of 1999 [161]. In the TM, the further assumptions of negligible capillary contribution to the total tissue concentration is made. This
is equivalent to setting vp = 0 in (2.53), leading to
Ct (t) = Ktrans e−K

trans /v

et

∗ Ca (t).

(2.54)

Here, only Ktrans and ve can be estimated separately, while the estimation of vp is
no longer possible. These models have proven useful in a number of clinical applications [162–166]. However, care must be taken when applying the eTM and TM, especially
when no prior knowledge about the tissue hemodynamic status is available [145, 156].
In fact, it was shown that the TM provides accurate estimates only for weakly vascularized tissue, while the eTM is applicable only in case of weakly vascularized or highly
perfused tissue. In general, the estimated Ktrans reflects both permeability and perfusion, unless in the high perfusion regime, in which it is purely permeability weighted.
Outside of these two boundary regimes, although they may fit the data, the eTM and
TM are not suitable for the pharmacokinetic analysis of DCE curves and may lead to
misinterpretation of the results [145].
The case of negligible concentration of the contrast agent in the interstitium (Ce 
Cp ), which can occur due to a small PS or to large ve , leads to the so called uptake models.
These models assume a negligible back-flux of the contrast agent from the interstitium
to the plasma space, which can be incorporated into the 2XCM and TH models by setting
PS · Ce (t) = 0, into the AATH model by setting PS · Ce (L, t) = 0, and into the DP model
by setting PS · Ce (x, t) = 0. In all cases the parameters Fp , PS and vp can be derived,
while the separate estimation of ve is no longer possible. These models are mainly applicable in case of negligible extravasation of the contrast agent in the interstitium, such as
in the case of intact BBB [167, 168] or trapping of the contrast particles [169], or when
the acquisition window is not long enough to observe the contrast washout [141]. A particular case of uptake-model is the Patlak model [167], in which the further assumption
of highly perfused tissue (Fp ≈ ∞) is made. This produces the following solution:
Ct (t) = vp Cp (t) + Ktrans ∗ Ca (t).

(2.55)

Due to the assumptions of infinite flow, the intravascular concentration can be considered equal to the arterial concentration (Cp (t) ≡ Ca (t)), and Ktrans is equivalent to PS.
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This model provides a separate estimation of vp and Ktrans , and it is particularly attractive because it can be linearized by defining two new variables X(t) and Y(t) as [17]
Rt
X(t) =

0 Ca (τ)dτ

Ca (t)

,

Y(t) =

Ct (t)
,
Ca (t)

(2.56)

leading to
Y(t) = vp + Ktrans X(t).

(2.57)

Provided that the model assumption are met, the Patlak method is very suitable for
data analysis, as plotting X(t) vs Y(t) produces a straight line with slope Ktrans and
intercept vp .
One common drawback of all the models presented so far is the assumption of the
AIF as input concentration in the capillaries; however, the AIF is usually sampled in a
large artery more upstream, disregarding any effect of delay and dispersion due to the
passage of the contrast bolus through the microvascular bed. While a simple delay can be
corrected for by estimating the bolus arrival time (BAT), including dispersion effects is
more complicated and requires explicit modeling of the contrast vascular transport [170–
172]. Considering equation (2.34), the actual Ca (t) can be seen as a convolution of the
AIF with the vascular distribution of transit times function ra (t) as
Ca (t) = AIF(t) ∗ ra (t).

(2.58)

As a result, the measured tissue concentration can be expressed as
Ct (t) =

Fp
AIF(t) ∗ ra (t) ∗ R(t).
VT

(2.59)

For instance, by modeling the vascular bed as a well-mixed compartment, with an impulse response represented by a single exponential decay, Calamante et al. [170] derived
the following expression for ra (t):
ra (t) = e−t/MT T ,

(2.60)

where MTT is the vascular mean transit time.
Other possible solutions for ra (t) are the Gaussian transport model [171] described
as
2 2
2β
ra (t) = √ e−β t ,
(2.61)
π
and the Gaussian residue model [171] described as
ra (t) = 2β2 te−β

2 t2

,

(2.62)

Based on (2.14), the effective MTT can be calculated as MT T = 1/2β in (2.61), and as
√
MT T = π/2β in (2.62).
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Although modeling of the vascular transport requires the estimation of extra parameters, it may provide a more accurate description of the system and an additional characterization of the vascular tree. However, Calamante et al. [170] concluded that the
simpler model represented by a single exponential decay [(2.59)] was sufficient for characterization of vascular dispersion in the cases studied.
Beside the delay and broadening effects, which may or may not be accounted for, the
measurement of the AIF carries additional issues that may lead to errors in the estimated
parameters. For instance, the partial-volume effect, arising when the AIF is measured in
a ROI which also includes the vessel wall or surrounding tissue, may cause an underestimation of the vascular input [141, 173]. Moreover, in DCE-MRI, other sources of error
in the measurement of the AIF are represented by inflow effects and by the non-linear
relationship between signal enhancement and contrast concentration. The former refers
to the fact that protons flowing into the imaging volume have not experienced the same
excitation as the stationary tissue, and thus have not yet reached the equilibrium magnetization. This results in an apparent decrease in the longitudinal relaxation time, leading
to an increase in the signal, and thus to an overestimation of the AIF [174, 175]. The latter
arises when linearity is assumed in the conversion from signal intensity to contrast concentration. Since the concentration in the arteries can be very high, the concentration
regime of the linear conversion can be exceeded, thus leading to a underestimation of the
AIF [141]. This problem can be overcome by the use of a dual-bolus injection technique,
whereby the contrast agent is administered in two half-doses with the aim of avoiding
the risk of signal non-linearities and saturation in the arterial signal [176].
To avoid these issues, a reference region (RR) model was proposed by Yankeloov et
al. [143], which provides an equation for the estimation of Ktrans and ve by comparing
the CTCs in the tissue of interest with those of a reference tissue, eliminating the need
for the direct measurement of the AIF.
To summarize, several models for the assessment of perfusion, permeability, vascularity, and cellularity with DCE-CT and DCE-MRI have been presented. They differ in the
level of complexity, the underlying assumptions, the regimes in which they are valid, and
the parameters they are able to estimate [see Table 2.3]. The choice of a suitable pharmacokinetic model able to describe the measured CTC is dependent on several factors including acquisition settings and tissue hemodynamic features. Therefore, attention must
be taken in the choice of the most appropriate model in order to avoid misinterpretation
of the results.
2.4

targeted contrast agents

The introduction of targeted agents, i.e., contrast agents targeting specific molecules-ofinterest, has opened up new possibilities in cancer diagnostics with the development of
novel imaging technologies, generally referred to as “molecular”.
Molecular imaging can be broadly defined as the in-vivo characterization of biological processes at the cellular and molecular levels. Compared to conventional
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Table 2.3: Summary of quantitative models available for the analysis of DCE-MRI and DCE-CT
data.

Extra measurement/
estimation

Model

Estimated parameters

DP

Fp , vp , PS, ve

AIF1 , BAT2

[144]

TH

Fp , vp , PS, ve

n.a.3

[147]

AATH

Fp , vp , PS, ve

AIF, BAT

[138]

2XCM

Fp , vp , PS, ve

AIF, BAT

[150]

eTM

Ktrans , vp , ve

AIF, BAT

[158]

TM

Ktrans , ve

AIF, BAT

[140]

Patlak

Ktrans , vp

AIF, BAT

[167]

RR

Ktrans , ve

BAT, CRR (t)4

[143]

1 AIF,

Arterial input function;

2 BAT,
3 n.a.,
4C

Ref.

Bolus arrival time;

not available;

RR (t),

Concentration time course measured in a reference region.

contrast-enhanced imaging, which investigates the late macroscopic alterations caused
by pathological processes, molecular imaging allows visualization and quantification
of the biochemical events from which diseases originate. Molecular imaging holds
thus great promise in cancer diagnostics, for improved and earlier disease detection;
in therapy monitoring and management, for more direct assessment of therapeutic
efficacy, earlier prediction of treatment response, and better tailoring of the therapeutic
strategy; and in drug-development, for better understanding of drug mechanisms of
action, and improved testing and optimization of novel drugs.
The idea of molecular imaging started decades ago with the advent of nuclear
medicine, whereby radio-labeled tracers are injected to visualize biological processes
in-vivo [177]. However, nuclear approaches for molecular imaging, such as SPECT
and PET, require the use of ionizing radiation and of dedicated costly equipment
(cyclotrons), which limits their clinical availability. Moreover, due the low spatial
resolution, they often need to be combined with other modalities (e.g., CT and MRI)
to provide morphological information. Therefore, although SPECT and PET have
established clinical utility for cancer staging [178–180], they are less suitable for cancer
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localization and for the early assessment and monitoring of the response to therapy,
whereby repeated measurements are needed. These limitations could be overcome by
the recent introduction of novel targeted contrast agent for US, MRI, and CT, which
may provide molecular imaging at high spatial and temporal resolution, with widely
available and less expensive techniques (CT and US), not requiring the use of ionizing
radiation (MRI and US).
Despite the great promise, however, no molecular contrast agent has yet been approved for clinical use. In ultrasound molecular imaging (USMI), feasibility and clinical safety studies in humans have shown promising results, raising hopes for clinical
translation in the near future [33, 34]. In molecular MRI, translation in humans presents
more challenges [181–184], limiting the current experience to the preclinical stage, while
molecular CT is still rather undeveloped [185]. As a result, in the following sections, more
emphasis will be given to USMI, while molecular MRI will be treated in less detail, and
molecular CT will be only briefly introduced.
2.4.1

Contrast agent properties and calibration

US molecular contrast agents
Targeted ultrasound contrast agents (tUCAs) are typically obtained from conventional
UCAs [see Section 2.2.1] by functionalization of the microbubble shell with targeting
ligands, which are able to specifically bind to a molecule or receptor of interest [186,
187]. Therefore, similar to DCE-US, tUCAs permit real-time imaging with high temporal
and spatial resolution, high contrast detection sensitivity, and absence of ionizing radiation, with the added ability to provide selective microbubble accumulation in a target
area. However, since tUCAs are also intravascular, only targets within the vasculature
(either in the blood stream or on the endhotelial vessel wall) can be imaged. These properties have sparked the interest in tUCAs for molecular imaging of cancer angiogenesis,
inflammation, thrombi formation, and ischemia.
Two main targeting strategies are generally employed; they are referred to as passive
and active targeting [187, 188]. In passive targeting, modification of the microbubble
shell causes non-specific accumulation to a target site. For instance, microbubbles with
a shell made of or containing phosphotadylserine (e.g., commercially available Sonazoid
contrast agent) promote phagocytic activity by leukocytes, such as Kupffer cells in the
liver, macrophages in the spleen, and neutrophils in the vasculature. Phosphatidylserineshell agents have been used to image tumor nodes in the liver [189], which lack phagocytic activity, and areas of active neutrophil recruitment, such as inflamed vessels [190]
and inschemic injuries [191].
Active targeting involves direct incorporation in the microbubble shell of specific
biomarkers to allow selective binding to a receptor of interest. Conjugation of the targeting ligand is generally achieved by a lipid, polymer, or protein anchor, embedded onto the
shell via non-covalent interactions. Specific non-covalent interactions can be obtained
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Figure 2.7: Schematic of a tUCA design: targeted micro-bubbles differ for the shell composition, the
filling gas, the conjugation chemistry, the targeting ligand, and the presence/absence of
poly-ethilene-glycol (PEG) tethering structures. Taken from [31].

through the (strept)avidin-biotin bridge [186–188]. A wide variety of targeting ligands
can bind to biotin in a single-step reaction, and excess (strept)avidin or ligand can be removed by centrifugal flotation [192]. However, although the noncovalent strepataviditinbiotin strategy represents a universal method for microbubble decoration with a variety
of targeting ligands, it is not clinically translatable, since streptaviditin is known to cause
immune response in patients [193], limiting its use to pre-clinical research settings.
Alternatively, several covalent conjugation methods are available [186–188]. Depending on the stability of the ligand in organic solvents, binding to the microbubble shell can
be performed directly during microbubble preparation, or later, by covalent coupling of
the ligands to already prepared bubbles. Carboxyl-amine chemistry can be used for direct chemical conjugation, by which carboxylic groups on the microbubble shell bind to
the amino-residues of targeting ligands. However, due to the low yield of this reaction,
large amounts of targeting ligands need to be added to achieve about 105 bound ligands per microbubble, needed to obtain reasonable targeting efficacy [187, 192]. Ligand
conjugation after microbubble preparation can be obtained by incorporation onto the
microbubble shell of chemical groups such as maleimide, cysteines or aldehyde, which
can work as chemical "hooks" for the targeting ligands [186–188]. In another approach,
which has been used for clinically translatable microbubbles, the targeting ligand is first
coupled to the shell-forming material or its precursor in a separate procedure, and then
mixed with the rest of the material necessary for bubble preparation at the moment of
utilization [192, 194].
Besides the conjugation chemistry, fluid-mechanic and acoustic considerations are
also important for efficient bubble binding and detection. Targeted microbubbles flow
through the entire circulation and should bind to the vessel wall at locations where the
target biomarker is over-expressed. Since high shear load can be expected at the vessel
wall, ligand-receptor binding should be rapid and strong enough to hold under the experienced shear stress. The shell should be hard enough not to break under the high shear,
but also permit large bubble oscillation to produce strong US backscatter leading to sufficient detection sensitivity [186]. In this context, lipid monolayer-based microbubbles
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have shown good resistance to fast flow conditions [195], and high detection sensitivity at low acoustic pressures, with no significant bubble destruction [196]. To facilitate
binding, moleculars and supramolecular structures referred to as "tethers" can be incorporated to extend the length of the bond between the shell surface and the vessel wall
receptor. Poly-ethilene-glycol (PEG) chains have been used for this purpose as a polymer
spacer arm to separate the targeting ligand and the shell surface anchor, thus improving
targeting efficacy [186, 187, 192].
Since binding mechanisms have a length-scale in the nanometer range, ideal conditions for effective binding include proximity to the vessel wall and low microbubble
velocity to increase the microbubble-receptor interaction time. Because of hemodynamics and anatomical factors these conditions are met more easily in the microcirculation
than in larger vessels and arterial circulation. To increase binding efficacy, especially in
large blood vessel environments, the application of acoustic radiation forces has been
proposed [197–199]. Acoustic radiation forces, also known as Bjerkness forces, are produced by acoustic pressure gradients and consist of two components: a primary force is
produced by the incident acoustic field and directed away from the ultrasound source; a
secondary force arises from the scattered field produced by resonant microbubbles, and
typically acts as an attractive force between microbubbles [197, 198]. The ability of primary acoustic radiation forces to displace microbubbles towards the wall and to reduce
microbubble velocity was demonstrated in vitro and in-vivo in the mouse microcirculation by Dayton et al. [197]. Enhancement of specific binding was later demonstrated
in-vitro [198] and in-vivo [199, 200].
The most investigated target receptors for ultrasound molecular imaging of angiogenesis include the αv β3 integrin, endoglin, and the vascular endothelial grow factor receptor 2 (VEGFR2) [31]. The αv β3 integrin is a cell surface adhesion receptor, which promotes cell adhesion to the extracellular matrix and activates signal pathways involved
in tumor growth and metastasis, resulting in more aggressive cancers [201, 202]. Endoglin is a co-receptor for the transforming growth factor beta, which regulates cell
proliferation, differentiation, and migration [203]. The VEGFR2 is over-expressed on the
endhotelial wall of angiogenic tumor vasculature. Production of VEGF by hypoxic cells
promotes vascular growth and proliferation by recruiting pre-existing endhotelial cells,
through binding to VEGFR2 [194, 204]. The first and currently only clinical stage tUCA
is based on lipid-coated pegylated VEGFR2-targeted microbubbles, and it is produced by
Bracco (Geneve, Switzerland) with name BR55 [194].
As briefly discussed in Section 2.2.1, several theoretical models are available to describe the oscillation dynamics of encapsulated microbubbles exposed to an acoustic
field in a flowing fluid [69, 70, 205]. However, experimental studies have shown that
the interaction of the microbubble with a rigid boundary can considerably influence the
bubble oscillation amplitude and the resulting scattered echo [206, 207]. Various modifications to the Rayleigh-Plesset equation have been proposed to describe the oscillation
of unencapsulated [208, 209] and encapsulated microbubbles [210] in the proximity of
a rigid wall. The boundary is equivalent to the presence of a mirror bubble pulsating
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in phase with the real bubble. The virtual increase in the inertial mass leads to lower
resonant frequencies for bubbles in the vicinity of a wall. However, these models are
valid for a bubble-wall distance that is much larger than the bubble radius, and thus not
applicable to bubbles bound to a static boundary.
The case of direct contact of an oscillating microbubble with a rigid boundary has
been investigated by Maksimov [211], who showed that the change in the resonance frequency is dependent on the contact angle between the wall and the tethered microbubble.
However, the approximation of a rigid boundary is not appropriate for the vessel wall,
for which an elastic solid provides a more adequate approximation of the material properties. In response, Doikinov et al. [207] proposed a modification of the Rayleigh-Plesset
equation that describes the dynamics of an encapsulated microbubble bound to an elastic
wall. They showed that binding to the elastic wall results in a virtual change in density
of the carrier fluid by a dimensionless factor τ. For τ > 1, as found by simulations for a
rigid wall, the resonance frequency of the bound bubble is lower, while the opposite is
true for an elastic wall (e.g., polyethylene), for which τ < 1.
As discussed in Section 2.2.1, to perform accurate physiological modeling, the relationship between the video signal intensity and the bubble concentration needs to be
determined by calibration. While (2.7), describing the US scanner conversion from the
scattered acoustic intensity to the video intensity is still valid, theoretical and experimental evidence highlights that the relationship between the scattered acoustic intensity and the bubble concentration (2.6) might differ between bound and freely flowing
bubbles [207]. In fact, the backscattered acoustic pressure is essentially a non-linear function of the instantaneous bubble radius, and thus influenced by changes in bubble oscillation dynamics. In this context, Zhao et al. [212, 213] demonstrated in vitro that echoes
received from bound microbubbles had significantly higher amplitude at the fundamental frequency, and significantly different spectral shape compared to free microbubbles.
However, they observed by simulations that the differences become smaller for decreasing vessel diameter, and insignificant for a 20-µm vessel.
The different oscillation dynamics exhibited by adherent and freely circulating microbubbles may be useful for development of novel contrast-imaging modalities able to
distinguish echoes emitted from bound and free microbubbles. However, they may represent a problem for quantitative modeling of USMI-derived TICs, since the relationship
between the backscattered acoustic intensity and the tUCA concentration might differ
between free and bound microbubbles. As a result, (2.6) may not be applicable for bound
microbubbles, or the parameters might differ for bound and non-bound microbubbles,
making direct application of physiological models describing the kinetics of targeted
tUCA more challenging. Unfortunately, the extent to which microbubble binding influences the backscattered acoustic intensity is still not completely understood. More extensive theoretical and experimental investigations are needed to address this fundamental
aspect of targeted microbubble quantification.
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MR molecular contrast agents
Contrast agents for MR imaging are designed to change either the T1 or T2 relaxation
times, thus causing positive or negative enhancement in T1-weighted or T2-weighted
MR imaging sequences, respectively. The general challenge in the development of molecular targeted agents for MRI is the low sensitivity of most contrast agents, which requires
very high payload of contrast per ligand to reach sufficient signal enhancement at the
target site [181–184]. Strategies for signal amplification and/or enhancing site-specific
accumulation are thus often needed.
In T2-weighted imaging, iron oxide-based contrast agents can be used for both passive
and active targeting. Based on their size, iron-oxide nanoparticles are typically differentiated in superparamagnetic iron oxides (SPIOs), in the 50-500 nm range, and ultrasmall
superparamagnetic iron oxides (USPIOs), smaller than 50 nm [188]. SPIOs can be used
for passive targeting of leukocytes and other cells with phagocytic activity. While iron
oxides are captured and retained by normal liver tissue, causing decreased T2-weighted
MR signal, liver nodules and metastases exhibit impaired phagocytic function, and therefore they maintain their native signal intensity, leading to enhanced contrast in diseased
tissue. Active targeting of hepatocytes can also be achieved by coating SPIOs with targeting ligands such as asilofetuin or galactose [182]. In general, iron oxide-based MR
probes comprise a SPIO core incorporated in a polymer, polysaccharide, or monomer
coating [183]. Polymeric coatings are particularly attractive because they can be modified to include several reacting groups, allowing for more targeting possibilities [183].
Moreover, PEG chains can be grafted on the polymeric surface to reduce non-specific uptake by the reticuloendothelial system (RES) [214]. Although several targeting options
are available for in-vivo cancer detection with iron oxide-based molecular agents, T2weighted molecular imaging is impaired by the inherent disadvantage of the negative
contrast mechanism, which may create signal voids, potentially obscuring structures of
interest, and by the long retention times [183, 215], which for USPIOs can be as long as
24 hours [183].
More interesting for quantitative angiogenesis imaging by T1-weighted dynamic MRI
scans are Gd-based targeted contrast agents. Initial attempts for molecular gadoliniumbased probes involved direct conjugation of Gd-based contrast particles onto an antibody. To overcome the low contrast concentration achievable at the target site, the
avidin-biotin conjugation strategy can be exploited in a two-step process involving the
administration of pretargeted byotinilated antibody, which accumulates in the target
area, followed by the injection of a Gd-avidin complex several hours later, which binds
to the pretarget and provides MR contrast [32, 182]. However, due to the low sensitivity,
this technique is limited to high-density targets such as fibrins [32], over-expressed in
thrombi and vulnerable atherosclerotic plaques [216].
Alternatively, the sensitivity limits can be overcome by increasing the agent relaxivity.
This has been achieved with nanoparticulate contrast agents such as liquid prefluorocarbon emulsions, which are able to contain more than 50000 Gd-chelates, and can be loaded
with targeting ligands either with the avidin-biotin two-step strategy or by direct ligand
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conjugation onto the particle [32, 181, 182]. Another example of particulate Gd-based
agents are liposomes, which comprise an aqueous interior enclosed in a lipid bilayer.
High payloads of gadolinium can be incorporated in the aqueous core, or directly incorporated into the lipid membrane for enhanced relaxivity [182, 215]. Target conjugation
can be achieved by coupling via the biotin-avidin strategy or by direct incorporation of
the targeting ligands in the lipid layer [182].
Another strategy for specific relaxivity amplification involves the design of “smart”
or “responsive” agents, which exhibit a large change in relaxivity upon activation [181,
215]. Enzymes specifically expressed in the target area represent a good targeting option
for activatable molecular agents. Upon cleavage by the enzymatic target, signal amplification in the target area can be achieved by several approaches. Cleavage may cause
a contrast solubility switch leading to either increased contrast accumulation in the target area, or, conversely, rapid contrast wash-out [181]. Other probes can be designed to
turn into an aggregative, highly surface-charged state upon cleavage, leading to contrast
accumulation and increased relaxivity [181]. In another approach, binding Gd-chelates
to cell-penetrating peptides (CCP) causes contrast adhesion and uptake in tumor cells
upon enzymatic cleavage of the CCP [181].
The conversion of MR signal intensity to contrast concentration, necessary for quantitative pharmacokinetic modeling, is in general dependent on the specific MR sequence
chosen to acquire the dynamic data, and on how the injected contrast influence the T1
and T2 relaxation times. While information on the former is typically available, the latter
depends on the specific contrast agent and its mechanism of action. As for conventional
low-molecular-weight Gd contrast, a linear increase in the inverse of the relaxation time
[(2.29)] has been assumed for targeted agents [217]. Further in-vitro and in-vivo experience will provide better characterization of novel MR targeted agents and allow proper
conversion of the acquired signal to contrast concentration for quantitative pharmacokinetic modeling.
CT molecular contrast agents
Current CT contrast agents for human use are based on iodinated hydrosoluble
molecules. Due the fast renal clearance, these agents are not suitable for preclinical
molecular imaging, since they are cleared from small laboratory animals in about 10
seconds. More in general, fast clearance is a limitation for targeted molecular agents,
for which sufficient retention time in the blood stream is a prerequisite to ensure
accumulation of the contrast agent at the target site [218].
Similar to other imaging modalities, an ideal iodinated-based CT molecular contrast
agent should be non-toxic, of sufficient size to reduce renal clearance (>50 nm), have minimal uptake by phagocytes and by the RES, accumulate specifically in an area-of-interest,
and able to load enough contrast particles to reach sufficient detection sensitivity (about
100 mg of iodine per mL) [218–220].
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Several solutions are being investigated to fulfill these requirements. Iodine-loaded
nano-carriers such as nano-emulsions, liposomes, or polymeric nanoparticles and micelles have been proposed as promising templates for CT molecular contrast agent [218,
219]. Alternative to iodine particles, heavy metals such as bismuth, tantalum, ytterbium,
and especially gold can be used to increase X-ray attenuation a and bio-compatibility and
reduce toxicity [218, 219]. Decorating contrast-loaded nano-carriers with PEG chains
provides a solution to prolong the circulation time, and to reduce sequestration by phagocytes and the RES. However, non-PEGylated nano-particles offer an opportunity for passive targeting of liver lesions, with the same mechanism as MR contrast agents: due to
lack of phagocytic and RES activity in hepatic nodules, contrast agents preferentially
accumulate in healthy tissue [218].
Active targeting of molecular CT contrast agents is attained by functionalization
of their surface with targeting ligands such as mono-clonal antibodies, peptides, and
small molecules [218, 219]. Feasibility of CT-compatible targeted nano-particles has
been shown in vivo in the context of drug delivery, and thus it may be translatable to
molecular imaging. For instance, a polymeric nanoparticle loaded with anticancer drug
was successfully targeted to the αv β3 integrin by incorporation of cyclic pentapeptide
c(RGDfk) [221]. Other examples of cancer targeting include thioctic-acid-modified
bombesin peptide for specific accumulation in prostate cancer [222], glycol chitosancoated gold nanoparticles in colon cancer [223], and anti-Her2+ antibody in breast
cancer [224].
To summarize, although CT molecular imaging is still rather underdeveloped, with
limited pre-clinical and no clinical experience available to date, several strategies are
being tested to fulfill the requirement of ideal molecular imaging targets. Current developments suggest that molecular CT may become a reality in the near future.
2.4.2

Quantitative modeling

US molecular contrast agents
Under the hypothesis that the number of bound microbubbles is proportional to the
level of biomarker expression, assessment of the degree of binding has been adopted
as an indirect way to quantify angiogenesis [31, 225, 226]. Distinction between bound
and free microbubbles is, however, rather challenging. Semi-quantitatively, this has been
achieved by observation of the late-enhancement (LE), that is the acoustic signal several
minutes after injection, when most of the freely flowing microbubbles have washed out
of the acoustic field and only the bound microbubbles are still present. The signal enhancement due specifically to bound microbubbles can be determined by application of
a high-pressure ultrasound burst to destroy all the microbubbles in the acoustic field
and observe the replenishment by free microbubbles. The difference in the acoustic signal before and after the burst, i.e., the differential targeted enhancement (dTE), thus only
accounts for the bound microbubbles [see Fig. 2.8].

47

Figure 2.8: Example of USMI-derived TIC: semi-quantitative assessment of microbubble binding is
obtained by the late-enhancement, i.e., the signal amplitude several minutes after injection, and by the differential targeted enhancement, i.e., the difference in the signal
amplitude before and after the application of a destructive US burst.

A number of (semi)-empirical and physiological models have been developed for
quantitative estimation of microbubble binding. First examples of kinetic modeling of
microbubble retention are found in cardiology, to describe bubble persistence due to
pathologies such as crystalloid cardioplegia, ischemia, and coronary stenosis [227–229].
In [227], the concentration of free microbubbles Cf (t) and bound microbubbles Cb (t)
in the myocardium after a direct coronary bolus injection were described by a gammavariate and its integral, respectively, as
Cf (t) = Ate−αt ,
(2.63)

A 
Cb (t) = 2 1 − (1 + αt)e−αt ,
α
where A is a scaling factor, and α/2 is the MTT. Since only a fraction f of the microbubbles are retained in the myocardium, while the rest (1-f) washes out of it, the total microbubble concentration Ct (t) at any instant time can be described as

A 
(2.64)
Ct (t) = 2 1 − (1 + αt)e−αt + (1 − f)Ate−αt ,
α
providing assessment of microbubble retention by the empirical parameter f.
The model in (2.64) can be combined with perfusion quantification by a double-bolus
protocol, including constant infusion of non-targeted UCA, and a bolus injection of
tUCA [229]. The video intensity due to free microbubbles is proportional to the blood
volume fraction v as
If (t) = kCt (t)v,
(2.65)
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where k is a proportionality constant. The total amount W of microbubbles passing
through tissue is dependent on the blood flow F as
Zt
W = F Ct (t)dt.
(2.66)
0

If a fraction f of these microbubbles is retained, then the resulting acoustic intensity
is Ib = kfW, and the total acoustic intensity can be described as
Zt
It = If + Ib = k [Ct v + fW] = k[Ct v + F Ct dt].
(2.67)
0

From a constant infusion experiment, v and F can be estimated from the plateau video
intensity An and the re-perfusion constant β by fitting the measured TIC to Wei’s monoexponential model [(2.19)]. Substituting Ct (t) and its integral with the equations in (2.63)
yields



β
−αt
−αt
.
(2.68)
Ct (t) = (k · A · An ) te
+ f 2 1 − (1 + αt) · e
α
Similarly to previous models, Fisher et al. [228] proposed a lagged normal density
function [(2.18)] and its integral to describe myocardial opacification after injection of a
bolus of non-targeted microbubbles as
Ct (t) = A · (LNDF(t) + f · LNDF(t)i ),

(2.69)

where LNDF(t) is the lagged normal density function, and LNDF(t)i its integral. However,
here f = f1 · f2 , with f1 being the fraction of microbubbles retained in the myocardium,
and f2 the myocardial blood volume fraction.
Another semi-empirical model proposed to describe binding of tUCA to VEGFR2 in
the liver combines the LDRW model [(2.16)], describing the kinetics of free microbubbles,
with a ramp function, describing bubble binding, as [230]
r


λµ eλ − 12 λ µt + µt
Ct (t) = o + A
e
+ β(t − ∆t),
(2.70)
2πt µ
whit A being a scaling factor; o, the signal baseline; λ, the skewness parameter; µ the
mean transit time; and β and ∆t, the slope and time-delay of the ramp function, respectively. This model allows semi-quantitative assessment of microbubble binding by the
parameter β.
A compartment modeling approach was proposed by Chen et al. [231, 232] and applied
to bubble binding in kidney vasculature. They used a two-compartment pharmockinetic
model, with one compartment describing freely circulating microbubbles, and the second compartment containing bound microbubbles [see Fig. 2.8]. By this model, the total
concentration of tUCA is given by the sum of the concentrations of free (Cf (t)) and
bound (Cb (t)) microbubbles as
Ct (t) = Cf (t) + Cb (t).

(2.71)
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Figure 2.9: Bi-compartmental pharmacokinetic model describing the kinetics of a targeted contrast
agent. One compartment contains the freely flowing microbubbles and the second compartment the adherent microbubbles. The coefficients k1 to k4 are the rate constants of
influx and efflux from the two compartments.

Assuming an initial dose of contrast equal to C0 , the model can be solved as
h
i
C 0 k1
−k1 t
−(k2 +k3 )t
Cf (t) =
e
−e
,
(k2 + k3 ) − k1

(2.72)

"

#
e(k4 −k1 )t − 1
Cb (t) = C0 k1 k3
+
k1 2 − k1 k2 − k1 k3 − k1 k4 + k2 k4 + k3 k4
#
"
e(k4 −k3 −k2 )t − 1
+ C 0 k1 k3
k2 2 + k3 2 − k1 k2 − k1 k3 + k1 k4 + 2k2 k4 − k3 k4

(2.73)

where k1 and k2 describe the contrast influx and outflux from the tissue vasculature,
respectively, k3 describes the influx of free microbubbles into the bound microbubble
compartment, and k4 accounts for elimination of bound microbubbles. A relative measure of microbubble binding is given by the adhesion ratio AR as [232]
AR = k3 k2 + k3 .

(2.74)

MR molecular contrast agents
The most promising molecular contrast agents for MRI are composed of iron oxidebased or Gd-based nanoparticles. The larger size compared to conventional low molecular weight Gd-chelates considerably increases blood retention time to the extent that
they are often considered as blood-pool agents. However, leakage in the extravascular
extracellular space still occurs. This makes pharmacokinetic modeling somewhat more
complicated because, in principle, a distinction should be made between contrast accumulation due to leakage and due to binding.
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Figure 2.10: Compartmental pharmacokinetic model describing the kinetics of a MR perfluorocarbon nanoparticles. Compartments 1 and 3 represent the central and peripheral blood
circulation, while compartment 3 represents the aortic wall.

In the simplest approach for quantification of contrast accumulation, this distinction
was not made, and the Patlak model [see Section 2.3.2, (2.57)] was applied to quantify contrast binding by the transfer rate Ktrans . However, no single linear regime was
found in the Patlak plot, suggesting that the transfer rate is either non-constant or nonunidirectional. Therefore, the analysis was broken down into different time-intervals
where a linear regime could be observed.
Compartmental modeling was proposed by Neubauer et al. [233] for quantification
of paramagnetic perfluorocarbon nanoparticles targeted to αv β3 integrins. They used
a 3-compartment model describing the bulk distribution of nanoparticles in blood by
compartments 1 and 2, and the nanoparticles bound to the aortic wall by compartment
3 [see Fig. 2.10]. The partial differential equations for this model are given below

∂C1


 v1 ∂t = −(k12 + k13 + ke )v1 C1 + k13 v3 C3 + k12 v2 C2
2
,
(2.75)
v2 ∂C
∂t = −k21 v2 C2 + k12 v1 C1


 ∂C3
v3 ∂t = −k31 v3 C3 + k13 v1 C1
where Cn is the concentration of nanoparticles in compartment n, vn is the volume of
compartment n, knm is the particle transfer rate from compartment n to m, ke is the
rate of elimination of contrast particles from blood. By this model, bubble accumulation
can be quantified by k31 , representing the transfer rate of particles from blood to the
aortic wall.
The compartmental approach was also used by Ramanathan et al. [234] to describe accumulation and binding of the SPIO ferumoxytol (FMX) in tumor tissue. Assuming equal
concentrations of FMX between the blood central compartment and the capillaries, they
broke down the model into a 1-compartment model describing clearance of FMX from
blood plasma, and a 3-compartment model describing FMX transport from the capillaries,
and distribution in tumor tissue and binding sites [see Fig. 2.11]. The former is described
as
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Figure 2.11: Compartmental PK model describing the distribution of ferumoxytol (FMX) between
plasma, capillaries, and tumor compartments. Binding is described by tissue binding
sites.

∂Ccap,FMX
= Clp Cp,FMX
(2.76)
∂t
where Cp,FMX is the FMX concentration in plasma, Vp the total plasma volume, and Clp
is the clearance of FMX from blood plasma. Assuming permeability limiting conditions,
the FMX concentration in the capillaries is describes as
Vp

∂Cp,FMX
= Qtumor (Cp,FMX − Ccap,FMX )−
∂t
,
Ct,FMX
Ktrans Vt (Ccap,FMX −
)
ve
Vcap

(2.77)

where Ccap,FMX is the capillary FMX concentration, Vcap is the total capillary volume,
Vt is the total tumor volume, Qtumor is the blood flow to tumor tissue, Ktrans is the
volume transfer constant of FMX, and ve is the extravascular tissue volume fraction,
used to correct the FMX concentration in the tumor tissue volume to the actual FMX
concentration at the vascular wall. Finally, assuming equal transfer rate kb to and from
the binding sites, the tumor compartment is summarized by

Ct,FMX
,FMX


= Ktrans Vt (Ccap,FMX −
) − kb Ct,FMX CB
Vt ∂Ct∂t


ve
,
(2.78)
Vt ∂Ct ,bFMX
= kb Ct,FMX CB

∂t



B
Vt ∂C
∂t = −kb Ct,FMX CB
where Ct,FMX and Ct,bFMX are the concentrations of unbound and bound FMX in tumor
tissue, respectively, and CB is the concentration of binding sites.
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2.5

clinical applications

Quantitative assessment of the hemodynamic changes in the microvasculature associated with tumor angiogenesis is attractive for several clinical applications, which are
discussed hereafter.
Lesion detection and characterization
Detection of cancer with conventional imaging can be challenging in certain organs
and for certain tumor types, because tumor tissue does not always show peculiar features that enable its distinction from healthy tissue [235]. Moreover, when a suspicious
mass is detected, its classification as benign or malignant is even more challenging. For
instance, prostate cancer on conventional US images is generally associated with a hypoechoic appearance, but it can also appear iso- or hypoechoic [53, 85, 236]. In anatomic
T2*-weighted MR images, the signal intensity of prostate cancer often overlaps with benign lesions such as hyperplasia, prostatitis, scars, and atrophy, making cancer detection
difficult, especially in the central gland [237, 238]. In the liver, metastasis may remain
hidden on standard anatomic CT images before they reach a detectable size [17]; with
conventional US, lesions with isoechoic appearance or smaller size can often be overlooked [239, 240], and fat infiltration and fatty sparing may resemble lesions [241]. In the
breast, multifocal lesions and tumors with confusing anatomy may remain undetected
with structural MR imaging [53], while with conventional US the detection is limited by
the size of the lesion. Another challenging assessment is represented by tumor grade,
which has shown to correlate with tumor aggressiveness and prognosis [25, 26]. Estimation of cellular differentiation is thus important for predicting treatment response and
for determining the most suited therapeutic strategy.
Due to the presence of tumor angiogenesis, the vasculature of malignant lesions differs
from that of normal tissue and benign lesions, and is characterized by tourtuos, irregular,
and leaky vessels mainly concentrated in the tumor periphery [16]. As a result, enhanced
imaging that is able to assess vascular functionality and morphology can yield improved
cancer detection and localization. Moreover, quantitative imaging biomarkers of tumor
angiogenesis have been shown to correlate with MVD count and tumor grade [26], thus
angiogenesis imaging may also play an important role for lesion characterization and
tumor grading.
Several studies have shown that DCE-US can improve the diagnosis of liver [241, 242],
ovarian [243, 244], breast [245–247], kidney [202, 248], pancreas [249], and prostate cancer [250], by highlighting differences in the hemodynamic patterns and in quantitative
perfusion parameters between healthy and cancerous tissue. In a study by Xu et al. [251],
semi-quantitative DCE-US parameters, such as wash-in-time and MTT evaluated from a
log-normal model fit, were able to differentiate between low risk, and intermediate and
high risk prostate cancer in the inner gland. The use of contrast agents has also shown to
improve hepatic lesions diagnosis compared to unenhanced imaging with MRI [252] and
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CT [253], and the literature suggests DCE-MRI to provide added diagnostic value and to
improve tumor staging with respect to conventional structural T2*-weighted imaging in
prostate [254] and breast cancer [19]. In addition, DCE-MRI has found an important role
in the detection and characterization of lung [255], pancreatic [256, 257], cervical [258],
head and neck [259], kidney [260], and brain tumors [261]. However, the interpretation
of quantitative perfusion parameters may be contradictory and may depend on the specific organ. For instance, in the kidney [260] and pancreas [256, 257], quantitative perfusion parameters such as plasma flow, extraction fraction, and Ktrans were significantly
lower in tumors than in normal tissue; while in the prostate [262, 263] and breast [264,
265], tumor tissue typically shows higher perfusion parameters than normal tissue. Perfusion CT has shown to be a promising tool for diagnosis and characterization of several
types of tumors, including liver, brain, rectal, lung, gastric, kidney, head and neck, and
neuroendocrine cancer [266–268]. Quantitative perfusion CT parameters such as blood
flow, blood volume, and Ktrans , estimated with the Patlak approach, have been shown
to correlate well with the MVD count in renal cell carcinoma [268]; a study by Ippolito
et al. [269] demonstrated that quantitative perfusion CT parameters, such as hepatic
perfusion, portal perfusion, blood volume, and time to peak, evaluated with a dedicated
quantitative software, differed significantly between hepatocellular carcinoma and surrounding liver tissue.
These studies show the great potential of quantitative angiogenesis imaging for tumor
detection, characterization and grading, which are fundamental for cancer diagnosis and
therapeutic decision making.
Focal treatment: patient selection, intervention guidance and treatment follow-up
Currently, minimally-invasive focal therapies are available to treat localized tumors in
several organs, such as prostate, breast, pancreas, kidney, uterus, bone, cervix, brain,
head and neck, and liver [270–272]. Available treatments include focalized radiation
therapy (dose-painting) [160], cryotherapy [273], irreversible electroporation [274], photodynamic therapy [275], brachytherapy [273], and a number of thermal ablative techniques [270, 275, 276]. These therapies represent a valuable alternative to radical treatment, which is inherently more invasive and carries a higher morbidity. However, their
efficient use requires reliable cancer localization and accurate tumor border delineation.
As discussed in [277], one of the major limitation in the use of focal therapy for localized
prostate cancer, especially for treatment planning and patient selection, is due to the lack
of reliable imaging for accurate tumor localization and characterization. Improvements
can be obtained with use of contrast-enhanced imaging: using DCE-MRI and DCE-US led
to an increase in specificity and sensitivity in tumor detection compared to unenhanced
imaging [277]. In a study by Kneeshaw et al. [278], it was shown that semi-quantitative
DCE-MRI in breast cancer has higher sensitivity and provides better cancer localization than other modalities, suggesting its use for accurate tumor delineation and staging
prior to surgery. Similarly, in a consensus panel on the role of MRI in focal therapy for
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prostate cancer, it was concluded that conventional structural MRI without functional
imaging is not sufficient for accurate diagnosis and cannot provide reliable measurement of tumor volume in small tumors eligible for focal therapies [279]. In thermal ablation therapy, contrast CT is recommended immediately after treatment for its ability
to discriminate between ablated and residual viable tumor [280]. These studies suggest
that functional contrast-enhanced imaging may improve treatment planning in the preoperative phase, treatment guidance during intervention, and treatment monitoring in
the follow-up phase, by providing more accurate tumor localization and staging, and
better discrimination between treated and untreated tissue.
Prediction, assessment and monitoring of response to therapy
Quantitative angiogenesis imaging also holds great potential in predicting and monitoring response to chemo-, vascular-disrupting and antiangiogenic therapies. Traditional
criteria for evaluation of therapeutic response mainly rely on tumor size evaluated by
conventional imaging methods. Through a bi-dimensional measurement of the lesion,
the World Health Organization (WHO) criteria categorizes the response to treatment as
complete response, partial response, disease progression or stable disease. In the attempt
to simplify the evaluation, the response criteria in solid tumors (RECIST) were later introduced, dividing the response into the same categories by using a one-dimensional
measurement. RECIST integrates now the most used criteria in clinical trials [25]. Other
commonly used indices of therapeutic efficacy relate to patient survival time. Examples
are disease-free (DFS), progression-free (PFS), and overall survival (OS) time. However,
patient survival time and dimension-based assessment criteria present some limitations
especially in evaluating the response in the early phases of treatment [84, 281, 282]. In
chemotherapy, cytotoxic drugs are used to target rapidly dividing cells, which are typical of cancerous tissue, leading to complete tumor depletion or reduction in size. Nevertheless, alteration in tumor size is a relatively late event which is long anticipated by
functional changes. The limitations of tumor size assessment are even more pronounced
in the evaluation of novel antiangiogenic therapies, which act by preventing the growth
of new blood vessels and/or by disrupting existing tumor vasculature, thus reducing the
number, area, and volume of tumor vessels and inhibiting tumor growth [25, 84]. In this
case, the effect of treatment is cytostatic rather than cytotoxic and does not necessarily
lead to alterations in tumor size [25, 202, 281]. As a result, additional assessment of functional changes is crucial to monitor the therapeutic response, and may help to identify
non-responders in the early stages of treatment, providing the clinician with the possibility to adjust the therapeutic strategy accordingly. Furthermore, since tumor perfusion
is a surrogate marker of tissue viability [80, 282, 283], assessing the vascular function
could also represent a powerful pre-treatment tool to predict therapeutic outcome, and
thus may guide patient selection in order to avoid unnecessary treatment.
In this context, quantitative angiogenesis imaging represents a valid option to simultaneously evaluate structural changes, such as tumor size and vascular architecture, and
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functional changes, such as perfusion and permeability. A number of preclinical and
clinical studies have demonstrated the feasibility of DCE-US for prediction of tumor response [25, 282, 284]. DCE-US derived qualitative, semi-quantitative, and quantitative
perfusion parameters were able to provide an early prediction of therapeutic outcome in
accordance with later assessment using traditional criteria, in renal cell carcinoma [285,
286], hepatocellular carcinoma [281], and gastrointestinal tumor [287]. However, results
are contradictory and some studies showed that, although DCE-US is able to provide reproducible and sensitive parameters for the assessment of vascular changes in response
to antiangiogenic therapy (e.g., fractional blood volume measured with the destruction
replenishment technique, and peak intensity and area under the curve estimated after
LDRW model fitting), these did not correlate with long-term assessment criteria, such
as RECIST and PFS [288]. Similarly, in a review of clinical trials of anti-angiogenic and
vascular disrupting agents employing DCE-MRI for evaluation of drug efficacy it was
shown that although Ktrans showed a dose-dependent reduction, it did not correlate
with clinical response [289]. On the other hand, a comprehensive evaluation of studies
involving DCE-CT and DCE-MR imaging biomarkers of outcome following VEGF inhibition therapy in renal cancer and high grade gliomas showed strong evidence that
changes in quantitative pharmacokinetic parameters such as Ktrans correlate with PFS
and OS [290]. In a study evaluating the potential of DCE-CT as early biomarker of response to anti-angiogenic treatment in metastatic renal cell carcinoma [291], quantitative parameters such as blood flow and volume immediately after treatment showed a
significantly higher drop in those patients later classified as responders than in nonresponders. The ability of quantitative DCE-CT parameters to detect early tumor response was also demonstrated by Tacelli et al. [292], who evaluated tumor vascular volume and extravascular flow (Ktrans multiplied by the total tissue volume, evaluated from
Patlak analysis) in patients with non-small cell lung cancer undergoing anti-angiogenic
chemotherapy before, and after one, three, and six cycles of therapy: DCE-CT quantitative parameters were able to assess early changes in tumor vascularity which correlated
with responders and non-responders assessed by RECIST criteria.
Angiogenesis imaging, which is able to simultaneously evaluate structural and functional changes in tumor vascularity, holds great promises for the evaluation of response
to chemotherapy, anti-angiogenic, and vascular-disrupting therapies, especially for prediction of therapy outcome, which may aid patient selection, and evaluation and monitoring of early response, possibly leading to a better management of the therapeutic
strategy. However, further research is needed to establish the suitability, reproducibility,
and reliability of quantitative angiogenesis imaging biomarkers for these purposes.
Drug development
The development of antiangiogenic and vascular-targeting therapies is a relatively new
and very active field of oncologic research. Many new drugs are developed and tested
every year, and their efficacy, biological effects, and mechanism of action are not yet com-
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pletely understood. In this context, quantitative angiogenesis imaging may represent an
important tool to evaluate new drugs already in pre-clinical and clinical trials. During
the drug development process, a drug is first tested in non-human subjects (pre-clinical
phase), then the drug pharmacodynamics (phase 0), tolerability, and safety (phase I, II,
III), as well as drug efficacy and effectiveness (phase II, III), are tested on humans [293].
Imaging plays an important role especially in phase 0, to clarify the mechanism of action of the new drug, and in phases I and II, for early evaluation of drug safety and
efficacy [293, 294]. In this context, quantitative measurement of the changes in blood
flow, volume, and vessel permeability may represents a valid option to evaluate the drug
effect on tumor microvascular functionality and structure [293, 294].
A phase II clinical trial evaluating the efficacy and safety of the antiangiogenic agent
sunitinib (VEGFR2 and PDGFR-beta tyrosine kinase inhibitor) in patients with advanced
hepatocellular carcinoma showed that quantitative DCE-MRI biomarkers such as Ktrans
and kep , estimated by application of the Tofts model, might be indicative of response
and resistance to the agent, and thus they may be suitable for early evaluation of drug
efficacy [295]. In a phase I study investigating the efficacy of treatment of solid tumors
with a combination of antiangiogenic and chemotherapeutic drugs (sorafenib, targeting Raf kynases and VEGF receptors; and dacarbazine, alkylating agent) [296], DCE-US
semi-quantitative parameters related to the blood volume (peak intensity, area under
the curve, area under the wash-in, area under the wash-out) and the rate of blood flow
(wash-in rate) were used to evaluate drug efficacy at three months after treatment, showing to be significantly predictive of therapy outcome evaluated with the RECIST criteria.
The hemodynamic response in chest and abdomen tumors treated with a combination of
antiangiogenic drug (cediranib, targeting VEGFR2; and gefitinib, inhibiting EGFR) was
evaluated with perfusion CT in a phase I clinical trial [297]: quantitative CT parameters
showed significant decrease in liver tumor tissue, while there was no change in normal
liver parenchyma. However, no correlation was found between changes in tumor perfusion and tumor size, arguing that volume changes may not be a suitable criterion to
evaluate antiangiogenic drug efficacy.
In anti-cancer therapy research, there is an increasing interest in finding suitable imaging biomarkers for early evaluation of therapeutic response able to prove drug efficacy
already during phase I, with the aim of accelerating the drug development process [293].
Currently, this is attained by objective criteria based on tumor size measurement such as
RECIST. However, especially when the mechanism of action of a drug is cytostatic rather
than cytotoxic, traditional criteria based on tumor size measurement are not suitable to
evaluate drug efficacy, evidencing a need for new standardized criteria for assessment
of therapeutic outcome. To this end, quantitative angiogenesis imaging biomarkers, able
to assess both functional and structural changes in tumor vasculature, may represent a
valid option. However, extensive research is needed to establish which parameters and
imaging modalities are more suitable for each specific agent and tumor type.
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3
MAGNETIC RESONANCE DISPERSION IMAGING FOR
ASSESMENT OF CANCER ANGIOGENESIS
Based on [J6]: M. Mischi, S. Turco et al. “Magnetic resonance dispersion imaging for localization of angiogenesis and cancer growth.”, Investigative radiology 49.8 (2014): 561-569.
abstract
Purpose: Cancer angiogenesis can be imaged by using dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI). Pharmacokinetic modeling can be used to assess
vascular perfusion and permeability, but the assessment of angiogenic changes in the
microvascular architecture remains challenging. This chapter presents two models enabling the characterization of the microvascular architecture by DCE-MRI.
Theory: The microvascular architecture is reflected in the dispersion coefficient according to the convective dispersion equation. A solution of this equation, combined with
the Tofts model, permits defining a dispersion model for magnetic resonance imaging.
A reduced dispersion model is also presented.
Methods: The proposed models were evaluated for prostate cancer diagnosis. Dynamic
contrast-enhanced magnetic resonance imaging was performed, and concentration-time
curves were calculated in each voxel. The simultaneous generation of parametric maps
related to permeability and dispersion was obtained through model fitting. A preliminary validation was carried out through comparison with the histology in 15 patients
referred for radical prostatectomy.
Results: Cancer localization was accurate with both dispersion models, with an area under the receiver operating characteristic curve greater than 0.8. None of the compared
parameters, aimed at assessing vascular permeability and perfusion, showed better results.
Conclusions: A new DCE-MRI method is proposed to characterize the microvascular
architecture through the assessment of intravascular dispersion, without the need for
separate arterial-input-function estimation. The results are promising and encourage
further research.
3.1

introduction

Angiogenesis and neovascularization play a fundamental role in the development of neoplastic tissue [298–302]. At the cellular level, angiogenesis is characterized by expression
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of the vascular endothelial growth factor, whose triggering action is not yet completely
understood [303]. At the tissue level, angiogenesis consists of the formation of a dense
network of irregular micro vessels, characterized by arteriovenous shunts and a high
degree of tortuosity and permeability (leaky walls) [7]. This microvascular network supports cancer growth by carrying nutrients and oxygen.
Many years of research have established angiogenesis as a reliable marker of cancer
growth and aggressiveness. Cancer aggressiveness, defined as the risk of developing
metastases, has been reported by several authors to correlate well with the immunohistological assessment of the microvascular density (MVD) [26, 304, 305]. Several imaging
methods have been introduced aiming at detecting angiogenic processes. These methods seek to quantify the main features characterizing angiogenic microvasculature: microvascular permeability and MVD [7].
An increase in permeability can be detected by dynamic contrast enhanced (DCE) MRI.
The adopted contrast agents, based on gadolinium chelates, leak across the vascular wall
into the extravascular, extracellular space (EES). Quantification of extravascular leakage
provides therefore an opportunity to assess the permeability and localize the presence of
(angiogenic) neo-vessels. Leakage can be assessed by analysis of the transport kinetics
of gadolinium. Assessment of this transport process can be obtained by fitting measured
concentration-time curves (CTCs) by the compartmental model introduced by Tofts et
al. [161]. This model requires knowledge on the arterial input function (AIF), which can
be either measured separately [306], and if needed model fitted [139], or taken from
the literature [140, 307]. Fitting the Tofts model results in an estimate of the volume
transfer coefficient between the intravascular and extravascular space, Ktrans , and the
flux rate constant kep = Ktrans /ve , with ve being the EES volume fraction. Parametric
maps of Ktrans , ve , and kep permit localizing cancerous tissue characterized by areas
with increased permeability.
Assessment of changes in the microvascular architecture, leading e.g. to increased
MVD [7, 304], can be even more challenging. By means of blood pool agents, such as
those available for DCE ultrasound (US), several authors have investigated the link between angiogenesis and increased intravascular blood perfusion [308–310]. However,
while a lack of vasomotor control and the presence of arteriovenous shunts reduce flow
resistance, this can be counterbalanced by a small micro vessel diameter and an increase
in interstitial pressure due to extravascular leakage [7, 308]. As a result, characterization
of the microvascular architecture by quantification of intravascular perfusion may be
unreliable. Recently, a new DCE-US method has been introduced that characterizes the
microvascular architecture by assessment of the dispersion kinetics of an intravascular
contrast agent [85, 92]. Preliminary results with prostate cancer (PCa) data are promising and the method seems to overcome the limitations of previous methods based on
perfusion quantification.
In the context of DCE-MRI, the effect of intravascular dispersion on the measured tissue concentration has been considered to improve model accuracy and fitting [46]. In
fact, the contribution of the AIF to extravasation depends on the intravascular transport
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between the feeding artery and the measurement site (voxel) in tissue. In the simplest
approach, given by the Tofts compartmental model, an instantaneous intravascular mixing is assumed. However, better results can be obtained by modeling the intravascular
transit time by e.g. a simple delay or an exponential probability density function [311,
312], exp(−t/τ), whose time constant, τ, represents the intravascular mean transit time.
The use of a Gaussian probability density function of transit times seems not to yield better results [311]. Based on the chosen transit time probability density function, a residue
function can then be derived that represents the residual intravascular contrast concentration contributing to extravasation [46]. Additional modeling can also be employed to
account for contrast diffusion in the interstitial space [313].
In this paper, the feasibility of dispersion imaging by DCE-MRI is investigated. Intravascular dispersion is assessed by fitting the modified Local Density Random Walk
(mLDRW) model to the measured CTCs [92]. This model has been shown to provide the
best representation of the transit-time probability density function as compared to other
distributed models [314]. It is a solution of the convective dispersion equation assuming
a spatial Gaussian distribution of the contrast bolus prior to the bolus passage through
each detection voxel [92]. More precisely, the estimated intravascular dispersion parameter, κ = v2 /D, represents the local ratio between contrast convection (squared velocity
v2 ) and dispersion (D). Dispersion, represented by the dispersion coefficient D in the
convective dispersion equation, is affected by concurrent processes, comprising molecular diffusion, flow profile, and transit time distribution due to the multipath trajectories
defined by the microvascular network [36, 315, 316]. In the microvasculature, the latter term is dominant [36], and dispersion may therefore represent a valuable option to
characterize the microvascular architecture.
While the mLDRW model can directly be applied when blood-pool agents are used,
the presence of extravascular leakage requires separating the intravascular from the extravascular phase. To this end, the mLDRW model is integrated in the two-compartment
Tofts model and adopted to represent the intravascular blood plasma compartment. Due
to the fast dispersion process relative to extravasation, the process is considered adiabatic, i.e., the intravascular dispersion is not affected by contrast exchange with the
EES [138]. The two-compartment differential equation is then integrated leading to a
new holistic model whose parameters permit the assessment of both intravascular dispersion and extravascular leakage. Based on the typical ratio between extravascular and
intravascular volumes, with the latter being much smaller, the contribution of the blood
plasma compartment to the measured signal is often neglected [161]. Under this condition, a simplified dispersion model is also proposed where the model parameterization is
reduced from six to five parameters. Several parameter-estimation schemes were tested
and evaluated by dedicated simulations.
Due to its relevance and incidence, PCa is chosen to test the clinical feasibility of
the proposed methods. The proposed methods were evaluated with 15 patients. In the
United States, PCa accounts for 28% and 10% of all cancer diagnoses and deaths in males,
respectively [317]. Despite the availability of efficient focal therapies, their timely and
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efficient use is hampered by a lack of reliable imaging methods for timely localization of
PCa. The use of multi-parametric (mp) MRI, usually combining standard T2, DCE-MRI,
and diffusion-weighted imaging (DWI), has been proposed as a possible, valid option for
PCa imaging [238, 318, 319]. However, proper application and interpretation of mpMRI
remains a complex procedure, requiring the involvement of expert centers [320]. Despite
the introduction of standard scoring guidelines by the Prostate Imaging Reporting and
Data System (PIRADS) [254], aimed at reducing interreader variability, the classification
performance remains limited [321], and current clinical diagnosis of PCa is still based
on repeated systematic biopsies [322].
3.2
3.2.1

theory
Intravascular dispersion

Convective dispersion describes the process of an indicator bolus transported by a flowing carrier fluid. The bolus spatial distribution evolves over time driven by convection
and dispersion. Convection represents the translation in space of the bolus spatial distribution due to the drag force of the carrier fluid. In most clinical applications, the convection velocity is assumed to be equal to the carrier fluid velocity. In general, dispersion
represents the Brownian motion of the indicator due to molecular diffusion, driven by
heat and concentration gradient [315]. However, in the presence of convection phenomena, dispersion is dominated by fluid-dynamic effects such as flow profile in larger vessels or transit-time distribution due to multipath trajectories in the microcirculation [36,
316]. The combination of all the above mentioned contributions to dispersion was addressed as apparent dispersion by G.I. Taylor [36]. The equation describing convective
dispersion phenomena, simplified in one dimension, is given as
∂
∂2
∂
Ct (x, t) = D 2 Ct (x, t) − v Ct (x, t) ,
(3.1)
∂t
∂x
∂x
with x and t representing space and time, respectively, Ct (x, t) being the tissue indicator
concentration at position x and time t, v being the carrier fluid velocity, and D [m2
s−1 ] being the apparent dispersion coefficient, from now on referred to as dispersion
coefficient. In (3.1), the dispersion coefficient D is assumed to be time invariant and
locally constant. Similar to a dispersion process through a porous medium, determined
by the porosity, constrictivity, and tortuosity featured by the medium [323], here the
dispersion coefficient depends on the microvascular architecture, providing an option
for the detection of those changes that are related to cancer angiogenesis.
A solution of (3.1) is given by the Local Density Random Walk (LDRW) model [87,
315]. In order to obtain a solution describing the local characteristics at the measurement
site, independent of the bolus history between injection and detection sites, Kuenen et
al. have recently proposed a modified solution of the convective dispersion equation,
referred to as modified LDRW (mLDRW) model [92]. The boundary conditions of (3.1)
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for the mLDRW solution reduce to the assumption of a Gaussian spatial distribution of
the travelling bolus prior to entering the detection site in the microvasculature. The dilution system between injection and detection sites is then assumed to show the same
characteristics as at the detection site. The choice for a Gaussian spatial distribution condition results from the kinetics described in (3.1), which is well represented by a Wiener
process describing the random walk of contrast molecules through the microvascular
architecture [87]. The mLDRW model formulation is given as
r
Ct (t) = A

2

−κ(t−t0 −µ)
κ
e 2(t−t0 ) .
2π (t − t0 )

(3.2)

In (3.2), the parameter t0 represents the theoretical injection time under the assumption of constant hemodynamic conditions along the full path from the injection to the
detection site, represented by the local characteristics at the detection site, the parameter µ represents the mean transit time of the indicator bolus between the injection
and detection site, the parameter A is the time integral of Ct (t), and κ [s−1 ] is a local
dispersion-related parameter. More precisely, the dispersion parameter κ represents the
local ratio at the detection site between the squared carrier velocity v2 (convection) and
the dispersion coefficient D. The parameter A is related to the local fractional volume
of capillary blood plasma, vp , as well as to the time integral α of the intravascular concentration in blood plasma, Cp (t), by the relation A = vp α. The parameter α depends
on the intravascular blood flow and the injected dose (contrast volume) through the
Stewart-Hamilton equation [91]; in particular, α represents the ratio between injected
contrast volume and blood flow.
Once an intravascular indicator bolus is injected intravenously, its passage can be
detected at each voxel within a defined region of interest (ROI) in order to generate
a CTC for each ROI voxel. Each CTC is then fitted by the mLDRW model to estimate
the parameter κ and generate a parametric dispersion map. Intravascular dispersion has
been shown to represent a better indicator than intravascular perfusion to detect the
presence of angiogenesis and cancer [85, 92]. Preliminary results by DCE-US for PCa
localization are in fact very promising [85, 92]. The dispersion parameter κ is strongly
affected by angiogenic variations in the microvascular architecture; these are reflected
into the indicator multipath trajectories that determine the local dispersion kinetics. This
hypothesis has also been confirmed by an initial study in mice [324].
3.2.2

Gadolinium Full Dispersion Model

In the presence of a diffusible indicator, such as a gadolinium chelate, the leakage of the
indicator must be taken into account as it provides a major contribution to the transport
phenomenon and to the detected indicator concentration. The indicator concentration
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influencing the MR signal is the total concentration in tissue, Ct (t), in a given voxel.
This can be expressed as
Ct (t) = vp Cp (t) + ve Ce (t) ,

(3.3)

where vp is the fractional volume of capillary blood plasma, Cp (t) is the intravascular
concentration in blood plasma, ve is the fractional volume of the EES (interstitial space),
and Ce (t) is the extravascular concentration. Using a simple compartmental representation of leakage, with 1/Ktrans representing the extravascular-leakage time constant, we
can write
∂Ce (t)
= Ktrans (Cp (t) − Ce (t)) .
(3.4)
∂t
After solving Ce (t) from (3.4) with the initial conditions Cp (0) = Ce (0) = 0, (3.3)
can be rewritten as
ve

Zt
Ct (t) = vp Cp (t) + Ktrans Cp (τ) e−kep (t−τ) dτ,

(3.5)

0

Ktrans /v

with kep =
e representing the flux rate between the EES and the capillary
plasma [161].
Using the adiabatic approximation [138], the contributions of extravascular leakage
and intravascular transport can be combined through the substitution of Cp (t) in (3.4)
by Ct (t)/vp in (3.2). The resulting dispersion model, referred to as full dispersion model
(FDM), can then be formulated as

r
Ct (t) = αvp

2

−κ(t−t0 −µ)
κ
e 2(t−t0 ) +
2π (t − t0 )
t+t
2
Z 0r
−κ(τ−t0 −µ)
κ
+ αKtrans
e 2(τ−t0 ) e−kep (t−(τ−t0 )) dτ. (3.6)
2π (τ − t0 )

t0

Fitting (3.6) to measured CTCs enables the simultaneous estimation of the flux rate
parameter kep and the dispersion parameter κ. Due to the unknown value of α, representing the integral of Cp (t) according to (3.2), Ktrans cannot be estimated, and the
flux rate kep is adopted as indirect indicator for the vascular permeability. For the same
reason, also the fractional volume of capillary blood plasma, vp , cannot be estimated.
3.2.3

Gadolinium Reduced Dispersion Model

The contribution of the capillary plasma compartment to the measured signal can be
considered negligible in a first approximation. This assumption is often made [161], al-
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though the contribution of the capillary compartment may be considered relevant [138].
∼ ve Ce (t), and (3.6) becomes
Under this assumption, vp << ve , Ct (t) =
∼ αKtrans
Ct (t) =

t+t
Z 0r
t0

2

−κ(τ−t0 −µ)
κ
e 2(τ−t0 ) e−kep (t−(τ−t0 )) dτ.
2π (τ − t0 )

(3.7)

Also the estimation of the model parameters in (3.7), referred to as reduced dispersion
model (RDM), provides the simultaneous assessment of dispersion (κ) and flux rate (kep ),
characterizing vascular architecture and permeability, respectively. With respect to the
model in (3.6), identification of the model in (3.7) reduces the number of parameters to
be estimated from six to five. The same arguments used for (3.6) also hold for (3.7), for
which Ktrans and vp cannot be estimated.
Both models, FDM and RDM, include the AIF, which is given by the mLDRW model
representing Cp (t). As a result, a separate estimation of the AIF is not necessary.
3.3
3.3.1

methods
Data Acquisition

DCE-MRI was performed at the Academic Medical Center (AMC), University of
Amsterdam (the Netherlands) by the intravenous injection of a 0.1 mmol/Kg bolus of
Gadobutrol (Gadovist, Bayer). Imaging was performed with a 1.5 T system (Magnetom
Avanto, Siemens) equipped with an endorectal coil, and using a 2D spoiled gradient
recalled sequence with phase oversampling. The adopted sequence parameters were
TR/TE/flip angle = 50 ms/3.9 ms/70 degrees, slice thickness of 4 mm, and pixel size of
1.67x1.67 mm2 . The resulting time resolution was 3.1 s/volume (for 7 slices). A total of
60 dynamic scans were acquired. CTCs were then derived at each voxel and fitted by the
proposed models to generate parametric maps related to permeability and dispersion.
Standard T2 imaging was also performed for a better recognition of the anatomical structures. Figure 3.1 shows an example of T2 and DCE-MRI acquisition. All data
were exported for further analysis in DICOM (Digital Imaging and Communications in
Medicine) format.
3.3.2

Estimation of the CTC

The signal intensity obtained from the DCE-MRI sequence needs to be converted to
gadolinium CTCs, which are used as input in both Tofts and the dispersion models. To
this end, first the absolute pre-contrast T1 maps were calculated by fitting the data obtained with an Inversion Recovery (IR) sequence (TI=50, 100, 300, 600, 1500 ms). The
signal intensities were transformed into signal concentrations (in each voxel) using the
pre-contrast T1 maps with the relationship [301]:
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Figure 3.1: From left to right, prostate images by T2 and DCE-MRI images pre-contrast and at peak
enhancement.
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with SE(t) = (S(t) − S(0))/S(0) representing the signal enhancement at time t,<1 the
tissue relaxivity (<1 = 4.5 s−1 mM−1 ), and T10 the native T1 as calculated with the IR
sequence.
In general, for the standard leakage estimation by (3.5), an AIF must be determined. In
order to measure the AIF, an ROI was manually selected in the iliacal artery in multiple
sections of the scan. An arterial CTC, Cblood (t), was obtained using (3.8) with T10blood
= 1540 ms [325], and dividing the result by (1-Hematocrit) to account for the different
concentrations in whole blood and plasma (Hematocrit = 0.45). Consequently, the plasma
signal was fitted to the analytical function (model 2) proposed by Orton et al. [139],
and (3.5) was solved in a closed form as described in the same publication.
3.3.3

Parameter Estimation

Based on the analysis of our data, the signal-to-noise ratio (SNR) in each measured (voxel)
CTCs can be as low as a few dBs. CTC SNR is assessed as 20log10(CT Cpeak /σn ), with
CT Cpeak being the peak amplitude of the CTC and σn being the standard deviation of
noise (difference between measured CTC and model fit). In order to deal with low SNR,
a least-square procedure is implemented for curve fitting. In particular, because of the
nonlinear fashion of the derived models, a nonlinear iterative fitting scheme is adopted.
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Figure 3.2: Measured CTC with RDM (a), FDM (b), Tofts (c), and extended Tofts (d) fits. The
estimated, separate contributions of the intravascular (vp Cp (t)) and extravascular
(ve Ce (t)) tissue concentrations by FDM fitting are also shown. For the extended Tofts
model, Cp (t) corresponds to the measured AIF.

The search space is confined in order to reduce the risk of convergence to local minima.
To this end, the Trust-Region Reflective method is adopted [326].
Dedicated simulations were used to evaluate a number of search schemes and define
the most suitable fitting algorithm. 605 simulated CTCs were generated with the models
proposed in (3.6) and (3.7) using parameterizations representative of the measurements
in patients. White Gaussian noise was then added in order to generate CTCs with SNR
ranging from 15 dBs to infinite, therefore covering the SNR values encountered in patient measurements. Therefore, 605 curves were generated for each SNR. The normalized
mean absolute error of the parameters (κ and kep ) estimates and the fitting time were
the adopted measures for evaluation of the search schemes. After evaluating several
search schemes, also combining different search methods for different parametric subspaces, the selected scheme combines a grid search with an iterative loop. In particular,
in order to limit the number of parameters to be estimated in the iterative search loop,
the theoretical injection time t0 is estimated by a grid search. For each t0 in a selected
20-s interval (until the indicator appearance time), with a resolution of 3.1 s, the TrustRegion Reflective search loop is performed. The chosen search intervals (trust regions)
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for κ and kep are 0.005-4 s−1 and 0.01-10 min−1 , respectively. These ranges provide ample coverage of the values reported for the prostate [18, 92, 263, 327]. Figure 3.2 shows
a measured CTC fitted both by RDM, FDM, Tofts model, and extended Tofts model. By
FDM fitting, being vp 6= 0, the relative contributions of the intravascular, vp Cp (t), and
extravascular, ve Ce (t), concentration can also be derived. For the extended Tofts model,
Cp (t) corresponds to the measured AIF.
For analysis of the acquired data, the CTCs must be fitted for each voxel covering
the selected ROI. In order to reduce the convergence time, the parameter initialization
is based on the estimates obtained at the neighbouring pixels. After the parameters of
interest, kep and κ, are estimated at each voxel, their parametric maps can be generated.
In order to assess the reliability of the estimated parameters, the coefficient of determination R2 of the obtained CTC fits is derived for each voxel; CTC fits with R2 < 0.75
are discarded. In this way, parameter estimates deriving from inaccurate fits are not included in the resulting parametric maps. All the analysis is implemented in Matlab®(The
MathWorks Inc., Natick, MA) running on a standard PC.

Figure 3.3: Examples of included (a) and excluded (b) histology, with the histology in (a) corresponding to Figure 3.1.
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3.3.4

Validation

Data collection for validation of the proposed analysis was performed at the AMC, University of Amsterdam, the Netherlands. Fifteen patients referred for radical prostatectomy because of biopsy-proven PCa were included for preliminary validation of the
proposed method. All patients signed informed consent for using the acquired MRI data
for scientific research.
A preliminary validation was performed by comparison with the histological results
after radical prostatectomy. After cutting the prostate in slices of 4-mm thickness, a
pathologist analyzed them and delineated the presence of PCa. PCa is associated with
a decrease in cell differentiation, which is graded by the Gleason score [328]. All the
histology slices were then scanned to generate digital images of the histology results.
Slices where PCa presented scattered foci that were not consistent with the adjacent
slices were not considered for validation, as unsuitable for reliable localization. A total
number of 90 slices were analyzed and used for validation. Figure 3.3a shows an example of included histology result, corresponding to Figure 3.1, while Figure 3.3b shows an
example of rejected (scattered) histology result.
ROIs ranging between 9 and 91 voxels were defined in each included slice, according
to the histology, to mark malignant and benign tissue. The same ROIs where then overlapped on the corresponding parametric maps in order to assess the ability of the chosen
parameter to detect PCa.
A receiver-operating characteristic (ROC) curve was built based on all the ROI voxels
representing the class of malignant (about 1308 voxels) and benign (about 3394 voxels)
tissue. The area under the obtained ROC curve was then considered as measure for the
classification performance of each parameter at voxel level.
The classification performance at voxel level was also evaluated in terms of sensitivity, specificity, and accuracy. For each parameter, the optimal classification threshold to
distinguish between malignant and benign tissue was then chosen as the point of the
ROC curve that was the closest to the top-left corner. This procedure was carried out by
5-fold cross-validation on the 15 patient datasets [329]. By this procedure, the dataset
was randomly subdivided in 5 groups of 3 patients. The optimal threshold was then determined on 4 groups and applied to the remaining group to evaluate the classification
performance, rounding in a way that all groups would undergo classification. The procedure was repeated for 20 random 5-fold subdivisions.
From the proposed dispersion models, both the FDM and RDM, we estimated κ and
kep . The extended Tofts model in (3.4) was also applied for the estimation of kep and
Ktrans . The same parameters, kep and Ktrans , were also estimated by the standard (reduced) Tofts model, assuming vp , and therefore the first term in (3.4), to be negligible [161]. Tofts model analysis was performed by dedicated software [330]. In addition
to these standard quantitative parameters, intravascular volume and perfusion were also
evaluated by parametric maps of vp (extended Tofts) and wash-in rate (WIR) [331], respectively.
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Figure 3.4: Parametric maps corresponding to the scan in Figure 3.1 and the histology in Figure 3.3a (second slice from the top).
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Table 3.1: Classification results (sensitivity, specificity, accuracy, ROC curve area) for all the parameters. The confidence interval (± standard deviation) over all the 20 5-fold rounds
(100 combinations) is provided for sensitivity, specificity, and accuracy. The ROC curve
area is directly derived for the entire dataset. The ROC curves are shown in Figure 3.5.

3.4

Sensitivity
(%)

Specificity
(%)

Accuracy
(%)

ROC area

κ

85.0±2.9

90.2±0.9

88.6±0.5

0.94

RDM

kep

61.2±3.9

61.8±1.2

61.1±0.7

0.67

FDM

κ

69.2±3.0

82.9±1.0

78.8±0.5

0.81

FDM

kep

50.2±3.6

58.2±1.1

56.1±0.8

0.56

Tofts

Ktrans

63.5±4.6

72.2±1.0

69.5±0.7

0.77

Tofts

kep

71.3±3.8

77.1±1.0

75.0±0.5

0.84

Tofts ext.

Ktrans

61.4±3.0

68.4±1.3

65.7±0.9

0.73

Tofts ext.

kep

67.5±3.9

72.6±1.2

70.1±1.0

0.79

Tofts ext.

vp

49.7±4.5

60.5±1.7

58.1±0.6

0.56

Empiric

WIR

64.4±4.4

81.0±1.3

76.5±0.9

0.81

Model

Parameter

RDM

results

Figure 3.4 shows an example of parametric maps by the proposed models as well as
by the standard quantitative and semi-quantitative methods used for comparison. The
obtained maps correspond to the histology in Figure 3.3a (second slice from the top), and
the acquisition in Figure 3.1. The classification results based on the comparison with the
histology on the entire dataset are reported in Table 3.1. Figure 3.5 shows the ROC curves
for all the investigated methods.
The ROC curve area for the κ estimates over the complete dataset was 0.93 and 0.83
for RDM and FDM, respectively, showing the ability of the generated κ maps to properly
discriminate between benign and malignant tissue. This promising result was confirmed
by the classification results by 5-fold cross-validation, with the κ estimates revealing
sensitivity = 84.9%, specificity = 90.1%, and accuracy = 88.7%, for RDM, and sensitivity =
70.9%, specificity = 82.7%, and accuracy = 79.3% for FDM.
Based on all the classified voxels, the values of the dispersion parameter κ representing malignant and benign tissue by RDM was 1.30±1.51 s−1 and 0.05±0.13 s−1 , respectively. These values lowered for FDM to 0.83±1.26 s−1 and 0.03±0.10 s−1 , respectively.
The classification threshold, κt , during the 5-fold cross-validation procedure was stable,
being κt =0.0897±0.0012 s−1 and κt =0.0344±0.0007 s−1 for RDM and FDM, respectively.
According to our simulations, the combination of a grid search on t0 and the selected
iterative search on the remaining parameters provides the best results in terms of fitting
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Table 3.2: Normalized mean absolute error (NMAE) of the estimated parameters based on 605
simulated curves at varying SNR.
NMAE % (mean ± standard deviation)
10000 dB
κ

35 dB

30 dB

25 dB

20 dB

15 dB

1.87±13.83 2.15±13.32 2.51±14.62 3.32±16.08 3.59±14.61 5.88±16.96

(RDM)
kep

1.84±5.52 1.88±5.60 2.04±6.22 2.37±5.49 2.74±5.96 3.26±5.50

(RDM)
κ

4.38±7.38 4.23±6.98 4.60±7.56 5.44±9.73 4.99±9.64 5.62±15.23

(FDM)
kep

3.05±2.96 2.93±2.92 3.20±3.28 3.21±3.51 3.54±4.84 4.01±4.21

(FDM)

accuracy and computational time. For a typical 25-dB SNR, the average coefficient of determination of the fits was R2 = 0.9301±0.0027 (RDM) and R2 = 0.9327±0.0027 (FDM), and
the average fitting time for one curve was 0.9 s (RDM) and 1.3 s (FDM). The parameterestimation accuracy is reported in Table 3.2 in terms of normalized mean absolute error
of the κ and kep estimates for different SNRs.
3.5

discussion

A new DCE-MRI quantitative analysis method is proposed for the characterization of
the microvascular architecture, aiming at detecting angiogenic changes related to cancer growth. The intravascular dispersion of an injected gadolinium-chelate bolus is estimated at each voxel and used to characterize the microvascular architecture and, therefore, to localize PCa.
Two models are proposed to describe the contrast-agent dispersion kinetics that are
based on the combination of the Tofts compartmental model [161] to represent the leakage process and the solution of the convective dispersion equation proposed by Kuenen
et al. [92] to represent the intravascular transport kinetics of the agent. A full dispersion
model (FDM) and its reduced version (RDM), neglecting the intravascular contribution
to the measured MR signal, are proposed. Both models permit in principle the simultaneous estimation of the intravascular dispersion parameter κ and the flux rate parameter
kep . In the derivations of both models, an adiabatic approximation has been implicitly
made, considering the influence of extravascular leakage on the intravascular dispersion
kinetics to be negligible. This hypothesis is supported by the different time scales of the
two phenomena, which, according to our results, are of the order of seconds and minutes
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Figure 3.5: Receiver Operating Characteristic (ROC) curves for the different parametric maps over
the entire analyzed dataset.

for dispersion and leakage, respectively. The validity of an adiabatic approximation for
the prostate is also suggested by previous studies with DCE-MRI [332].
An additional hypothesis in the presented models consists of the assumed boundary
conditions to solve (3.1) a Gaussian distribution of the contrast agent in space prior to
entering the detection site in the capillaries. This hypothesis derives from the solution of
the convective dispersion equation as given by the LDRW model [87, 315]. In this model,
as a result of a random walk process, the contrast distribution is described by a Gaussian spatial distribution that translates due to convection and spreads due to dispersion.
Although never verified experimentally, the accuracy of this model for fitting CTCs [92,
314] from intravascular contrast agents suggests the validity of this hypothesis. Based
on this hypothesis, we are able to extract local CTC parameters that are independent of
the bolus intravascular history from the injection to the detection site, avoiding the need
for the determination of an AIF. This is a major advantage over other techniques, as a
correct AIF estimation is very difficult to obtain [35]. In addition, the arbitrary choice of
an ROI for the AIF measurement introduces a large degree of operator dependency in
the final results [333].
The resulting dispersion maps were evaluated for their ability to detect PCa as compared to the histology. These maps, especially for the RDM, produced classification results superior to those obtained by the Tofts model (Ktrans , kep ) and also outperformed
the other parametric maps related to intravascular volume fraction (vp ) and perfusion
(WIR). These are promising results, motivating further investigation on the implementa-
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tion and use of dispersion imaging by DCE-MRI. In addition, further investigation by intravascular agents of the spatial distribution of the parameter α and its relation with the
central circulation may open up new possibilities for the estimation of (relative) Ktrans
and vp maps by the proposed dispersion models.
In general, the values obtained for the dispersion parameter κ are of the same order as
those found in the prostate by previous DCE-US studies based on intravascular contrast
agents [18, 92]. This result supports the validity of the proposed approach. The obtained
higher values for the dispersion parameter κ by RDM with respect to FDM may possibly be ascribed to the underlying approximation of negligible vp , compensated by a
slight remodeling (higher velocity v and lower dispersion D) of the intravascular timeconcentration input function Cp (t).
From the estimated κ values, we can also provide a coarse estimate of the dispersion
distance covered between two subsequent volume acquisitions. Based on the relation
κ = v2 /D and√assuming p
a capillary blood velocity v ≈ 1 mm/s, the linear dispersion
distance, d = DT = v T/κ [102], during one sampling period, T = 3.1 s, is of the
order of few millimeters. As a result, the adopted voxel size seems suitable to appreciate
the investigated dispersion process.
The RDM outperformed the FDM in the classification performance by the estimated
dispersion parameter κ and flux rate parameter kep . This result is in line with the simulation results in Table 3.2, showing more accurate fits for RDM with respect to FDM.
Moreover, for both models, PCa classification by the simultaneously estimated parameter
kep was unreliable. The reason can possibly reside in a dependency between the model
parameters, resulting in unreliable estimates especially in the presence of low SNR. In
future work, extensive model sensitivity analysis will be carried out to investigate this
issue with the estimation of kep and improve the fitting algorithm.
Special attention is required for the parameter t0 . According to (3.6) and (3.7), t0 could
disappear from the model formulations by a simple variable substitution. Therefore, t0
should not be considered as part of the models. However, its estimation is necessary for
CTC time translation prior to model fitting by the proposed models as well as by Tofts
model [149].
In general, our study based on DCE-MRI confirms the results obtained by DCE-US: the
estimated dispersion parameter seems a better indicator for the presence of cancerous tissue than the intravascular volume fraction vp and the empirical intravascular-perfusion
parameter WIR. In addition, the same as with DCE-US, the presence of cancerous tissue
correlates well with an increase in the dispersion parameter κ. As κ = v2 /D, it follows
that, for comparable blood velocity v, cancer correlates with a decrease in the dispersion
coefficient D. This can possibly be explained by the role played by vascular tortuosity,
which shows a significant increase in angiogenic micro vessels [7, 334]. An increase in
tortuosity acts against dispersion, constraining the transported agent in space and extending the dispersion time [335].
In this study, the parametric maps obtained by DCE-MRI are compared with the corresponding histology slices. Slice selection is based on the known order and thickness of
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histology and MRI slices. This coarse comparison enables the validation of larger tumors
only, which are consistently present in subsequent slices and show a clearly confined
area. This enables defining regions on the parametric maps that are based on the histology and that are covering with 100% confidence either malignant or benign tissue. Data
where scattered cancer foci, marked by the pathologist, were not consistent through
subsequent slices were excluded, as a reliable comparison was not feasible. In the future,
this limitation could be overcome by employment of registration techniques that permit
achieving accurate mapping between histology and MRI parametric maps [336]. This
should also take into account for prostate deformation due to the pressure exerted by
the endorectal coil during the scan and for prostate deformation after radical prostatectomy due to gravity and fixation processes [337].
In this study, histology is considered as the reference standard for validation. However, while histology grading is based on the degree of cell differentiation (Gleason
score) [328], the estimated dispersion map represents the characteristics of the microvascular architecture. In the future, comparison with immunohistological microvasculardensity maps should therefore be considered.
In general, this study not only provides a different, alternative way to detect cancer
angiogenesis by characterization of the microvascular architecture through estimation of
intravascular dispersion, but also contributes to the development of mpMRI methods that
can combine the available information on vascular permeability and leakage, provided
by the Tofts model, with new information on the microvascular architecture assessed by
use of the proposed models. Up until now, also for PCa imaging, the use of mpMRI has
been reported as the best option for improving diagnostic performance [238, 318, 319].
Despite this, there is ample room for improvement [321], and the proposed additional
information on the microvascular architecture can possibly contribute to improve the
accuracy of mpMRI for PCa localization.
In this study, MR dispersion imaging has been introduced and tested in the context of
PCa imaging and diagnosis. However, this method is suitable for detection of any form
of cancer where angiogenesis plays an important role. Therefore, we plan in the future
to investigate other forms of cancer with this approach.
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4
MAGNETIC RESONANCE DISPERSION IMAGING:
C O M P U T AT I O N A L O P T I M I Z AT I O N
Based on [J5]: S. Turco, et al. “Time-efficient estimation of the magnetic resonance dispersion model parameters for quantitative assessment of angiogenesis.”, Biomedical Signal
Processing and Control 26 (2016): 23-33.
abstract
The limitations of the available imaging modalities for prostate cancer (PCa) localization
result in suboptimal protocols for management of the disease. In response, several dynamic contrast-enhanced imaging modalities have been developed, which aim at cancer
detection through the assessment of the changes occurring in the tumor microenvironment due to angiogenesis. In this context, novel magnetic resonance dispersion imaging
(MRDI) enables the estimation of parameters related to the microvascular architecture
and leakage, by describing the contrast agent kinetics with a dispersion model. Although
a preliminary validation of MRDI on PCa has shown promising results, parameter estimation can become burdensome due the convolution integral present in the dispersion
model. To overcome this limitation, in this work we provide analytical solutions of the
dispersion model in the time and frequency domains, and we implement three numerical
methods to increase the time-efficiency of parameter estimation. The proposed solutions
are tested for PCa localization. A reduction by about 50% of computation time could be
obtained, without significant changes in the estimation performance and in the clinical results. With the continuous development of new technological solutions to boost
the spatio-temporal resolution of DCE-MRI, solutions to improve the computational efficiency of parameter estimation are highly required.
4.1

introduction

Tumor proliferation and the formation of metastasis are dependent on angiogenesis, i.e.,
the process by which a vascular network is formed to provide the tumor with oxygen
and nutrients necessary for its growth, and with an escape route to enter the systemic
circulation, thus allowing its spreading [5, 7, 8].
In cancer, angiogenesis is a chaotic process leading to the formation of an irregular
and dense network of tortuous and fragile microvessels, characterized by increased permeability, arteriovenous shunts, and complex flow patterns [11].
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Extensive research is focused on the development and testing of novel anti-angiogenic
drugs aimed at blocking angiogenic processes and/or targeting angiogenic tumor vasculature [10]. Focal therapies for localized cancers are also available [338, 339], but their
efficient and timely use requires reliable diagnosis and accurate cancer delineation. In
response to the need for early evaluation and monitoring of therapeutic response to
angiogenic treatment, and for earlier and improved cancer localization, several dynamic
contrast-enhanced (DCE) imaging methods are being developed for in-vivo, non-invasive
assessment of tumor angiogenesis [11, 19, 53]. To this end, research is especially focused
on non-ionizing solutions with MRI and US [92, 340–342].
In DCE magnetic resonance imaging (MRI), the injected contrast agent, typically based
on gadolinium chelates, leaks across the vascular endothelium into the interstitium, thus
offering the opportunity to probe tumor vasculature through the assessment of the contrast distribution between the intravascular and extravascular spaces. To this end, suitable pharmacokinetic models are fitted to contrast concentration time curves (CTCs)
measured at each voxel by DCE-MRI, leading to the estimation of quantitative parameters that are related to the physiology underlying tumor angiogenesis [53, 161, 340].
In this context, magnetic resonance dispersion imaging (MRDI) has recently been proposed as a new method to characterize the functional and structural changes in the tumor
microvasculature, by describing the intravascular kinetics of an extravascular contrast
agent as a convective-dispersion process [340, 343]. The intravascular transport of the
contrast agent from the injection site to the capillaries, where the contrast leakage in
tissue takes place, is modeled by the convective-dispersion equation, thus enabling the
characterization of the microvascular architecture [92, 340, 343]. In fact, dispersion is
due to the combined action of molecular diffusion, due to Brownian motion of the contrast molecules, and convection through the vascular network, mainly determined, in
the microcirculation, by the multipath trajectories in the microvascular bed [36]. This
novel method has been tested for prostate cancer (PCa) localization with promising initial results [343, 344], encouraging further research.
In the United States, PCa has the highest incidence (27% of estimated new cancer
cases) and the second highest mortality (10% of estimated cancers deaths) in males [345].
These statistics are comparable to the European figures [346] and, more in general, to
those of developed countries [347]. Current PCa diagnostics, mainly relying on Prostate
Specific Antigen (PSA) test, Digital Rectal Examination (DRE), and repeated systematic
biopsies [241, 348], has several limitations for cancer localization, proper patient selection for active surveillance or therapy, and treatment guidance and follow-up [349]. This
highlights an urgent need for reliable imaging methods able to localize PCa [348, 350].
In this regard, assessment of the angiogenesis-related changes in the tumor microvasculature may provide a valid imaging option, based on the established link between cancer
aggressiveness, that is the risk of developing metastasis, and the microvascular density
(MVD), typically assessed by immunohistological analysis [7, 304, 305].
In MRDI, parameters related to the microvascular architecture (dispersion parameter,
κ) and to the microvascular permeability (leakage parameter, kep ) are estimated at each
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voxel by fitting CTCs measured with DCE-MRI by a dispersion model. This leads to the
generation of parametric maps which are able to highlight some of the features characterizing angiogenic processes and thus can reveal the presence of cancer. The proposed
dispersion model describes the tissue contrast concentration as a convolution between
the intravascular contrast concentration, described as a Brownian motion process according to the convective-dispersion equation, with the interstitium impulse response,
represented by a mono-exponential decay, and describing the contrast leakage in the
extravascular space.
Due to the non-linear nature of the model, iterative least-squared-error minimization
is used for parameter estimation. When the noise samples are independent, Gaussiandistributed, and with constant variance, the least-squares estimation (LSE) is equivalent
to the maximum-likelihood estimation (MLE), which is known for its desirable mathematical and optimality properties, including sufficiency, consistency, efficiency, and
parametrization invariance [55, 56]. Several noise sources may corrupt DCE-MRI images
including measurement noise, electronic noise in the receiver coils, thermal noise, and
inductive losses in the sample [351, 352]. In amplitude, the Gaussian distributed noise
present in the acquired complex data is converted into Rician noise after computation
of the signal magnitude. However, for signal-to-noise ratio (SNR) greater than 3, the Rician distribution is well approximated by a Gaussian distribution [351]. In time, noise in
consecutive frames can be assumed to be independent due to the Brownian motion of
the contrast particles over time [87].
The presence of the convolution integral in the dispersion model increases the computational burden of the fitting routine by introducing N2 multiplications at each iterative
step, where N is the number of time samples in the CTC. This limitation can be overcome by finding a closed-form solution of the convolution integral in the time domain,
thereby reducing the algorithm complexity to O(N).
Another opportunity to avoid the computation of the convolution integral is offered
by the Fourier domain, where, according to the convolution theorem, the convolution
of two functions is transformed into a simple product [353, 354]. Although the transformation in the Fourier domain through the discrete Fourier transform (DFT) involves
again a number of multiplications proportional to N2 , a more efficient implementation
of the DFT, known as the Fast Fourier Transform (FFT), allows to reduce this number to
NlogN [353, 354]. As a result, studying the model in the Fourier domain may decrease
the computational burden of the estimation method.
Beside the reduction in the computation time, analytical solutions of the dispersion
model permit the calculation of the analytical Jacobian, thus facilitating the investigation
of model identifiability [355, 356] and reduction [357–359].
Based on the promising results obtained by MRDI for PCa localization, in this work
three solutions to increase the computational efficiency of the method are proposed and
tested in PCa. The proposed solutions are obtained (i) by finding a closed-form analytical
solution of the convolution integral in the time domain; (ii) by finding the analytical expression of the Fourier transform of the model, thus replacing the convolution integral
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with a simple product; (iii) by numerically transforming the two terms of the convolution
integral in the Fourier domain and inverse transforming their product, thus exploiting
the computational advantages of the FFT. The new solutions boost the time performance
of parameter estimation by reducing the number of operations to be performed at each
step of the iterative fitting routine. Moreover, the shape of the objective function is also
changed, leading to possible reduction in the estimation error [360]. The performance of
the proposed solutions are tested by dedicated simulations, and compared with the original method in terms of computation time, accuracy, precision, repeatability, and robustness to noise of the estimation procedure. Moreover, a preliminary clinical evaluation is
carried out on 15 patients scheduled for radical prostatectomy because of biopsy-proven
PCa.
4.2
4.2.1

theory
Dispersion Modeling by Temporal Convolution

The tissue concentration of a contrast agent in a voxel can be expressed as a weighted
sum of the concentration in the extravascular and capillary compartments as
Ct (t) = vp Cp (t) + ve Ce (t),

(4.1)

where Ct (t) is the tissue contrast concentration, Cp (t) and Ce (t) are the intravascular
and extravascular concentrations, respectively, and vp and ve are the intravascular and
extravascular fractional volumes, respectively.
Assuming the volume transfer constant (Ktrans ) for the transport of the contrast agent
between the intravascular and extravascular spaces to be equal in both directions, the
extravascular concentration kinetics can be described by the model of Tofts et al. [161]
as
∂Ce (t)
= Ktrans (Cp (t) − Ce (t)).
(4.2)
∂t
Solving (4.2) with initial conditions Ce (0) = Ct (0) = 0, and further assumption of
negligible contribution of the plasma compartment to Ct (t) (i.e., vp ' 0), the contrast
concentration at each voxel for t > 0 is described as
ve

Ct (t) = Ktrans Cp (t) ∗ e−kep t ,

(4.3)

where Òkep = Ktrans /ve Ó is the black-flux rate from the extravascular space into the
plasma compartment, and the symbol ∗ represents the convolution integral.
The kinetics of the contrast agent in the intravascular space can be modeled as a
convective-dispersion process, by which the Brownian motion of the contrast molecules,
due to molecular diffusion, is superimposed to the spatial translation of the contrast
bolus, due to the drag force of the carrier fluid (i.e., blood). A local characterization of
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the dispersion process is provided by the modified local density random walk solution
of the convective-dispersion equation [92], which is described by
r
Cp (t − t0 ) = α

2

κ(t−µ−t0 )
κ
−
e 2(t−t0 ) ,
2π(t − t0 )

(4.4)

where α is the time-integral of Cp (t), t0 is the theoretical contrast injection time, µ is
the mean transit time of the contrast particles between injection and detection sites, and
κ is the intravascular dispersion parameter, given by the local ratio between contrast
convection (squared velocity v2 ) and dispersion (dispersion coefficient D). In the presence of convection through a microvascular network, dispersion is mainly determined
by the multipath trajectories across the microvascular bed [36]. For these reasons, the
local dispersion parameter has been adopted to characterize the microvascular architecture [92].
If the kinetics of the extravascular leakage are much slower than the intravascular
dispersion (i.e., kep  κ), then the adiabatic approximation can be made [138], and the
intravascular concentration Cp (t) in (4.3) can be substituted by Cp (t) given in (4.4). The
resulting dispersion model is thus obtained as
!
r


κ(t−µ−t )2
κ
− 2(t−t 0)
0
e
∗ e−kep t .
(4.5)
Ct (t − t0 ) = A
2π(t − t0 )
with A = Ktrans α.
4.2.2

Closed-form Solution of the Convolution Integral

A closed-form solution of (4.5) can be obtained as

 r
κ −kep (t−t0 )+κµ
e
·
Ct (t − t0 ) = A
8z
√
p
√
[e2 z$ (erf( zt + $/t) − 1)+
√
p
√
e−2 z$ (erf( zt − $/t) + 1)],

(4.6)

where erf represents the error function, and the following substitutions have been made:


z = 12 κ − kep
,
(4.7)
 $ = 1 κµ2
2

with the condition κ > 2kep , in accordance with the adiabatic approximation. A more
detailed derivation of (4.6) can be found in Appendix A.1.
4.2.3

Dispersion Model in the Frequency domain

Using the time-translation property, the Fourier transform of (4.5) can be calculated as
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F [Ct (t − t0 )] (jω) = e−jωt0 F [Ct (t)] (jω) ,

(4.8)

where Ct (t) can be written as
r
Ct (t) = A

κ
2π

" r

!
#


1 − κ (t−µ)2
u(t) ∗ e−kep t u(t) ,
e 2t
t

with u(t) being the unit step function described by


1 for t > 0
u(t) =
.
 0 for t < 0
Defining f1 (t) and f2 (t) as

q
κ
 f (t) = 1 e− 2t
(t−µ)2 u(t)
1
t
,

f2 (t) = e−kep t u(t)

(4.9)

(4.10)

(4.11)

and using the convolution property, we can calculate the Fourier transform of (4.5) as

 r
κ
f1 (t) ∗ f2 (t) (jω) =
F A
2π
r
κ
A
F1 (jω)F2 (jω),
2π

(4.12)

where F1 (jω) and F2 (jω) are the Fourier transforms of f1 (t) and f2 (t), respectively. This
leads to the following solution in the frequency domain
1
·
kep + jω
r
q

− 1
2
κ −jωt0 +κµ 1
−2 12 κµ2 ( 12 κ+jω)
.
A
e
κ + jω
e
2
2

F [Ct (t − t0 )] (jω) =

(4.13)

The derivation of (4.13) is explained in more detail in Appendix A.2.
4.3
4.3.1

methods
Fitting algorithm

The fitting algorithm implemented for parameter estimation is described by the flowchart in Fig. 4.1. In a balance between estimation error and computation time, parameter
estimation was obtained by combining a grid search for the parameter t0 with an iterative
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Figure 4.1: Flow-chart describing the parameter estimation routine.

loop for the rest of the parameters. According to simulations, a 2-s resolution was chosen
for the t0 grid; reduction of the resolution below 2 s does not lead to further improvement
in the parameter estimation. For each t0 in the grid, the rest of the parameters were
estimated by non-linear least square (LS) curve fitting with the Trust-Region Reflective
method [343], and the best fit was finally chosen according to the LSE criterion. Iterative
LS curve fitting was performed using four different methods:
• Time Convolution (TC): each CTC is fitted by (4.5).
• Time Closed-form (TCF): each CTC is fitted by (4.6).
• Frequency Product (FP): each CTC is fitted by (4.5). However, in this case the
direct calculation of the convolution integral at each iterative step is avoided by
calculating the two terms of the convolution integral, transforming them in Fourier
domain, and finally anti-transforming their product. From (4.12) this can be written
as

 r
κ
−1
f1 (t) ∗ f2 (t) .
(4.14)
Ct (t − t0 ) = F
F A
2π
• Frequency Closed-form (FCF): the analytical Fourier transform of the dispersion model provides an opportunity to fit the CTC in the frequency domain. However, the measured CTC is a sampled, windowed version of the real signal and
thus its frequency content cannot be fully determined due to spectral leakage during the application of the FFT [54]. In order to take windowing into account, the
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model in (4.13) should be convoluted with a sinc function, thus introducing again
the calculation of a convolution integral at each step of the fitting routine. To overcome this problem, each CTC is fitted in the time domain by the inverse FFT of
the model in (4.13). To avoid aliasing in the time-domain during the application of
the inverse FFT, the model in (4.13) is first oversampled with more samples (empirically chosen to be 2500), increasing the frequency resolution and thus virtually
extending the time-window.
The fitting algorithms were implemented in Matlab® (The MathWorks Inc., Natick, MA)
running on a standard desktop computer. To evaluate the reliability of the estimated
parameters, the coefficient of determination R2 is determined for each CTC fit. CTC fits
with R2 < 0.75 are discarded and excluded from further analysis.
4.3.2

Simulations

To evaluate the performance of the proposed solutions, 1080 clean CTCs were simulated with the partial differential equation in (4.2) in a finite-difference approach, with
intravascular concentration as in (4.4). The obtained simulated CTCs were sampled at
a resolution of 3.1 s, for a total number of 60 time samples. The parameters κ and kep
were varied in the ranges [0.005; 4] s−1 and [0.005; 3] min−1 , respectively, according
to the values found in the literature [92, 263]. Due to the adiabatic approximation, the
simulated parameter space was further limited by the condition κ > kep .
The performance of the four methods was compared in terms of estimation time, accuracy, precision, repeatability, and robustness to noise. Based on our noise characterization (Sects. 4.3.4 and 4.4.3), Gaussian noise was added to the simulated CTCs. The
signal-to-noise ratio (SNR) was varied from infinity to 15 dB by changing the standard deviation σ of the simulated noise, according to σ = CTCpeak /10(SNR /20) , with CTCpeak
being the maximum of the curve. For each SNR, estimation accuracy and precision were
assessed by calculating the normalized mean error (NME) and its standard deviation
σNME , respectively. To evaluate repeatability, a fit-refit approach was used. The simulated CTCs were fitted 10 times for each SNR level, and the coefficient of variation was
calculated as the ratio between the standard deviation and the mean value of the parameter estimates over the 10 different fits. Since the probability density function of the
CV does not follow a Gaussian distribution, the median CV was calculated to represent
its statistics. Furthermore, the time performance of the four methods was evaluated by
calculating the average computation time needed to fit one CTC.
4.3.3

Clinical Validation

The clinical evaluation was performed on 15 patients referred for radical prostatectomy
because of biopsy-proven PCa. All the included patients signed informed consent. The
validation data were collected at the Academic Medical Center (AMC), University of
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Amsterdam (the Netherlands). After intravenous injection of a 0.1 mmol/Kg bolus of
Gadobutrol (Gadovist, Bayer), DCE-MRI was performed with a 1.5-T MRI scanner (Magnetom Avanto, Siemens) equipped with a transrectal coil. The sequence settings were
TR/TE/FA = 50 ms/3.9 ms/70 degrees, the voxel size was 1.67x1.67x4 mm3 , and the time
resolution was 3.1 s/volume (for 7 slices). The number of frames acquired ranged from
45 to 80.
To enable quantification, the
native T1 relaxation maps were
calculated by fitting the signal S
obtained with an inversion recovery sequence (inversion time, TI
= 50, 100, 300, 600, 1500 ms) to
an exponential function of the
form S = A(1 − 2 exp(−TI/T1 )),
where A is a fitting parameter.
The time intensity curves measured with DCE-MRI were then
converted to concentration-time
curves (CTCs), according to the
Figure 4.2: Histology specimen corresponding to the para- relationship [301]:
metric maps in Fig. 4.3.

1
Ct (t) = −
·
TR R1
 

 TR

−T
− TTR



10 − 1 + (e
10 (1 − cos FA)
TR 
 SE(t) e
ln 

 TR

 −

−T


T
10


10
1 + cos FA SE(t) e
−1 −1

(4.15)

where SE(t) = (S(t) − S(0))/S(0) represents the signal enhancement at time t, TR is the
repetition time of the dynamic sequence, R1 is the tissue relaxivity (R1 = 4.5 s−1 mM−1 ),
FA is the flip angle, and T10 is the native T1 as calculated with the inversion recovery
sequence.
Histology specimens from patients with biopsy-proven PCa were obtained and analyzed at the AMC. A pathologist fixed in formalin the prostate specimens, cut them in
slices of approximate thickness of 4 mm, and delineated the cancerous areas based on
the microscopic analysis of cell differentiation (Fig. 4.2). The histology specimens are
cut in parallel slices with the same orientation and thickness as the imaging planes, thus
enabling visual matching of each histology slice to the corresponding MRI plane. Histology slices where PCa presented scattered foci or was not consistent in adjacent slices
were not considered suitable for reliable cancer localization and were excluded from the
validation.
To evaluate the ability of the relevant parameters (κ and kep ) to diagnose PCa, the
MRDI parametric maps were compared to the histology (Fig. 4.3). More in detail, regions-
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of-interest (ROIs) were then drawn on the gray-scale DCE image prior to contrast injection to mark benign and malignant tissue based on the corresponding histology slices.
Based on these ROIs, the classification performance of the estimated parameters was
evaluated on a voxel level in a total of 91 MRI slices in terms of sensitivity, specificity, negative predictive value (NPV), positive predictive value (PPV), and area under the receiver
operating characteristic (ROC) curve. To calculate sensitivity, specificity, NPV, and PPV,
the optimal classification threshold was determined based on the ROC curve, according
to the top-left corner criterion [361]. Due to the relatively small size of the dataset, the
procedure was carried out by 5-fold cross-validation on the 15 patient dataset [329]. By
this procedure, the dataset was randomly subdivided in 5 groups of 3 patients. The optimal threshold was then determined on a training set comprising 4 groups (12 patients)
and applied to a validation set comprising the remaining group (3 patients), rounding in
a way that all the groups would be once part of the validation set. The procedure was
then repeated for 20 random 5-fold subdivisions.
4.3.4

Noise Analysis

In Section 4.2, the error-free physiological models representing the concentration of
a contrast agent in a voxel of tissue have been presented. However, since the acquired
samples will be corrupted by several sources of noise, a more appropriate description for
the measured Cm (t) can be written as
Cm (t) = C(t, θ) + r(t),

(4.16)

where Cm (t) is the measured CTC, C(t, θ) is a mathematical model describing the CTC
by the set of model parameters θ = [α, kep , κ, µ, t0 ], and r(t) are the residuals, i.e., the
discrepancies between the measured data and the model. In the LSE method, the best set
of parameters b
θ is searched for by minimizing the sum of squared discrepancies as
N
X
b
θ = arg min
(Cm (ti ) − C(ti , θ))2
θ

!
,

(4.17)

i=1

where N is the number of time samples in the CTC. Another commonly used method
for parameter estimation is the MLE method, which finds the best set of parameters b
θ
by solving the following maximization problem
b
θ = arg max L(θ|Cm (t)),

(4.18)

θ

where L(θ|Cm (t)) is the likelihood function, which is proportional to the probability
p(θ|Cm (t)) of observing the data, given a set of model parameters θ. Although the application of the LSE method is more straightforward, the MLE method is particularly
attractive because of his optimality properties, including sufficiency, consistency, efficiency, and parametrization invariance. However, if the noise samples are normally dis-
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Figure 4.3: Parametric maps of κ and kep obtained with the four different methods.
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tributed, independent and with constant variance, the MLE gives the LSE solution [55,
56].
To verify the optimality of the chosen LSE method, the noise in the CTC was characterized by studying the residuals r(t) on a voxel basis. Noise normality was tested
by fitting a Gaussian distribution with zero mean to the distribution of the residuals in
each MRI plane. Moreover, to verify that the noise samples are uncorrelated, a whitenoise test was performed by studying the autocorrelation function of r(t) at each voxel,
which can be estimated as
X
brr (τ) = 1
R
r(ti )r(ti + τ),
N
M

(4.19)

i=1

where τ is the time lag, and M is the number of samples used to calculate the autocorrelation function at each time lag τ. These are bounded by the condition M + τ < N.
The estimated autocorrelation is also associated with a certain variance. If we deal with
Gaussian white noise, the autocorrelation function takes the form of a pulse at τ = 0:

 2
σr if τ = 0
Rrr (τ) = E {r(t)r(t + τ)} =
,
(4.20)
 0 if τ 6= 0
with σ2r being the variance of the residuals, and E {.} the expectation operator. The exb2Rrr (τ) is given by
pected variance σ

 2σ4r
2R (0)2
= rrM
if τ = 0
2
2
M
b
bRrr (τ) = E (Rrr (τ) − Rrr (τ)) =
(4.21)
σ
2
4
 σr = Rrr (0)
if τ 6= 0
M

M

Based on this, the autocorrelation function of the residuals was estimated at each voxel,
and it was verified that the autocorrelation samples for τ 6= 0 were within the two-sided
confidence interval for 99% reliability, computed as ±2.33b
σ2b
, thus indicating an
Rrr (τ)
estimated autocorrelation typical of Gaussian-white noise.
4.4
4.4.1

results
Simulations

In Fig. 4.4, the estimation accuracy and precision at different level of the SNR are evaluated in terms of NME and its standard deviation σNME . The repeatability of the methods
was assessed in terms of median CV over 10 repetition of the fitting procedure. This was
smaller than 10−5 % in all cases.
Table 4.1 reports the average time µt needed to fit one CTC with the four different
methods. A significant reduction of the computation time with respect to the original method (TC) by 34.8% and 47.3% was achieved with the FP and TCF methods (pvalue<0.01), respectively, while the computation time significantly increased by 32.0%
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Figure 4.4: NME calculated for the estimation of a. κ and b. kep with the four different methods.
The standard deviation σNME is given by the error bars.
Table 4.1: Time performance obtained in simulated data.

µt ± σt (s)
Reduction (%)

TC

TCF

FP

FCF

1.25±0.18
0.0

0.82±0.13
34.8

0.66±0.09
47.2

1.66±0.24
-8.0

with the FCF method (p-value<0.01). The significance of the results (p-value) was assessed by two-tailed paired Student’s t-test. In Fig. 4.5, the time needed to fit the CTC
extracted from one voxel is plotted against the number of time samples N in the CTC. The
computation time showed a quadratic dependency on N for the TC method (R2 =0.99), a
linear dependency for the TCF method (R2 =0.76), and a N log N dependency for the FP
and FCF methods (R2 =0.92 and R2 =0.80, respectively). However, the difference between
a linear trend and a N log N trend cannot be appreciated for the investigated range of
N.
4.4.2

Clinical validation

Table 4.2 reports the results of the clinical validation performed on a voxel level in 15
patients in terms of sensitivity, specificity, NPV, PPV, evaluated by 5-fold cross-validation
on 20 random patient subdivisions, and ROC area, evaluated on the whole patient dataset
(Fig. 4.6). For all methods, the percentage of pixels with successful fit (R2 >0.75) in the
selected ROIs was greater than 90%. The mean and standard deviation of the estimated
parameters in the benign and malignant ROIs are reported in Table 4.3. Fig. 4.7 shows
an example of CTC and the corresponding fits obtained with the four different methods.
Regarding the time performance, Table 4.4 reports the average time µt needed to fit one
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Figure 4.5: Dependency of the computation time on the number of time samples for the TC method
(circles), TCF method (squares), FP method (triangles), and FCF method (diamonds).
Table 4.2: Results of the clinical validation.

κ (TC)

κ (TCF)

κ (FP)

κ (FCF)

Sensitivity (%)

80.6±2.7

80.5±3.0

81.0±2.9

80.9±2.7

Specificity (%)

86.2±0.7

87.0±0.7

86.4±0.8

86.1±0.7

PPV (%)

68.0±3.5

69.9±3.4

67.9±3.5

68.1±3.9

NPV (%)

92.9±0.3

92.6±0.3

93.0±0.4

93.0±0.3

0.91

0.91

0.91

0.90

kep (TC)

kep (TCF)

kep (FP)

kep (FCF)

Sensitivity (%)

56.1±3.4

65.4±2.9

56.2±3.4

36.6±3.8

Specificity (%)

63.3±1.4

59.4±1.2

64.7±1.1

65.3±4.3

PPV (%)

35.3±1.3

37.6±1.1

36.1±1.0

28.5±2.5

NPV (%)

80.4±1.0

82.2±1.1

80.7±1.0

74.1±1.9

0.60

0.63

0.61

0.42

ROC AUC

ROC AUC

90

Table 4.3: Parameters’ values in the benign and malignant ROIs
kep (min−1 )

κ(s−1 )
Benign

Malignant

Benign

Malignant

TC

0.06±0.14

1.28±1.43

0.04±0.08

0.08±0.13

TCF

0.05±0.10

1.18±1.39

0.04±0.08

0.08±0.12

FP

0.06±0.14

1.33±1.46

0.04±0.08

0.08±0.12

FCF

0.04±0.08

1.12±1.36

0.08±0.09

0.10±0.12

CTC. A significant reduction of the computation time with respect to the original method
(TC) by 46.8% and 50.9% was achieved with the FP and TCF methods (p-value <0.01),
respectively, while the difference was not significant between the TC and FCF methods
(p-value=0.08), and between the TCF and FP methods (p-value=0.2). The significance of
the results (p-value) was assessed by two-tailed paired Student’s t-test.
Table 4.4: Time performance obtained in patient data.

TC

TCF

FP

FCF

Pixel (µt ± σt (s))

0.95±0.27

0.50±0.17

0.47±0.15

1.03±0.31

Slice (µt ± σt (min))

14.8±4.8

7.9±3.1

7.4±3.0

16.0±6.0

Patient (µt ± σt (min))

89.5±26.7

47.7±18.5

45.0±18.2

97.4±37.7

0.0

46.7

49.7

-8.8

Reduction per slice (%)

4.4.3

Noise Analysis

Noise analysis consisted of testing the Gaussian-white-noise character of the residuals.
The Gaussian distribution of the noise was verified by fitting the histogram of the residuals by a zero-mean Gaussian function (Fig. 4.8a). The coefficient of determination of
the fit, evaluated in the 91 MRI planes included in the study, was 0.92±0.10.
The white-noise test was performed on a voxel basis by estimating the autocorrelation
function of the residuals. For Gaussian white-noise, this is expected to be zero with a
certain variance for any lag τ 6=0. The autocorrelation function and the 99% two-sided
confidence interval for τ 6=0 were estimated on 41563 voxels, and showed that 87% of
the autocorrelation samples were within the confidence interval (Fig. 4.8b).
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Figure 4.6: Receiving operator characteristic (ROC) curves for κ and b. kep obtained with the four
different methods over the whole dataset.
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Figure 4.7: Measured CTC samples (stars) and the fits obtained with the TC method (circles), TCF
method (squares), FP method (triangles), and FCF method (diamonds).
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Figure 4.8: a. Histogram of the residuals and corresponding zero-mean Gaussian fit calculated for
one MRI slice. b. Estimated autocorrelation function of the residuals and corresponding
confidence interval for 99% reliability calculated for one CTC.

4.5

discussion

MRDI enables PCa localization through the assessment of the changes occurring in tumor vasculature due to cancer angiogenesis [343]. In MRDI, the tissue concentration of
an extravascular contrast agent is modelled as a convolution between the intravascular
concentration, described as a convective-dispersive transport process through the vascular bed, and the tissue impulse response, modelled as a mono-exponential decay and
describing the contrast leakage into tissue. Estimation of quantitative parameters related
to the microvascular architecture and leakage leads to the generation of parametric maps
that can reveal the presence of cancer. At SNR levels shown in the available data, the size
of detectable tumors is, in principle, only limited by the resolution of the imaging system,
and in general smaller than clinically significant cancers (i.e., 0.5 mm3 ) [362]. Therefore,
MRDI is a promising new tool for aiding decision-making in PCa management between
active surveillance and curative intervention, for monitoring tumor progression during
active surveillance, and for treatment guidance and follow-up. Moreover, in the context
of multi-parametric MRI (mpMRI), by which PCa diagnosis is made by integrating the
information available from different MRI techniques [321], MRDI may improve mpMRI
performance by providing the currently lacking information on the microvascular architecture.
In this work, three novel parameter estimation methods for quantitative assessment of
angiogenesis with MRDI have been proposed and tested in PCa. The new methods have
been obtained (i) by finding a closed-form analytical solution of the convolution integral
in the time domain; (ii) by finding the analytical expression of the Fourier transform of
the model, thus replacing the convolution integral with a simple product; (iii) by numerically transforming the two terms of the convolution integral in the Fourier domain and
inverse transforming their product, thus exploiting the computational advantages of the
FFT.

93

Because of the non-linearity of the dispersion model, parameter estimation has been
performed by non-linear LSE. Under the condition of Gaussian white noise, this method
gives the same results as the MLE, which is known for its optimality properties. In MRI
images, Gaussian noise can be assumed for SNR larger than 3 [56]. Moreover, within
the limited bandwidth of the measured CTCs, whose upper limit is smaller than 0.15 Hz,
noise can be assumed to be white, and thus uncorrelated [363]. These hypotheses have
been verified experimentally on the whole dataset by testing the Gaussian distribution
of the residuals, and by performing a white-noise test on their autocorrelation function.
Therefore, the chosen LSE method can be considered equivalent to the MLE. However,
in future work, the provided analytical solutions may be exploited to implement parameter estimation with the MLE approach. This would allow to relax the assumption of
Gaussian white noise, making the solution more general. Moreover, the numerical implementation of the MLE method would reduce the estimation problem to the resolution
of a system of equations [364], and thus it may result in better time performance and
improved estimation.
Parameter estimation can be burdensome because of the convolution integral present
in the dispersion model, which introduces N2 multiplication at each iterative step, leading to an asymptotic algorithm complexity of O(N2 ). This was reduced to O(N log N),
by using the convolution property of the Fourier transform and exploiting the computational efficiency of the FFT, and to O(N), by finding a closed-form solution of the convolution integral in the time domain.
Summarizing our results, a reduction in the computation time by about 50% can be
achieved with the FP method, without significant changes in the estimation precision
and accuracy, evaluated by dedicated simulations, and in the clinical performances, evaluated in 15 patients. Beside a poorer estimation of kep by the FCF method (Tables 4.2
and 4.3), which might be due to differences in the shape of the objective function, the estimation performance was very similar between all proposed methods. With the current
implementation, the results showed no clear further advantage in using the analytical
solution of the dispersion model in the time domain (TCF method) nor in the frequency
domain (FCF method). Therefore, according to the obtained results, the FP approach
should be chosen as the preferred fitting algorithm for implementation of the MRDI
method.
Regarding the FCF method, oversampling in the frequency domain in order to avoid
aliasing in the time domain led to an increase in the computation time due to the virtually
much larger number of samples. Alternatively, the truncation of the CTC in the time
domain could have been taken into account by convoluting the frequency model in (4.13)
with a sinc function. However, this would have added to the computational burden of the
inverse FFT the calculation of a convolution integral at each step of the fitting routine,
thus leading again to an increase in the computation time.
Compared to the FP method, the TCF method showed similar estimation accuracy
and precision, but lower time performance in simulated data; however there was no significant difference in the classification and time performance obtained in patient data.
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In this work, the proposed fitting algorithms for parameter estimation were compared
using the same numerical method based on least square curve fitting. In future work,
the advantage of having analytical solutions will be further investigated. A more optimized solutions could be implemented for the TCF method by providing the analytical
Jacobian of the model to the fitting algorithm. Moreover, identifiability analysis may
provide deeper insight on the model structure, and clarify whether some parameters are
weakly identifiable or interdependencies between parameters are present. In this case,
model reduction techniques can be applied to reduce the number of parameters to be
estimated, providing a better description and understanding of the underlying physiological process, and potentially leading to more accurate results. Typically, available
methods for investigating model identifiability (e.g., Taylor series approach, generating
series method, local state isomorphism approach, and methods based on the parameteroutput sensitivity matrix [355, 356]) requires the calculation of partial derivatives. As a
result, application of this techniques may be facilitated by the provided analytical solutions of the dispersion model.
4.6

conclusion

In this work three solutions to improve the computational efficiency of parameter estimation in MRDI were proposed and tested for PCa localization. The proposed solutions
were obtained by exploiting the computational efficiency of the FFT, and by finding analytical solutions of the dispersion model in the time and frequency domains. A 50%
reduction in the computation time was obtained without significant changes in the estimation performance and in the clinical results.
Analytical solutions of the dispersion model provide an opportunity to further improve parameter estimation in MRDI by the investigation of model reduction techniques
and the implementation of maximum likelihood estimation.
The continuous development of new technological solutions boosting the spatiotemporal resolution of DCE-MRI loops leads to the need for improved analysis able to deal
with large numbers of voxels and time frames. Also in this context, the proposed solutions for optimized model fitting provide an important asset with long-term perspective.
Although our preliminary validation was performed in PCa, the method is based upon
physiological features of tumor growth and development, and thus it can possibly be
extended in the future to any form of cancer where angiogenesis plays an important
role.
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5
C L I N I C A L VA L I D AT I O N O F M A G N E T I C R E S O N A N C E
D I S P E R S I O N I M A G I N G F O R P R O S T AT E C A N C E R L O C A L I Z AT I O N
Based on: S. Turco, et al. "Clinical evaluation of magnetic-resonance dispersion imaging
for improved prostate cancer diagnosis through a multicenter study", American Journal
of Roentgenology, submitted.
abstract
Objective: To compare magnetic-resonance dispersion imaging (MRDI) and Tofts model
(TM) for quantitative DCE-MRI of prostate cancer and to assess the correlation between
quantitative DCE-MRI parameters and tumor grade.
Methods: This retrospective multicenter study included 80 patients with biopsy-proven
prostate cancer who underwent DCE-MRI, followed by radical prostatectomy. DCE-MRI
parameters were extracted from MRDI analysis (dispersion parameter κ, flux rate kep ,
and mean transit time µ) and TM analysis (transfer constant Ktrans , flux rate kep , and
extravascular volume fraction ve ). Regions-of-interest representing benign and malignant tissue were drawn on each DCE-MRI slice according to the histopathology, and the
diagnostic performance of the estimated parameters for PCa diagnosis were evaluated
by 5-fold cross validation and by receiver-operating-characteristic (ROC) curve analysis.
Further analysis was conducted on the two most relevant parameters, i.e., κ (MRDI) and
kep (TM), to investigate the correlation between DCE-MRI parameters and tumor grade.
Results: DCE-MRI parameters were significantly different between benign and malignant prostate tissue (p-value«0.01). The MRDI parameter κ outperformed any other DCEMRI parameter for prostate cancer diagnosis, showing the highest area under the ROC
curve (p-value«0.01). Only weak linear correlation (Pearson ρ= 0.18, p-value < 0.05) was
found between κ and Gleason-grade group (GG).
Conclusions MRDI outperformed TM analysis, improving the diagnostic performance
of quantitative DCE-MRI for PCa localization. DCE-MRI parameters κ (MRDI) and kep
(TM) provided only poor characterization of tumor grade.
5.1

introduction

Of all cancers, prostate cancer (PCa) has the highest incidence and the second highest
mortality among males worldwide [365]. In 2017, 161,990 new cases and 26,300 deaths
are predicted in the United States alone [366]. PCa diagnosis mainly relies on transrec-
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tal ultrasound (TRUS) guided systematic biopsies, performed after suspicious prostate
specific antigen (PSA) test and digital rectal examination (DRE) [254, 367]. Although
the use of PSA and DRE have been reported to improve early detection [368], and the
mortality rate has decreased in countries adopting PSA screening [365], the high risk
of overdiagnosis [368], with 42% of screening-detected cancer being clinically insignificant [369], and the related risk of overtreatment represent a major clinical challenge. The
most common treatment is still, in fact, radical intervention (radical prostatectomy and
radiotherapy), which is associated with severe side effects such as urinary, sexual and
bowel dysfunctions [370]. Although focal therapies may reduce morbidity in localized
PCa [367, 371], their efficient use is limited by the lack of reliable imaging methods for
in-vivo cancer localization and grading [371, 372].
Multiparametric magnetic resonance imaging (mpMRI), typically combining T2weighted imaging, diffusion-weighted imaging, and dynamic contrast enhanced MRI
(DCE-MRI), has emerged as a useful tool for PCa detection, localization, grading,
and treatment planning and guidance [254, 373, 374]. Although several studies have
demonstrated that inclusion of DCE-MRI in the mpMRI protocols improves its performance [254, 321, 375], the added value of DCE-MRI to prostate mpMRI has been
debated [373, 376], and the role of DCE-MRI in the updated Prostate Imaging and
Reporting Data System (PI-RADS v2) has become marginal [377].
Due to angiogenesis, i.e., the chaotic formation of a vascular network to support tumor
growth, cancer tissue is typically characterized by abnormal vessels, exhibiting higher
tortuosity, permeability, and microvascular density [378]. DCE-MRI is used to probe tissue vascularity by dynamic acquisition of T1-weighted images before, during, and after the injection of a contrast agent [378]. After intravenous injection, the commonly
adopted gadolinium-based MR agents flow from large arteries to the microvasculature
and extravasate into the interstitium, thus providing an opportunity to assess microvascular perfusion and permeability, which are typically altered in cancer angiogenic vasculature.
Quantitative analysis of DCE-MRI is frequently performed by pharmacokinetic (PK)
analysis with the Tofts model (TM) [161], which enables the estimation of PK parameters related to the microvascular permeability (transfer constant Ktrans , and flux rate
kep ) and leakage space (extravascular volume fraction, ve ). The TM analysis requires
the separate estimation of the arterial input function (AIF), i.e., the contrast concentration used as input to the capillary-tissue exchange. The AIF is typically measured in a
large artery present in the field of view, or obtained from population-averaged models
as found in the literature [378]. This represents a limitation both theoretically, because
the effects of delay and dispersion on the AIF due to the transport from the sampling
site (large artery) to the exchange site (capillaries) are neglected [311, 343], and practically, because the measurement of the AIF is notoriously affected by several sources
of error, which can considerably influence parameter estimation [378–380]. Moreover,
quantitative DCE-MRI by the TM has failed to prove substantial improvements com-
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pared to qualitative or semi-quantitative DCE analysis [263, 381]. As a result, DCE-MRI
quantification is rarely performed in mpMRI protocols.
Recently, magnetic-resonance dispersion imaging (MRDI) has been proposed as an
alternative for quantitative DCE-MRI analysis, with promising initial results in the
prostate [343]. In MRDI, the transport of the contrast agent from the injection to the
leakage sites is included into a model by describing it as a convective-dispersion process,
thus providing an opportunity to also characterize the microvascular architecture. In
addition, MRDI eliminates the hurdle of the extra measurement of the AIF, thus offering
a simpler quantification protocol which may improve clinical workflow. In this work,
we analyzed the diagnostic performance of MRDI with TM for PCa localization, and
investigated the correlation of PK parameters with histological measurements of tumor
grade.
5.2
5.2.1

material and methods
Magnetic resonance dispersion imaging

In MRDI [343], the intravascular transport of a bolus of an extravascular contrast agent
from the injection site to the capillary-tissue exchange site is described as a convective
dispersion process [36] by the modified local density random walk model (mLDRW) [92]
as
r
−κ(t−t0 −µ)2
κ
e 2(t−t0 ) ,
(5.1)
Ci (t) = α
2π(t − t0 )
where Ci (t) represents the intravascular contrast concentration; µ is the mean transit
time between injection and detection sites, α is the time integral of Ci (t), t0 is the theoretical injection time, and κ is the dispersion parameter given by the local ratio of the
squared velocity, v2 , and the dispersion coefficient, D. Similar to a dispersion process
through porous media, where the dispersion coefficient is mainly determined by the
porosity and tortuosity of the medium [36], here the dispersion coefficient is adopted to
characterize the microvascular architecture, providing an option for assessing the vascular changes occurring due to cancer angiogenesis [92, 343, 378].
Using the adiabatic approximation, which assumes the intravascular dispersion to occur much faster than the extravascular leakage, the mLDRW model for the intravascular
transport can be combined with the TM [161], describing the capillary-tissue exchange
by using the Ci (t) in (5.1) as AIF, thus obtaining the reduced dispersion model (RDM)
as
trans

Z t+tt r
0

Ct (t) = αK

t0

2

−κ(τ−t0 −µ)
κ
e 2(τ−t0 ) e−kep (t−(τ−t0 )) dτ,
2π(τ − t0 )

(5.2)

with Ktrans and kep being the transfer constant and the rate constant between blood
plasma and extravascular space, respectively, as described by Tofts et al. [161]. Although

99

a separate estimation of Ktrans is no longer possible, the RDM provides assessment of
the microvascular architecture by the dispersion parameter κ, and of the microvascular
leakage, by the flux rate kep , without need for a separate estimation of the AIF.
5.2.2

Patients

This institutional review board (IRB)-approved retrospective study originally included
90 patients with biopsy-proven PCa from three different institutes in the Netherlands,
including the Academic Medical Center (AMC, University of Amsterdam), the National
Cancer Institute (NKI, Amsterdam), and the Radboud University Medical Center (UMC,
Nijmegen). All patients underwent a clinical DCE-MRI examination prior to radical
prostatectomy. Of the original 90-patient dataset, 10 patients were excluded for the
following reasons: visible movement artefacts in the DCE loop (n=5), DCE-MRI DICOM
file missing (n=2), reliable estimation of AIF not possible (n=2), histopathology missing
(n=1). Finally, 80 PCa patients were included in the study. The average patient age at
the time of the DCE-MRI examinations was 62 yr (range=31 -71 yr, standard deviation
SD=6.1 yr). All included patient signed informed consent for their data to be used in the
study.
5.2.3

DCE-MRI acquisition

MRI examinations were performed with different protocols depending on the institution.
At the AMC (n = 13), DCE-MRI was performed on a 1.5 T clinical scanner (Magnetom
Avanto, Siemens Healthcare, Germany) equipped with endorectal coil by intravenous
injection of a 0.1-mmol/kg dose of gadobutrol (Gadovist, Bayer, Germany) with settings:
repetition time (TR) = 50 ms, echo time (TE) = 3.9 ms, flip angle (FA) = 70◦ , temporal
resolution (∆t) = 3.1 s, spatial resolution (∆xy) = 1.7 mm, slice-thickness (∆z) = 4 mm;
at the NKI (n = 34), DCE-MRI was performed on a 3T clinical scanner (Achieva, Philips
Healthcare, the Netherlands) equipped with endorectal coil by intravenous injection of
a 0.1-mmol/kg dose of Gd-DOTA meglumine (Dotarem, Guebert, France) with settings:
TR = 4-5.5 ms, TE = 1-2 ms, FA = 8-15◦ , ∆t = 2.9-3.7 s, ∆xy = 1-2 mm, ∆z = 6 mm; at the
UMC (n = 33), 19 DCE-MRI exams were performed on a 3T clinical scanner (Magneton
Skyra, Siemens Healthcare, Germany) by intravenous injection of a 0.1-mmol/kg dose of
gadobutrol (Gadovist, Bayer, Germany) with settings: TR = 3.6 ms, TE = 1.4 ms, FA = 14◦ ,
∆t = 3.3 s, ∆xy = 1.5 mm, ∆z = 3-4 mm; and 14 DCE-MRI exams were performed on a
3T clinical scanner (Magneton Trio Tim, Siemens Healthcare, Germany) by intravenous
injection of a 0.1-mmol/kg dose of gadobutrol (Gadovist, Bayer, Germany) with settings:
TR = 3.2 – 3.85 ms, TE = 1.4-1.5 ms, FA = 10-14◦ , ∆t = 3.3-4.5 s, ∆xy = 1.5-1.8 mm, ∆z=3-4
mm.
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Figure 5.1: Example of histology with cancer regions marked in red. A red arrow highlights the
histology slice matched to the DCE-MRI plane in Fig. 5.2.

5.2.4

Histopathology

All the included patients underwent radical prostatectomy at their respective institutions. After fixation in formalin, the prostate specimens were cut in slices of approximately 4-mm thickness by a pathologist at each institution who marked cancer areas
based on the microscopic analysis of cellular differentiation (Fig. 5.1). For each patient,
at least the index lesion was graded by the pathologist according to the 2005 International Society Urological Pathology Gleason Grading System [382], and the corresponding Gleason score was noted. Based on the Gleason score, lesions were later stratified
into grade groups (GG1, GG2, GG3, GG4, GG5) according to [383].
5.2.5

Pharmacokinetic analysis

All DCE-MRI data was imported to a workstation and processed in MatLab®(MathWorks,
Natick, MA, USA). The prostate contours were manually drawn on each MRI slice by
a technical expert with more than four years of experience in DCE imaging of PCa.
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Table 5.1: Patient stratification in Gleason grade groups [383]
Grade Group

Gleason score

Patients* (%)

Lesions (%)

GG1

6

13 (20)

50 (23)

GG2

7 (3+4)

29 (43)

85 (40)

GG3

7 (4+3)

15 (22)

42 (20)

GG4

8

4 (6)

15 (7)

GG5

9-10

6 (9)

21 (10)

*counted only for index lesion

Signal-intensity curves S(t) were extracted at each pixel within the contours and
converted into concentration-time curves (CTCs), according to [301]
 


 TR
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− TTR
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−1 −1
where SE(t) = S(t) − S(0))/S(0) represents the signal enhancement at time t, TR, the
repetition time, r1 , the tissue relaxivity, α the flip angle, and T10 , the native T1 .
Since a quantitative measurement of T10 was not always available, populationaveraged values of 939 ms at 1.5T and 1540 ms at 3T for prostate T10 were used [332,
384]. According to [385], r1 was set to 5.2 mmol−1 s−1 at 1.5T and 5.0 mmol−1 s−1 at 3T
for Gadobutrol, and of 3.5 mmol−1 s−1 at 3T for Dotarem.
Each CTC was fitted by the RDM in (5.2) using non-linear least-squares curve fitting
with the Trust Region Reflective algorithm. Parameter estimation was optimized as explained in Chapter ??; to reduce the computational burden given by the presence of the
convolution integral in (5.2), a time-efficient solution exploiting the computational advantages of the fast Fourier transform was used. To decrease the risk of incurring in local
minima, a grid-search for t0 was implemented and the parameters were constrained to
physiologically sensible values (κ= 0.0005÷4 s− 1, kep = 0.00005÷3 min− 1, µ= 5÷60 s).
Parametric maps of κ, kep , and µ were thus obtained and compared to the TM parameters
Ktrans , kep , and ve .
For estimation of the TM parameters, the Tofts model was applied as
Ct (t) = Ktrans · Cp (t) ∗ e−

Ktrans
ve

·t

,

(5.4)

where Ct (t) is the tissue concentration at time t as calculated with (5.3), ve is the extravascular volume fraction, and Cp (t) is the AIF. In order to measure the AIF, a regionof-interest (ROI) in the iliac artery was manually selected in multiple sections of the
scan. An arterial CTC Cblood (t) was obtained from (5.3 by using T10blood = 1540 ms
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at 1.5T and 1700 ms at 3.0T. Plasma concentration in the capillary was estimated using
Cp = Cblood /(1 − Hct), with Hct being the hematocrit, for which a value of 0.45 was
used.
To avoid partial volume effects, only the pixels with the highest enhancement were
used to generate the arterial signal. Because of unavoidable flow artefacts in the arteries
the AIF needed adjustment before being used for the PK analysis. The AIF peak amplitude was thus corrected according to a previously published method [386]. The resulting Cp (t) was fitted by the analytical function (model 2) proposed by Orton et al. [139],
and equation (5.4) was solved in closed form as described in [139]. The TM parameters
Ktrans , ve , and kep = Ktrans × ve were thus calculated by non-linear fitting using the
LSQcurvefit algorithm in Matlab.
To evaluate the ability of PK parameters to localize PCa, ROIs representing benign
and malignant tissue were drawn on the DCE-MRI gray-scale slices, according to the
corresponding histopathology slices, by a technical expert with more than 4 years of experience in DCE imaging of PCa. Visual matching between histopathology and MRI was
performed by comparing the apex-base orientation, the prostate shape, and the number
of slices. Given the inherent uncertainty in the matching, ROIs were drawn only when
malignant/benign tissue was present in consecutive pathology slices. Fig. 5.2 shows an
example of MRI slice with benign and malignant ROI, corresponding to the histopathology in Fig. 5.1.
5.2.6

Statistical analysis

The values of DCE-MRI quantitative parameters in malignant and benign ROIs, given as
medians ± SD, were compared by the Wilcoxon signed-rank test. ROC curve analysis
by the upper-left corner criterion was performed to evaluate the diagnostic performance
of each PK parameter on the manually drawn benign and malignant ROIs. To simulate
an independent validation dataset, a 5-fold cross-validation strategy was used: the 80
patients were divided into 5 groups of 20 patients; the optimal cut-off threshold was
determined on 4 groups (training set) and the predictive performance were validated
on the remaining group (validation set), rounding 5 times so as that each group was
once in the validation set; the whole procedure was repeated for 100 random partitions
of the 80 patients into the 5 groups. To avoid any bias toward a negative or positive
result, the number of samples in each class was balanced at each repetition by randomly
subsampling the class with a higher number of samples. The classification performance
was evaluated in terms of sensitivity (SENS), specificity (SPEC), accuracy (ACC), positive
predictive value (PPV), negative predictive value (NPV), positive likelihood ratio (LRP),
negative likelihood ratio (LRN), and optimal cut-off, given as means ± SD.
The diagnostic performance was also assessed by standard ROC analysis on the full
dataset. ROC curves were obtained, and the area under the curve (AUC) with confidence
interval was calculated for each parameter. Given the larger number of benign ROIs,
the benign samples were randomly subsampled to 217 in order to balance the number
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of malignant samples. Pairwise comparison between the AUC was performed for each
couple of DCE-MRI parameters by the Hanley and McNeil method.
Further sub-analysis was performed on the two most relevant parameters, i.e., κ
(MRDI) and kep (TM). The correlation with GG was evaluated by calculating the Pearson
ρ (linear correlation) and Spearman ρ (rank correlation), and by performing 1-way
ANOVA with post-hoc Tukey honestly significant difference (HSD) test comparing
the group means. Power analysis was performed with standard values of significance
level α= 0.05 and statistical power 1-β = 0.80, to evaluate whether the sample size
was sufficient for the AUC pairwise comparison, and for the GG correlation analysis
(comparison of group means).
The influence of the acquisition protocol on the diagnostic performance was evaluated by dividing the patient dataset in subgroups depending on the institution (AMC,
NKI, and UMC), the temporal resolution (low: ∆t>3.5 s, medium:3.2 s <∆t< 3.5 s, high:
∆t63.2 s), the contrast agent (Dotarem and Gadovist), and the magnetic field strength
(1.5T and 3T). The diagnostic performance was calculated separately for each subgroup
by a leave-one-out cross-validation approach. Since the subgroups were of limited size
and composed of unpaired samples, the Fisher exact test was used to evaluate statistical
differences in diagnostic sensitivity and specificity.
The statistical analysis was performed using MatLab and MedCalc®(MedCalc Software, Ostend, Belgium).
5.3
5.3.1

results
Pharmacokinetic models

A total number of 473 benign ROIs and 217 malignant ROIs were manually drawn. The
average ROI size was 0.45±0.29 cm2 and 0.39±0.22 cm2 for the benign and malignant
ROIs, respectively. The median values of the PK parameters in the whole prostate and in
the benign and malignant ROIs are given in Table 5.2. The differences in the parameter
values between benign and malignant ROIs, evaluated by the Wilcoxon signed-rank test,
were significant in all cases (p-value«0.05). Examples of parametric maps of MRDI and
TM parameter are shown in Fig. 5.2. In Fig. 5.3, examples of fitted CTCs, extracted from
the benign and malignant ROIs shown in Fig. 5.2, are given for both models.
5.3.2

Diagnostic performance for PCa localization

The results of the 5-fold cross validation evaluating the diagnostic performance of the PK
parameters for PCa localization are given in Table III. For all the metrics, the dispersion
parameter κ from the RDM outperformed all the other PK parameters.
The ROC curves calculated on the full patient dataset are shown in Fig. 5.4, with AUC
and confidence intervals given in the legend. The pairwise ROC comparison (Table IV)
confirmed κ to have a significantly higher AUC (p-value«0.05) than all the other PK
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Figure 5.2: Example of quantitative DCE-MRI on 1 patient with tumor on the right side of the
prostate: gray-scale DCE-MRI at peak enhancement (background) with highlighted
prostate contours (gold), benign ROI (green), and malignant ROI (red). Parametric maps
of κ, kep , µ from MRDI analysis are shown at the top, while maps of Ktrans , kep , and
ve from TM analysis are shown at the bottom. The corresponding histology is shown in
Fig. 5.1.
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Table 5.2: Estimated PK parameter values in the whole prostate, and in the malignant and benign
ROIs, given as medians ± SD. The differences between the parameter values in the
malignant and benign ROIs with corresponding p-value of the Wilcoxon signed-rank
test are given in the last two columns.
Whole
prostate

Malignant
ROI

Benign
ROI

κ [s−1 ] (MRDI)

0.07±0.12

0.70±1.18

0.05±0.26

0.65±0.05

0.01

kep [min−1 ] (MRDI)

0.05±0.04

0.08±0.08

0.04±0.08

0.04±0.01

0.01

µ [s] (MRDI)

14.87±9.29 17.05±10.90 11.65±9.51 5.40±1.27

0.01

Ktrans [min−1 ] (TM)

0.11±0.06

0.34±0.40

0.19±0.14

0.15±0.02

0.01

kep [min−1 ] (TM)

0.62±0.29

1.56±1.76

0.73±0.50

0.83±0.11

0.01

ve [-] (TM)

0.21±0.08

0.21±0.08

0.27±1.48

-0.06±0.02

0.01

Difference p-value

parameters. According to the power analysis with α= 0.05 and 1-β=0.80, the sample
size was sufficient to test all significant differences in AUC, except for the comparison
between Ktrans (TM) and kep (MRDI) and between Ktrans (TM) and µ (MRDI), which
would have required, respectively, 474 and 256 samples for each class, while only 217
samples were available.
5.3.3

Correlation with Gleason grade groups

From the correlation analysis, weak but significant linear correlation was found between
κ and GG (Pearson ρ=0.18, p-value<0.05), while no significant rank correlation was
found (Spearman ρ=0.06, p-value=0.41). For the TM parameter ke p, no significant linear nor rank correlation was found (Pearson ρ=0.07, p-value=0.34; Spearman ρ =-0.03,
p-value=0.62).
From the 1-way ANOVA test, significantly different mean parameter values were
found among the GG for both κ (F[2,206]=4.0025, p-value<0.01) and ke p (F[2,206]=3.965,
p-value<0.01). Post-hoc comparison by the Tukey HSD test indicated that κ was significantly different between GG5 and GG3, GG2, and GG1, while ke p was significantly
different only between GG1 and GG2 (Fig. 5.5). Power analysis confirmed the sample
size to be sufficient to evaluate the differences between the group means in the ANOVA
post-hoc analysis for the significant cases, at a level of significance α=0.05 and statistical
power 1-β=0.80, while it was not sufficient in all other cases.
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Figure 5.3: Example of measured CTCs in the malignant (red triangles) and benign (green circles)
ROIs, with corresponding MRDI (dotted) and TM (dashed) fits.

Figure 5.4: ROC curves comparing the diagnostic performance of MRDI and TM parameters. AUCs
with confidence intervals are given in the legend. For each ROC curve, the optimal cutoff value according to top-left corner criterion is marked, and the confidence interval is
highlighted as the area enclosed within dotted lines.
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Table 5.3: Results of the 5-fold cross-validation evaluating the diagnostic performance of MRDI
and TM. All metrics are given as mean ± SD.
κ
(MRDI)

kep
(TM)

Ktrans
(TM)

kep
(MRDI)

µ
(MRDI)

ve
(TM)

SENS (%)

78±9

72±14

63±14

60±14

58±14

54±17

SPEC (%)

91±7

75±14

74±14

68±15

64±15

61±20

ACC (%)

85±5

73±6

68±6

64±7

61±7

58±6

PPV (%)

90±7

76±9

72±9

66±10

63±9

60±10

NPV (%)

81±6

74±8

67±7

63±7

61±7

57±7

LRP (-)

8.46±1.0 2.89±0.6 2.38±0.5 1.84±0.5 1.63±0.5 1.39±0.5

LRN (-)

4.18±0.4 2.67±0.5 1.99±0.5 1.67±0.5 1.54±0.5 1.33±0.6

Opt cut-off (*) >0.17

>1.12

>0.25

>0.06

>15.01

<0.24

*unit of measure of Opt cut-off are those of the corresponding parameter

Table 5.4: Pairwise comparison of the area under the ROC curve: difference in the ROC areas of
each parameter (rows) compared to the other parameters (columns). The corresponding p-value are given in parentheses, with significant differences (α<0.05) highlighted
in bold.
κ
(MRDI)
κ (MRDI)
kep (TM)
Ktrans (TM)
kep (MRDI)
µ (MRDI)
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-

kep
(TM)

Ktrans
(TM)

kep
(MRDI)

µ
(MRDI)

ve
(TM)

0.093
0.165
0.225
0.259
0.279
(0.01) (0.01) (0.01) (0.01) (0.01)
0.073
0.132
0.166
0.186
(0.01) (0.01) (0.01) (0.01)
0.059
0.0935
0.114
(0.030) (0.003) (<0.01)
0.034
0.054
(0.302) (0.141)
0.020
(0.570)

Figure 5.5: Means of the parameters over the GGs, with error bars representing the 95% confidence
intervals. Significant differences, evaluated by ANOVA post-hoc analysis with the Tukey
honest significant criterion, are marked by asterisks (*=p-value<0.05, **=p-value<0.01).

5.3.4

Influence of acquisition protocol on diagnostic performance

According to the sub-analysis performed on subgroups including institution, temporal
resolution, contrast agent, and magnetic field strength, significant differences in the diagnostic performance were only found for κ in the comparison of high temporal resolution with low (∆SPEC=9.39%, p-value=0.02) and medium (∆SPEC=9.41%, p-value<0.01)
temporal resolution, and in the comparison between the AMC and UMC institutions
(∆SPEC=11.9%, p-value=0.03). A table summarizing the results can be found as Supplemental data.
5.4

discussion

In this study, we evaluated the diagnostic performance for PCa localization of quantitative DCE-MRI by MRDI and TM analysis. The dispersion parameter κ from MRDI
significantly outperformed all the others PK parameter, providing the best diagnostic
performance, evaluated by 5-fold cross validation, and the highest AUC of the ROC analysis.
In MRDI, the contrast concentration in tissue is described as a convolution between
the mLDRW model, describing the contrast transport from large arteries to the capillarytissue exchange site as a convective-dispersion process, and a mono-exponential decay,
characterizing contrast leakage in tissue. MRDI thus provides an option to characterize
the microvascular architecture by estimation of the dispersion parameter κ. In fact, as
described by Taylor for convective transport trough porous media [36], dispersion in
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the microcirculation is mainly determined by the multipath trajectories across the microvascular bed. In particular, the increased tortuosity typically exhibited by angiogenic
micro-vessels may constrain the transported contrast agent in space, leading to reduced
dispersion.
Several studies with DCE-ultrasound (US) have shown dispersion-related parameters
to be a promising option for PCa diagnosis, outperforming perfusion-related parameters [92]. In this study, we showed that dispersion may be a better cancer biomarker
than permeability-related parameters, confirming the results of a previous preliminary
validation of MRDI [343]. In addition, here we confirm the presence of cancer to correlate well with higher values of dispersion, as κ is inversely proportional to the dispersion
coefficient D. This enforces the hypothesis that microvascular tortuosity, constraining
the contrast agent transport in space, may lead to lower dispersion.
The estimated PK parameter values were comparable to those obtained in previous
DCE-US [92] and DCE-MRI [343, 387] studies for MRDI, and also similar to previous
reports for TM analysis [381]. However, compared to TM analysis, lower values of kep
were obtained by MRDI. The reason may reside in the fact that the TM assumes the
intravascular concentration at the capillary-tissue exchange site to be equal to the AIF,
thus neglecting any effect of delay and dispersion due to the intravascular transport
from the sampling artery to the exchange site. Therefore, different from MRDI, where
these are explicitly accounted for by κ, t0 , and µ, in the TM analysis these may result in
an overestimation of kep . Also previous research has, in fact, shown that more accurate
quantification can be obtained by modeling the intravascular transit time as a simple
delay or exponential probability density function [311].
Besides relying on strong modeling assumptions, the estimation of a reliable AIF is in
general challenging. Patient-specific AIFs can be obtained from a large artery present in
the field-of-view of the DCE-MRI acquisition or by injection of a lower-dose pre-bolus
followed by a separate DCE acquisition tailored to the sampling and amplitude requirements of the AIF, but both are prone to several sources of error which may lead to poor
estimation accuracy and repeatability [378–380]. Population-averaged AIFs available in
the literature can be used to improve repeatability, but they fail to account for interpatient variability. The hurdles for a reliable AIF estimation, together with the complexity of PK analysis, and the lack of consensus on a standard method have resulted in a
limited use of quantitative DCE-MRI.
Recently, with the objective of providing a simpler and standardized method of
reporting prostate mpMRI, the updated version of the PI-RADS scoring (PI-RADS
v2) has greatly limited the influence of DCE-MRI: it only contributes to upgrade a
PI-RADS 3 to 4 in peripheral zone tumors by qualitative evaluation of focal early
enhancement [376, 377]. However, a recent study comparing PI-RADS v2 with original
PI-RADS has shown a significant decrease in the overall diagnostic performance
with PI-RADS v2, and (semi)quantitative DCE analysis to be superior to a qualitative
approach [376]. Although a simpler and standardized method for mpMRI scoring is
highly desirable, this study suggests that PI-RADS v2 is still not optimal, and that the
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role of quantitative DCE needs to be reviewed. In this context, MRDI may improve
mpMRI performance and workflow by providing a quantitative DCE-MRI method with
larger diagnostic accuracy and a simpler quantification protocol. Moreover, it would be
interesting to evaluate the potential added value of MRDI to mpMRI, by comparing the
diagnostic performance of PI-RADS, MRDI, and the combination of the two.
The correlation analysis of PK parameters with tumor grade, defined by stratification
of the Gleason score in Gleason grade groups (GGs), showed only a weak but significant
linear correlation between κ and GG, and only significant ability to distinguish GG5 from
GG63 for kep , and GG1 from GG2 for kep . These results could be influenced by the unbalanced distribution of the lesions: while 40% of lesions had Gleason score 3+4 (GG2),
only 7% and 10% had Gleason score 8 (GG4) and Gleason score >9 (GG5), respectively.
As a result, the number of lesion included in this study may not be sufficient to fully characterize the PK parameter distribution within each GG. In addition, the Gleason score is
based on the microscopic analysis of cellular differentiation of resected tumors, while the
dispersion parameter κ, reflecting the microvascular architecture, and the flux-rate kep ,
assessing microvascular permeability, reflect the in-vivo changes occurring in tumor vasculature due to cancer angiogenesis. In the future, it would be interesting to investigate
the correlation of PK parameters with different immuno-histological markers quantifying the microvascular density and the expression level of angiogenic biomarkers.
Analysis on the influence of the acquisition protocol on the diagnostic performance
demonstrated MRDI to be in general robust with respect to the acquisition settings. A
significant decrease in specificity was only observed for decreasing temporal resolution,
and in the comparison between the institutions AMC and UMC. However, the latter may
be influenced by the difference in temporal resolution, which was high for the AMC
and (on average) low for the UMC. In fact, the influence of each acquisition setting was
here considered separately. Because of the limited dataset resulting from sub-grouping,
the co-influence of combination of settings could not be investigated further. Ideally,
through more extensive clinical experience, an optimal combination of acquisition settings should be found, and a standardized clinical protocol should be proposed.
Previous studies have established that a temporal resolution of 6 s may be sufficient
for accurate estimation of PK parameters from TM, while 1-s temporal resolution is suggested to accurately capture the fast dynamics of the AIF [378]. Due to dispersion effects
during the transport from the artery to the capillary-tissue exchange site, incorporated
in the RDM, slower dynamics are expected at the exchange site, possibly relaxing the
high-temporal resolution requirements for MRDI. In fact, we infer the faster intravascular kinetics from the slower extravasation process. A simple noise-free simulation using
worst-case scenario values for the time constants in the RDM led to a signal with a bandwidth of about 0.12 Hz. Therefore, according the Shannon’s sampling theorem, a temporal resolution of 4.2 s would theoretically be sufficient to fully capture the dispersion
dynamics of DCE-MRI-derived CTCs in the prostate. However, although this suggests
that the temporal resolution used in this study may be sufficient for accurate parameter estimation, a significant decrease in the diagnostic performance was observed for a
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temporal resolution higher than 3.2 s. A simulation study including the effects of noise
should be performed in the future to accurately evaluate the sampling requirements of
MRDI. The robustness of the parameter estimation towards uncertainties in the contrast
relaxivity and T1 values could also be tested by simulations.
There are some limitations in this study. No distinction was made between peripheralzone and transition-zone lesions. As DCE-MRI has shown poor performance in the transition zone [376, 377], this may affect the overall diagnostic performance obtained in
this study, and may represent a confounding factor in the correlation analysis of PK
parameters with tumor grade. Another limitation is the use of a population-averaged
value of T10 , due to the lack of T1-mapping acquisition in the majority of patients. However, although this may affect the parameter estimation, the same values were used for
both methods, and therefore the comparison should still be considered valid. Finally, the
validation was performed by comparing the DCE-MRI parametric maps with the corresponding histological analysis. Due to the adopted validation strategy, only patients
who underwent radical prostatectomy could be enrolled in this study, and patients with
inflammatory conditions such as prostatitis were not included. As a consequence, the results may be biased towards the presence of cancer, and the potential ability of MRDI of
distinguishing between angiogenesis in inflammation and tumor tissue could not be investigated. Moreover, MRI-histopathology matching was performed visually, based on
the known order and thickness of the pathology slices. Although attention was paid
in selecting only those ROIs were malignant/benign tissue was consistent in adjacent
slices, this approach is inherently affected by the risk of mismatching errors, potentially
influencing the classification results. In the future, co-registration of 3D histopathology
models onto the DCE-MRI 3D volume may provide more reliable lesion matching and
permit also the inclusion of smaller and isolated lesions.
The clinical experience with MRDI is currently limited to the prostate. Considering
that the MRDI is based on the assessment of cancer angiogenesis, a fundamental process
in the growth and development of several solid tumors, it would be interesting in the
future to test the performance MRDI in other organs, for which angiogenesis also plays
a role.
To conclude, MRDI improves the diagnostic performance of quantitative DCE-MRI
for PCa localization, with a simpler quantification protocol which does not require the
measurement of the AIF. In the context of prostate mpMRI, MRDI may thus represents
a valuable option for quantitative DCE-MRI, possibly improving standardization and
overall performance of mpMRI scoring.
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5.5

supplemental data

Table 5.5: Sub-analysis evaluating the effects of institution, temporal resolution, contrast agent,
and magnetic field strength on the diagnostic performance in terms of sensitivity and
specificity. The p-values of the Fisher exact test are given in parentheses. Significant
differences (p-value<0.05) are highlighted in bold
κ (MRDI)

kep (TM)

∆SENS (p-val) ∆SPEC (p-val)

∆SENS (p-val) ∆SPEC (p-val)

9.56 (0.60)

10.38 (0.06)

16.79 (0.21)

-0.05 (1.00)

Gadovist vs Dotarem 0.49 (1.00)

-2.72 (0.47)

9.60 (0.16)

3.82 (0.26)

Magnetic field
1.5T vs 3T
Contrast agent

Institution
A vs B

9.09 (0.58)

7.69 (0.22)

21.43 (0.11)

2.54 (1.00)

B vs C

9.88 (0.59)

11.86 (0.03)

13.58 (0.35)

-1.46 (0.73)

A vs C

0.79 (1.00)

4.17 (0.28)

-7.85 (0.25)

-4.00 (0.25)

low1 vs medium2

11.94 (0.34)

0.02 (1.00)

1.59 (1.00)

-0.97 (0.79)

medium vs high3

7.58 (0.58)

-9.39 (0.02)

3.08 (1.00)

0.18 (1.00)

low vs high

-4.36 (0.56)

-9.41 (<0.01)

1.49 (1.00)

1.15 (0.71)

Temporal resolution

1 low:

∆t>3.5s; 2 medium:3.2<∆t<3.5; 3 high: ∆t63.2
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6
Q U A N T I T AT I V E A S S E S M E N T O F C A N C E R A N G I O G E N E S I S B Y
ULTRASOUND MOLECULAR IMAGING
Based on [J3]: S. Turco, et al. “Quantitative ultrasound molecular imaging by modeling the
binding kinetics of targeted contrast agent.”, Physics in Medicine and Biology 62.6 (2017):
2449.
abstract
Ultrasound molecular imaging (USMI) is an emerging technique to monitor diseases
at the molecular level by the use of novel targeted ultrasound contrast agents (tUCA).
These consist of microbubbles functionalized with targeting ligands with high-affinity
for molecular markers of specific disease processes, such as cancer-related angiogenesis. Among the molecular markers of angiogenesis, the vascular endothelial growth
factor receptor 2 (VEGFR2) is recognized to play a major role. In response, the clinicalgrade tUCA BR55 was recently developed, consisting of VEGFR2-targeting microbubbles
which can flow through the entire circulation and accumulate where VEGFR2 is overexpressed, thus causing selective enhancement in areas of active angiogenesis. Discrimination between bound and free microbubbles is crucial to assess cancer angiogenesis.
Currently, this is done non-quantitatively by looking at the late enhancement, about 10
min after injection, or by calculation of the differential targeted enhancement, requiring
the application of a high-pressure ultrasound (US) burst to destroy all the microbubbles
in the acoustic field and isolate the signal coming only from bound microbubbles. In
this work, we propose a novel method based on mathematical modeling of the binding kinetics during the tUCA first pass, thus reducing the acquisition time and with no
need for a destructive US burst. Fitting time-intensity curves measured with USMI by
the proposed model enables the assessment of cancer angiogenesis at both the vascular
and molecular levels. This is achieved by estimation of quantitative parameters related
to the microvascular architecture and microbubble binding. The proposed method was
tested in 11 prostate-tumor bearing rats by performing USMI after injection of BR55, and
showed good agreement with current USMI methods. The novel information provided
by the proposed method, possibly combined with the current non-quantitative methods,
may bring deeper insight into cancer angiogenesis, and thus potentially improve cancer
diagnosis and management.
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6.1

introduction

Ultrasound molecular imaging (USMI) is an emerging method for in-vivo non-invasive
visualization of biological processes such as inflammation, thrombus formation, and angiogenesis, an established hallmark of tumor growth and development [7, 23, 187, 388].
During cancer angiogenesis, the upregulation of pro-angiogenic factors triggers the
growth of new blood vessels and the recruitment of pre-existing vessels from surrounding tissue, leading to the formation of a vascular network needed to support tumor
growth and enable metastatic spreading [23]. Cancer angiogenesis results in abnormal
microvessels, exhibiting irregular branching, arterio-venous shunting, and increased microvascular density, tortuousity, and permeability [7, 23, 187].
Ultrasound imaging is a powerful tool to assess the vascular changes occurring due
to cancer angiogenesis both at the vascular level, by Doppler-based methods, and in the
microcirculation, by use of intravascular tracers, consisting of resonant microbubbles
which can be detected down to a spatial resolution of 40 µm [73, 196, 389]. Recently,
techniques to resolve single microvessels have been developed [390, 391], achieving, under specific conditions, a resolution as small as 10 µm [391]. By combining ultrasound
with novel targeted tracers, USMI enables imaging of angiogenesis also at the molecular level with impaired spatial and temporal resolution [187], compared to other clinical
imaging modalities.
Targeted ultrasound contrast agents (tUCA) consist of encapsulated, gas-filled microbubbles, whose shell has been decorated with targeting ligands able to specifically
bind molecular markers, overexpressed in various diseases [31, 187]. Thanks to their
size of 2-5 µm in diameter [389], targeted microbubbles are able to flow through the
smallest capillaries, without leakage in the extra-vascular space, and attach to the vessel
wall at locations where the target molecule is over-expressed, thus causing selective enhancement in areas of active disease. Microbubble adhesion can be further enhanced by
the application of acoustic radiation force (ARF) [198, 225].
Targeted microbubbles may differ by shell-type, gas core, conjugation chemistry, and
targeting ligand [31]. Most commonly used targeting ligands for molecular imaging of
angiogenesis include αv β3 integrin, key regulator of migration and survival of endothelial cells [201, 392]; endoglin, a co-receptor for the transforming growth factor beta,
which regulates cell proliferation, differentiation, migration, and adhesion [203]; and
the vascular endothelial grow factor receptor type 2 (VEGFR2), which acts by binding
to pre-existing endothelial cells to stimulate their growth and proliferation [194, 204].
Several preclinical studies have demonstrated the feasibility of tUCAs for imaging of
angiogenesis [38, 194, 392–394] and for antiangiogenic therapy monitoring [395–398]
in several types of tumors, including pancreatic, renal, colon, liver, ovarian, prostate,
breast, glioma, melanoma and angiosarcoma [31, 204]. In this context, Bracco Suisse
S.A. (Geneva, Switzerland) recently developed BR55, the first and currently only clinicalgrade molecular ultrasound contrast agent, targeting VEGFR2 [194]. Clinical trials in hu-
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mans are ongoing to verify the feasibility of USMI with BR55 for detection of prostate,
breast, and ovarian cancer [31].
Ultrasound contrast detection relies on the strong non-linear acoustic signal that oscillating microbubbles produce when interacting with a US beam in a suitable frequency
range (1-10 MHz for clinical diagnostic imaging) [192, 399]. Using contrast-specific pulse
sequences, such as harmonic filtering, pulse inversion, amplitude modulation, or combination of these, enables isolating the microbubbles signal from that of blood and tissue [399]. High sensitivity up to single-microbubble detection has been reported [196].
Provided that the used dynamic range is sufficient to reverse the log-compression [76],
a linearized signal directly proportional to the concentration of microbubbles can be obtained [187]. Since the number of bound microbubbles is proportional to the level of
biomarker expression, assessment of the degree of binding may provide an indirect way
to quantify diseases.
Discrimination between bound and free microbubbles is, however, rather challenging.
Current strategies mostly rely on long acquisition times [225], to allow the freely flowing
microbubbles to clear the investigated area, often in conjunction with the application of
a US burst at high mechanical index (MI) to destroy all the microbubbles in the acoustic
field. This enables isolating the signal coming only from bound microbubbles by calculating the differential targeted enhancement (dTE), i.e., the difference in the acoustic signal
before and after the application of the destructive burst [31, 400, 401]. Besides the need
for long acquisition times, which can go up to 30 minutes, these techniques can only
provide semi-quantitative measures, inherently dependent on machine settings and on
the arbitrary time points chosen for the analysis. This limits reproducibility and intraand inter-experiment comparison, especially important for monitoring the response to
anti-angiogenic therapies, whereby several longitudinal measurements are performed.
Moreover, the application of a high-MI US burst raises concerns for damages to the endothelial tissue [402].
Alternatively, mathematical modeling of the targeted contrast agent kinetics may provide quantitative assessment of microbubble binding. By measuring the changes in the
acoustic intensity at each frame of the USMI loops and by applying proper linearization,
a time-intensity curve (TIC) proportional to contrast concentration changes over time
can be obtained at each imaging pixel. Fitting the measured TIC to a suitable mathematical model enables the estimation of (semi)quantitative parameters related to blood
perfusion and biomarker expression level.
Kinetic modeling of microbubble retention was first attempted in cardiology to describe the persistent behavior of microbubbles due to pathologies such as crystalloid
cardioplegia, ischemia, and coronary stenosis [227–229]. The total contrast agent concentration was described as the weighted sum of a gamma-variate [227, 229] or lagged
normal [228] functions, modeling the concentration of freely flowing microbubbles, and
their integrals, describing the fraction of persistent bubbles. These models enable quantifying microbubble binding by an empirical parameter reflecting the fraction of retained
microbubbles. Similarly, Sugimoto et al. [230] proposed an empirical model given by
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the sum of a local density random walk and a ramp function to describe the kinetics
of BR55 in hepatocellular carcinoma xenografts in mice, quantifying microbubble binding by the slope of the ramp function. In [232], the combination of a bi-compartmental
model with a motion-analysis algorithm was used to isolate the concentration of adherent microbubbles from that of circulating microbubbles. All these methods, however, are
based on semi-empirical models, lacking a clear physiological description of microbubble
transport; they still require lengthy acquisitions (10 - 30 minutes); they rely on a region
of-interest (ROI) type of analysis; they do not account for contrast agent recirculation,
possibly leading to inaccurate parameter estimation.
In this work, we propose a novel method based on pharmacokinetic modeling of the
first-pass binding of tUCA, which requires only one minute acquisition with standard
contrast-specific US imaging. Fitting each pixel TIC to the proposed model enables quantitative assessment of angiogenesis at both the microvascular and molecular level by the
estimation of parameters related to the microvascular architecture and to microbubble
binding. The feasibility of the method for angiogenesis imaging is investigated in 11
prostate tumor-bearing rats by performing USMI after injection of BR55.
6.2
6.2.1

methods
Modeling microbubble binding

The total concentration of a targeted contrast agent in a pixel of tissue can be described
by a bi-compartmental model (Fig. 6.1) including one compartment for the freely flowing
microbubbles and one for the adherent microbubbles as
Ct (t) = vf Cf (t) + vb Cb (t),

(6.1)

where Cf (t) and Cb (t) are the concentrations of free and bound microbubbles, respectively, and vf and vb are the fractional dilution volumes of free and bound microbubbles,
respectively.
Assuming the kinetics of free microbubble to be much faster than the binding kinetics,
the adiabatic approximation is made [138], by which the slow event (binding) can be
considered constant at each integral step, thus allowing for the separate solution of the
two compartments.
The transport of a bolus of free microbubbles in a blood vessel can be described as a
convective-dispersion process, whereby the bolus translates in the longitudinal direction
due to the drag force of the carrier fluid (i.e., blood), and diffuses due to Brownian motion
of the contrast particles. Simplified in one dimension, this process can be described as
∂2 Cf (z, t)
∂Cf (z, t)
∂Cf (z, t)
=D
−v
,
∂t
∂z
∂z

(6.2)

where Cf (z, t) is the free-microbubble concentration at time t and position z, D is
the dispersion coefficient, and v is the convective velocity. While in large vessels dis-

118

119

Figure 6.1: Schematic drawing representing one imaging pixel with the corresponding generalized 2-compartment model: targeted bubbles can
freely flow within a vessel, attach to the endothelial wall where the target biomarker is over-expressed at a rate Kb , and detach from
the target biomarker at a rate Kub .

persion is mainly determined by the flow profile, in the microcirculation, dispersion is
mainly due to the multipath trajectories of contrast transport across the microvascular
bed [36]. The combination of these phenomena was addressed by Taylor as “apparent
diffusion" [36]. For these reasons, dispersion has been adopted to characterize the microvascular architecture [18, 92].
The modified local density random walk (mLDRW) solution of (6.2) provides a local
characterization of the dispersion of free microbubbles as [92]
r
Cf (t) = α

2

κ(t−t0 −µ)
κ
−
e 2(t−t0 ) ,
2π(t − t0 )

(6.3)

where α is the time-integral of Cf (t), t0 is the theoretical contrast injection time, µ is the
mean transit time of the contrast particles between injection and detection sites, and κ is
the dispersion parameter, given by the local ratio between contrast convection (squared
velocity v2 ) and dispersion (dispersion coefficient D).
In case of tUCA, flowing microbubbles may adhere to target molecules expressed on
the endothelial wall. Under the assumption of negligible unbinding in the first pass of
the tUCA bolus, the binding kinetics can be described as
vb

∂Cb (t)
= Kb Cf (t),
∂t

(6.4)

where Kb is the first-pass binding rate constant. Solving (6.4) for t > 0, with initial
conditions Cb (0) = Cf (0) = 0, leads to
vb Cb (t) = Kb Θ(t) ∗ Cf (t),

(6.5)

where Θ(t) represents the Heaviside unit-step function, and the symbol ∗ the convolution integral. The adiabatic approximation (i.e., κ  Kb ) allows substituting (6.3) in (6.1)
and (6.5). The first-pass binding (FPB) model can thus be obtained as

Ct (t) = vf Cf (t) + Kb Θ(t) ∗ Cf (t) =
r
κ(t−t0 −µ)2
κ
−1/2 − 2(t−t0 )
= vf α
(t − t0 )
e
+
2π
r Zτ
κ(τ−t0 −µ)2
κ
−1/2 − 2(τ−t0 )
+ Kb α
(τ − t0 )
e
dτ.
2π 0

(6.6)

More details on the derivation of (6.6) can be found in Appendix B.
6.2.2

Tumor model

Rat prostate adenocarcinoma was induced in Copenhagen rats by orthotopic injection
of G-Dunning R-3327 tumor cells (European Cell Culture Collection - ECACC, Salisbury,
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Figure 6.2: Parametric maps: c-f. Examples of Kb , κ, late-enhancement (LE), and differential
targeted enhancement (dTE) maps, obtained in one rat, overlaid onto the contrast-mode
baseline frame. The manually-drawn prostate contours are highlighted in grey, while the
control and tumor ROIs are highlighted in green and red, respectively. The corresponding
B-mode and contrast-mode images are shown in a. and b., respectively.

United Kingdom) under anesthesia (2% isoflurane, Foren Abbott GmbH). The animals
were housed according to institutional guidelines and all procedures were approved by
the Cantonal Veterinary Office of Geneva. The tumor cell suspension (106 cells in 50
µL) was injected in one of the ventral lobes of the prostate through a 27G needle. Sixty
to ninety days after implantation, tumors measuring approximately 0.1 - 0.3 cm2 were
obtained (Fig. 6.2).
6.2.3

Ultrasound imaging

After anesthetizing the rats by continuous inhalation of 2% isoflurane in air, USMI was
performed by a 50-µL intravenous injection of BR55 (1.3 × 108 microbubbles per kg)
through the rat tail vein, followed by a 150-µL saline flush. For each rat, a USMI loop was
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acquired with a clinical Siemens Sequoia Scanner (Siemens Medical Solutions, Mountain
View, CA, USA) equipped with a 15L8 linear probe working at 7 MHz transmit frequency
in Cadence Contrast Pulse Sequence (CPS) mode, with dynamic range set to 83 dB and
focal depth of 25 mm. At about 3 minutes, the gain was increased of 10 dB. Intermittent
imaging at MI = 0.25 was performed for 10 minutes, with temporal resolution of 1 s for
the first 45 second of acquisition, and 15 s afterwards. At about 10 minutes after injection,
a destructive burst was applied by increasing the MI to 1.9 for a few seconds. After the
application of the high-MI flash, imaging at MI=0.25 was continued for about 2 minutes
to observe the replenishment of free microbubbles.
6.2.4

Ultrasound quantification

After manually drawing the contours of each rat prostate (Fig. 6.2), a linearized timeintensity curve (TIC) was extracted at each pixel of the USMI loop within the contours
and fitted by the FPB model in (6.6). In accordance with the FPB model assumptions,
the fitting interval was limited to the first minute of acquisition so as to include in the
analysis only the tUCA first pass (Fig. 6.3). A time-efficient solution was used to reduce
the computational burden due to the convolution integral in (6.6): the two terms of the
integral were first transformed to the Fourier domain, multiplied, and finally inversetransformed back in the time-domain [403]. To cope with the large number of free parameters, the initialization was optimized to reduce the risk of converging to a local
minimum. First, the wash-in of each TIC was fit to the mLDRW model in (6.3), and the
resulting estimates were used as initial guesses for fitting to the FPB model. Second, a
search-grid was used for the parameter t0 ; for each t0 in the grid, the rest of the parameters were fit all at once by non-linear iterative least squares curve fitting with the Trust
Region Reflective algorithm. Third, the free parameters were constrained within physiologically sensible values: for the parameter of interest, these were chosen as [0.005; 4] s−1
and [0.005; 15] min−1 for κ and Kb , respectively [92, 404, 405]. Finally, the goodness-offit was determined by the coefficient of determination R2 , and the curves with R2 < 0.75
were discarded from further analysis. Parametric maps of κ, related to the microvascular
architecture, and of Kb , related to microbubble binding, were thus generated to assess
cancer angiogenesis. For comparison, maps of the late enhancement (LE; gray level [g.l.]
for t = 500 s) and differential targeted enhancement (dTE; difference in the average g.l.
for 300 < t < 600 s and 660 < t < 750 s) were also obtained from the quantized
log-compressed raw data. All the analysis was implemented in MATLAB®(Natick, MA,
USA) running on a standard computer.
6.2.5

Validation

To evaluate the ability of the proposed parameters to detect angiogenesis, a region-ofinterest (ROI) representing cancer tissue was drawn in each rat prostate, in areas showing both high late-enhancement on the contrast images and hypo-echoic appearance on
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Table 6.1: Difference in the parameter values in the ‘Control’ and ‘Tumor’ ROIs.
Parameter

Control

Tumor

Difference

p-value

Kb [1/min]

0.93 ± 1.2

2.25 ± 1.9

1.32 ± 0.7

1.29E-03

κ [1/s]

0.37 ± 0.3

0.71 ± 0.5

0.33 ± 0.2

2.03E-03

LE [g.l.]

37.99 ± 15.2

83.86 ± 22.3

45.86 ± 7.1

8.15E-05

dTE [g.l.]

2.12 ± 16.3

42.54 ± 24.1

40.42 ± 7.8

1.40E-04

the B-mode images, as typically observed in the used tumor model [38] (Fig. 6.2). For
comparison, control ROIs were drawn in iso-echoic areas with low late-enhancement.
The significance of the difference in the parameter values between the tumor and control ROIs was evaluated by a two-tailed Wilcoxon-Mann-Whitney test [406] with significance level α = 0.01.
Considering LE as the current USMI standard, its agreement with the proposed quantitative parameters (Kb and κ), and the semi-quantitative parameter dTE, was evaluated
by regression analysis, and by calculation of the correlation coefficient. Bland-Altman
analysis was also performed by generating scatter plots of the difference between each
parameter and LE against their mean [407]. As explained in [408], the percentage difference is better suited for Kb and κ, for which the units and orders of magnitude are
different from those of LE, while for dTE, having same units and order of magnitude as
LE, the absolute difference is more appropriate.
6.3

results

Examples of parametric maps of κ, Kb , LE, and dTE
Table 6.2: Correlation analysis.
obtained in one rat are shown in Figure 6.2, with
control and tumor ROIs highlighted in green and
Parameter
ρ
p-value
red, respectively. The average tumor ROI size was
4970 pixels, with minimum of 2630 and minimum
Kb [1/min] 0.75 5.76E-05
of 7285. Given a pixel size of 0.0057 cm, this correκ [1/s]
0.69 3.53E-04
sponds to an average area of 0.16 cm2 .
dTE [g.l.]
0.91 3.36E-09
Figure 6.3 shows examples of one measured TIC
in the tumor and control ROIs, with the corresponding FPB model fit obtained within the first minute of acquisition.
The histograms showing the distribution of the parameter values in the ROIs are
shown in Figure 6.5. The difference between the mean parameter values in the ROI, as
evaluated by the Wilcoxon-Mann-Whitney test, were significant in all cases (Table 6.1)
(p-value  0.01). Figure 6.4 shows the regression, correlation, and Bland-Altman analysis comparing the parameters Kb , κ, and dTE with the LE, taken as the current USMI
standard. The obtained correlation coefficients and their p-values are summarized in
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Figure 6.3: Model fit: example of TIC in the tumor ROI (top row) and control ROI (bottom row). On
the left side, the contrast wash-in (0-1.5 min) is shown with corresponding FPB model fit.
The total tUCA concentration Ct (t) (solid line) is given by the sum of the concentration
of free microbubbles Cf (t) (dotted line) and bound microbubbles Cb (t) (dashed line).
The late enhancement (7-12 min) is shown on the right side, including the destructive
burst at about 10.5 min.

Table 6.2. In all cases, significant correlation (p-value  0.01) was found, and the BlandAltman analysis showed the differences between the methods to be within the 95% confidence interval (±1.96× standard deviation).
6.4

discussion

A new mathematical model describing the kinetics of targeted contrast agents is here
proposed. The concentration of freely circulating microbubbles is described as a convective dispersion-process by the mLDRW model, while, assuming negligible unbinding in
the first-pass of the contrast bolus, the kinetics of bound microbubbles are modelled by
a well-mixed, accumulating compartment. Fitting USMI-derived TICs by the proposed
model enables simultaneous assessment of angiogenesis at both the microvascular and
molecular level by the estimation of the dispersion parameter κ, related to the microvascular architecture, and of the binding parameter Kb , characterizing microbubble binding.
In the model derivation, the adiabatic approximation is implicitly made [138], based
on the different time-scales of free contrast transport and microbubble binding. By this
approximation, the slow event (binding) can be considered constant while the fast event
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Figure 6.4: Regression, correlation, and Bland-Altman analysis: scatter plots of Kb (a.), κ (c.),
and dTE (e.) vs LE. The regression line and its 95% confidence interval limits (±1.96σ,
with σ being the standard deviation) are shown as continuous and dashed lines, respectively; the correlation coefficient with p-value are given as text. Bland-Altman plots
of Kb (b.), κ (d.), and dTE (f.) vs LE. The percentage difference is calculated as [(AB)/(A+B)/2]×100. The mean and ±1.96σ are shown as continuous and dashed lines, respectively.
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Figure 6.5: Histograms: plots showing the histograms of the parameters values in the tumor (filled
red bars) and control (empty green bars) ROIs.

(convection-dispersion) occurs. The validity of this approximation is sustained by our
results, showing time scales in the order of seconds for dispersion [92], and in the order
of minutes for binding [404, 405].
The assumption of negligible unbinding in the first-pass of the contrast bolus is motivated by the description of bubble binding as driven by concentration gradients: during
contrast wash-in, the concentration of free microbubbles is maximum, while the bound
bubble concentration gradually raises from zero, thus the concentration gradient drives
towards microbubble binding; during contrast washout, although the concentration gradient will be eventually reversed, the formation of tight bonds with the target biomarker
prevents microbubble detachment in the short term, also in high flow areas [404]. This,
together with the slow time-scale of (un)binding, allows to disregard unbinding during
the first-pass of the contrast bolus.
The large number of free parameters present in the model makes parameter estimation rather challenging. In response, attention was paid to the initialization stage and
to the design of the fitting algorithm in order to reduce the risk of incurring in local
minima. In future work, model identifiability and parameter sensitivity analysis should
be performed to evaluate the reliability of the estimated parameters, and to gain better understanding on which parameters are more critical. The accuracy, precision, and
repeatability of parameter estimation could also be investigated by simulations [403].
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Vascular features of cancer angiogenesis are highlighted by the estimation of the dispersion parameter κ = v2 /D. Dispersion in the microcirculation, as described by Taylor
for transport in porous media [36], is mainly influenced by the multipath trajectories
of the contrast transport accross the microvascular bed. Although experimental proof of
the link between contrast dispersion and underlying vascular architecture is still lacking,
dispersion quantification with DCE-US and DCE-MRI has shown promising in the clinical context for detection of prostate cancer [18, 92, 343, 409]. According to these studies,
the presence of cancer correlates well with lower dispersion coefficient. This can be due
to the increased tortuousity, typically exhibited by cancer angiogenic vessels, which may
constrain the contrast agent transport in space, thus leading to lower dispersion. This
is also suggested by our results, showing higher values of κ, hence lower dispersion, in
areas of high biomarker expression, possibly indicating active angiogenesis.
At the molecular level, the proposed method provides quantitative assessment of cancer angiogenesis by the estimation of the binding rate Kb . Several studies have shown the
number of attached microbubbles to correlate well with the level of biomarker expression, evaluated ex-vivo by immunohistological analysis [38, 396]. Although the proposed
method evaluates the binding kinetics of targeted microbubbles only during the contrast
agent first-pass, possibly influenced by initial non-selective binding, and disregarding
any binding occurring during contrast recirculation, the binding rate Kb is still expected
to be proportional to the overall biomarker expression level, and thus represents a good
candidate for quantitative assessment of cancer angiogenesis at the molecular level.
Although highlighting different feature of cancer angiogenesis, κ and Kb both showed
similarities with current USMI methods (LE, dTE): as observed in Figure 6.2, the parametric maps show higher values approximately in the same areas for all parameters. Significant correlation (p-value 0.01) was found between the proposed parameters and
LE, taken as the reference USMI measurement (Fig. 6.4, Table 6.2). The agreement between the methods was also confirmed by the Bland-Altman plots, showing no particular trends in the distribution of the differences over the means, with values contained
within the 95% confidence interval (±1.96× standard deviation). However, although all
the methods provided significantly different values between the tumor and control ROIs
(p-value0.01), the proposed quantitative parameters κ and Kb showed lower accuracy
in discriminating tumor from control, which can be observed from the histograms in Figure 6.5, and it is also confirmed by the higher p-values of the Wilcoxon-Mann-Whitney
test evaluating the differences of the parameters in the two ROIs (Table 6.1). This suggests that further optimization is needed in order to reach sufficient accuracy for preclinical and clinical imaging.
Due to the lack of immunohistological analysis of excised tumors, in this study, the
proposed method was evaluated only by comparison with other USMI methods. As a consequence, the results are inherently biased towards LE, which was used as the reference
to draw the ROIs and to evaluate the agreement between methods, and also partially
towards dTE, which is dependent on LE. This may influence the results of the WilcoxonMann-Whitney test, showing lower p-values for LE and dTE, and it may also play a
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role in the higher correlation found between dTE and LE. The bias towards LE can be
even more critical for κ, which, differently from the other parameters, all related to binding, highlights microvascular features of cancer angiogenesis. Further validation against
immunohistological quantification of angiogenesis, by, e.g., measurement of biomarker
expression level and microvascular density, is thus necessary in future work to overcome
this limitation and possibly confirm the promising role of the proposed method in the
context of angiogenesis imaging and anti-angiogenesis therapy monitoring.
Compared to 10-30 minutes currently required for USMI examinations, the proposed
method allows reducing the acquisition time down to 1 minute. Provided that sufficient
clinical accuracy is achieved, this may facilitate the translation of USMI in clinical practice by providing a more time-efficient solution which may improve hospital work-flow.
Moreover, here we have shown that conventional USMI provides sufficient sensitivity
without the need for the application of ARF pulses, typically used to enhance targeted
bubble adhesion. The proposed model, however, should also hold in case ARF is used,
since the assumption of negligible unbinding would still be valid, and the increased bubble binding due to ARF would be reflected in higher values of Kb . In future work, the
performance of the proposed method with and without the application of ARF could be
compared to provide more insight on the model’s range of applicability.
Finally, although the proposed model was tested for imaging of cancer angiogenesis,
its validity is general and it could be applied to other processes where microbubble retention occurs, provided that the adiabatic approximation is still applicable and the assumption of negligible unbinding still holds. Therefore, extension of the proposed method
for detection of inflammation, atherosclerotic plaque formation, and thrombi could be
envisaged in the future.
6.5

conclusions

This study presented a novel method for quantitative USMI of cancer angiogenesis based
on mathematical modeling of the first-pass binding kinetics of targeted contrast agent.
The proposed method was tested in 11 prostate-tumor bearing rats injected with BR55,
showing good agreement with current USMI methods, with advantages of reduced acquisition time, quantitative analysis, and no need for the application of high pressure
ultrasound destructive burst.
Further optimization, and more extensive pre-clinical and clinical validation against
immunohistolocical quantification of biomarker expression are needed to confirm the
promising role of the binding parameter Kb and dispersion parameter κ in the context
of angiogenesis imaging and anti-angiogenic therapy monitoring, and possibly pave the
way towards clinical translation of quantitative USMI.
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7
VA L I D AT I O N O F T H E F I R S T - P A S S B I N D I N G M O D E L : B R 5 5 V S .
SONOVUE
Based on [IC1]: S. Turco et al., “On the validity of the first-pass binding model for quantitative ultrasound molecular imaging: comparison between BR55 and Sonovue.”, International
Ultrasonics Symposium (IUS), Washingtion 3-6 September 2017.
abstract
Cancer growth requires angiogenesis; imaging of angiogenesis may thus improve cancer
diagnostics and therapy monitoring. Dynamic contrast enhanced ultrasound (DCE-US)
permits imaging angiogenesis at the molecular level by using novel targeted ultrasound
contrast agents (tUCA). These agents consist of functionalized microbubbles obtained
by engineering their shell with targeting ligands able to bind specific biomarkers, overexpressed in tumor angiogenic vasculature. Quantification of binding may thus provide
an indirect way of quantifying angiogenesis. Recently, we proposed the first-pass binding (FPB) model to describe the binding kinetics of tUCA. Fitting DCE-US time-intensity
curves (TICs) by the FPB model enables quantification of binding by the estimation of
the binding rate Kb . After showing the feasibility of the method for angiogenesis imaging in prostate-tumor bearing rats, and performing a preliminary validation for antiangiogenesis therapy monitoring in colon cancer-bearing mice, in this work we investigated the validity of the proposed model by comparing Kb estimates in rats injected with
non-targeted UCAs (Sonovue) and tUCAs (BR55). Significantly lower values of Kb were
found for Sonovue compared to BR55, with no significant difference between cancer and
healthy prostate for Sonovue.
7.1

introduction

Angiogenesis has been established as a fundamental process in cancer growth and development [23]. During cancer angiogenesis, the up-regulation of pro-angiogenic factors triggers the growth of neo-vasculature and the recruitment of blood vessels from
surrounding tissue. This results in the formation of a dense network of abnormal microvessels typically showing high tortuosity and permeability [23, 388]. The recognition of
the key role of angiogenesis in cancer development has opened new possibilities in both
cancer imaging and therapy.
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Dynamic contrast-enhanced ultrasound (DCE-US) offers an opportunity to probe angiogenic tumor vasculature by the use of ultrasound contrast agents (UCA), consisting
of gas-filled microbubbles acting as echo-enhancers [410, 411]. Thanks to their size of
2-5 µm in diameter, UCA can flow through the entire circulation remaining intravascular [411].
Recently, molecular imaging of angiogenesis is becoming possible thanks to the introduction of novel targeted UCA (tUCA) [194, 225, 410]. These are obtained from conventional UCA by functionalization of the microbubble shell with targeting ligands which
specifically bind molecular expression of angiogenesis. As for conventional UCA, targeted microbubbles flow through the entire circulation without crossing the endothelial
wall, but they are also able to attach to the wall at locations where the target molecule
is over-expressed, thus providing selective enhancement in areas of active angiogenesis,
especially in the late phase after injection [31, 194].
Due to the pivotal role of the vascular endothelial growth factor (VEGF) pathway in
cancer angiogenesis [412], VEGF-ligands are the main target of anti-angiogenic therapies and of novel contrast agents for molecular imaging [31, 413]. In this context, the
first clinical-grade tUCA BR55 (Bracco Suisse SA, Geneve, Switzerland) was recently
developed, targeting the VEGF-receptor 2 (VEGFR2), which is overexpressed in several
tumors [31, 194].
After several pre-clinical studies, the feasibility and safety of tUCA has been shown
in humans for detection of prostate, breast, and ovarian cancer [33, 34]. However, while
several UCA have been available on the market worldwide for over 20 years [50, 411]
tUCA have not yet been approved for clinical use. In-vivo molecular imaging biomarkers
of angiogenesis are currently needed to improve cancer diagnostics and therapy monitoring, and to aid the implementation of standardized multi-center studies, which may
facilitate the clinical translation of tUCA.
Based on the hypothesis that the number of bound microbubbles is proportional
to the expression levels of the target biomarker, assessment of the level binding has
been adopted as an indirect way to quantify angiogenesis [38, 194, 225, 388, 414].
Semi-quantitively, this can be done by observation of the late-enhancement, several
minutes after injection [38]. Application of a high-pressure ultrasound burst in the
late-phase permits isolating the signal coming only from bound microbubbles, by
calculation of the differential targeted enhancement (dTE), i.e., the difference in the
acoustic signal before and after the application of the burst [31, 225].
Recently, we proposed quantitative assessment of angiogenesis by modeling the binding kinetics of tUCA with the first-pass binding (FPB) model [388, 415]. The proposed
bi-compartmental model describes the concentration of free microbubble as a convectivedispersion process, while the bound microbubbles are modeled as a well-mixed accumulating compartment, assuming negligible unbinding in the first-pass of the contrast bolus.
Compared to semi-quantitative evaluation, the proposed approach provides quantitative
assessment of binding by estimation of the binding rate Kb , with a shorter acquisition
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protocol, not requiring the application of high-pressure burst, thus potentially improving reproducibility and clinical workflow.
After demonstrating the feasibility of the proposed method for angiogenesis imaging
in prostate-tumor bearing rats [388, 415], a preliminary validation of the method for
anti-angiogenic therapy monitoring in colon-cancer bearing mice showed promising results [416]. In this work, we test the validity of the model by comparing Kb estimates
obtained in three prostate-tumor bearing rats injected with a non-targeted UCA, for
which no binding should occur, and a tUCA.
7.2
7.2.1

methods
Mathematical modeling of microbubble binding

The FPB model describes the kinetics of a tUCA as bi-compartmental model, whereby
the total tUCA concentration Ct (t) is given by the weighted sum of the concentration
Cf (t) in the free microbubble compartment and the concentration Cb (t) in the bound
microbubble compartment. The modified local density random walk (mLDRW) is used
to describe Cf (t) as [92]
r
Cf (t) = α

2

κ(t−t0 −µ)
κ
−
e 2(t−t0 ) ,
2π(t − t0 )

(7.1)

where α is the time-integral of Cf (t), t0 is the theoretical contrast injection time, µ is the
mean transit time, and κ is the dispersion parameter. Assuming negligible unbinding in
the first-pass of the contrast bolus, the bound microbubbles are modeled as well-mixed
accumulating compartment as [226]
vb

∂Cb (t)
= Kb Cf (t),
∂t

(7.2)

where vb is the fractional volume of bound microbubbles, and Kb is the binding rate. By
making the adiabatic approximation, for which the kinetics of free microbubbles are assumed to be much faster than that of bound microbubbles (κ  Kb ), and by solving (7.2)
with initial conditions Cb (0) = Cf (0) = 0, the FPB model is obtained as
Ct (t) = vf Cf (t) + Kb ∗ Cf (t) =
κ(t−t0 −µ)2
pκ
− 2(t−t
−1/2
0) +
= vf α 2π (t − t0 )
e
κ(τ−t0 −µ)2
p κ Rτ
−1/2 − 2(τ−t0 )
+Kb α 2π 0 (τ − t0 )
e
.
7.2.2

(7.3)

Tumor model

Three Copenhagen rats (220–250 gr; Charles River, Lyon, France) were injected with
Dunning R3327-G tumor cells (ECACC, Salisbury, UK) to establish prostate adenocar-
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cinomas. Tumors were allowed to grow for 60-90 days until they reached 5-8 mm in
diameter. All animal procedures were approved by the Cantonal Veterinary Office of
Geneva.
7.2.3

Ultrasound imaging

Rats were anesthetized by continuous inhalation of 2% isofluorane in air during the ultrasound examination. DCE-US was performed by injection of a 50-µL bolus of Sonovue
(1.2×108 bubbles per kg) followed by injection of a 50-µL bolus of BR55 (1.3×108 bubbles
per kg). A delay of about 15 minutes between injections was taken to allow elimination of
microbubbles from the previous injection. DCE-US cine loops were acquired in contrast
specific mode with a Cadence pulse sequence (CPS), using a clinical Siemens Sequoia
US scanner equipped with a 15L8 linear probe (transmit frequency = 7 MHz, dynamic
range = 83 dB; focal depth = 25 mm). Imaging was performed at low acoustic power
(MI=0.25) with a temporal resolution of 1 s until 45 s from the start of acquisition, and
of 15 s afterwards. About 10 minutes after contrast injection, a destructive burst at high
acoustic pressure (MI=1.9) was applied for a few seconds to destroy all the microbubbles
in the acoustic field, followed by imaging at low pressure (MI=0.25) for about 2 minutes
to observe bubble replenishment.
7.2.4

Data analysis

Prostate contours were manually drawn on each DCE-US loop, and time-intensity curves
(TICs) were extracted at each pixel within the contours. The quantitative parameter Kb
was estimated by fitting linearized TICs to the FPB model in (7.3) as described in [226].
The late-enhancement (LE) and differential targeted enhancement (dTE) were quantified
by the gray-level (g.l.) at t=500 s, and the difference in the average g.l. for 300 s < t
< 600 s and 660 s < t < 750 s, respectively. Based on the hypoechoic appearance on
B-mode imaging and on the observation of high late-enhancement in contrast-mode,
region-of-interests (ROIs) indicating tumor tissue were drawn in each rat prostate, and
compared to healthy ROIs. Parameter estimates obtained with Sonovue and BR55 in the
whole prostate, and in healthy and tumor ROIs were compared by the Wilcoxon signed
ranked test with significance level α=0.01. Data processing and statistical analysis was
performed in MatLab (Mathworks, Natick, MA, USA) running on a desktop computer.
7.3

results

Histograms showing the distribution of the parameter values for BR55 and Sonovue are
show in Fig. 7.1. The parameter estimates in the whole prostate obtained with Sonovue
and BR55 are given in Table 7.1 as medians ± standard deviation (SD), together with
the result of the Wilcoxon rank sum test evaluating their difference (p-value). Table 7.2
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Figure 7.1: Histograms comparing the values of Kb , LE, and dTE in control and tumor ROIs for non-targeted (Sonovue) and targeted (BR55) UCAs.
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and 7.3 compare the parameter values in healthy and tumor ROIs for Sonovue and BR55,
respectively.
Table 7.1: Summary of the parameter values (median ± SD) obtained in the whole prostate with
Sonovue and BR55, along with the p-values of the Wilcoxon signed ranked test.

Parameter

Sonovue

BR55

Difference

p-value

Kb (min−1 )

0.14±0.66

1.00±2.04

0.87±0.01

0.01

LE (g.l.)

27.53±14.49

46.93±24.40

19.40±0.12

0.01

dTE (g.l.)

-5.22±17.16

18.34±21.33

23.56±0.11

0.01

Table 7.2: Summary of the parameter values (median ± SD) obtained with Sonovue in control and
tumor ROIs, along with the p-values of the Wilcoxon signed ranked test.

Parameter

Control

Tumor

Difference

p-value

Kb (min−1 )

0.11±0.73

0.11±0.73

0.00±0.02

0.6924

LE (g.l.)

25.66±7.45

28.66±14.25

3.00±0.27

0.01

dTE (g.l.)

-5.51±10.77

-6.57±12.42

-1.06±0.27

0.0371

Table 7.3: Summary of the parameter values (median ± SD) obtained with BR55 in control and
tumor ROIs, along with the p-values of the Wilcoxon signed ranked test.

7.4

Parameter

Control

Tumor

Difference

p-value

Kb (min−1 )

0.54±1.37

1.35±1.09

0.80±0.02

0.01

LE (g.l.)

40.30±15.72

80.53±20.87

40.22±0.33

0.01

dTE (g.l.)

10.76±11.04

53.31±17.31

42.55±0.26

0.01

discussion and conclusions

Ultrasound molecular imaging is emerging as a compelling method for improved cancer diagnostics and therapy monitoring. Quantitative imaging biomarkers are needed to
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improve standardization of clinical protocols and facilitate the implementation of multicenter studies, necessary to translate the potential of novel targeted agents in clinical
practice.
Recently, we proposed quantitative assessment of angiogenesis by modeling of the
binding kinetics of tUCA with the FPB model. Fitting DCE-US derived TICs by the proposed model enables the estimation of the binding rate Kb , adopted to quantify angiogenesis. In this work, we tested the validity of the proposed model by comparing Kb
estimates in prostate-tumor bearing rats injected with a non-targeted UCA (Sonovue),
for which no binding is expected, and a tUCA (BR55), for which binding should occurs
in the tumor region.
According to our results, the estimated Kb was significantly larger for BR55 compared
to Sonovue. Moreover, significant differences were observed between Kb values in the tumor and healthy ROI for BR55, while no significant difference was observed for Sonovue.
The obtained results suggest the binding rate Kb to be a suitable specific parameter for
quantitative assessment of the binding kinetics of targeted and non-targeted UCA.
Semi-quantitative assessment by LE and dTE showed similar findings. However, small
but significant difference were observed in healthy and tumor ROI also for Sonovue,
especially for LE, highlighting the limited reproducibility of semi-quantitative methods.
Although ideally microbubble binding should not occur at all for Sonovue, studies
in pigs and rats have shown that microbubbles may attach on Kupffer cells and leukocytes in the liver microcirculation [417, 418]. This may explain the non-zero Kb values
estimated for Sonovue.
Another possibility may be the erroneous Kb estimation which may occur for noisy
TICs or in cases when the fitting routine converges to local minima. In future work,
simulation studies will be performed to evaluate parameter sensitivity and robustness
to noise.
To conclude, the results suggest the FPB model to accurately describe the different
kinetics of targeted and non-targeted UCA. Further in-silico and in-vivo validation will
be performed to confirm the promising role of the proposed quantitative biomarker, Kb ,
for assessment of cancer angiogenesis and therapy monitoring.
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8
Q U A N T I T AT I V E U S M I F O R M O N I T O R I N G T H E R E S P O N S E T O
ANTIANGIOGENIC THERAPY
Based on [J1]: S. Turco et al., “Pharmacokinetic modeling of targeted ultrasound contrast
agents for quantitative assessment of anti-angiogenic therapy: a longitudinal case-control
study in colon cancer.”, Investigative Radiology, Special Issue on Contrast Media, submitted.
abstract
Objectives: To evaluate quantitative and semi-quantitative ultrasound molecular imaging (USMI) for anti-angiogenic therapy monitoring in human colon cancer xenografts
in mice.
Material and methods: Colon cancer was established in 17 mice by injection of LS174T
(Nr =9) or CT26 (Nn =9) cancer cells to simulate clinical responders and non-responders,
respectively. Anti-angiogenic treatment (bevacizumab; Nrt =Nnt =5) or control treatment (saline; Nrc =4, Nnc =3) was administered at days 0, 3, and 7. Three-dimensional
USMI was performed by injection at days 0, 1, 3, 7, and 10 of microbubbles targeted to
the vascular-endothelial growth factor receptor 2 (VEGFR2). Microbubble binding rate
(Kb ) estimated by first-pass binding model fitting, and semi-quantitative parameters
late-enhancement (LE) and differential targeted enhancement (dTE), were compared
at each day to evaluate their ability to assess and predict the response to therapy.
Correlation analysis with the ex-vivo immune-histological quantification of VEGFR2
expression and the percentage blood-vessel area was also performed.
Results: Significant changes in the USMI parameters during treatment were observed
only in the responders treated with bevacizumab (p-value<0.05). Prediction of the
response to therapy as early as 1 day after treatment was achieved by the quantitative
parameter Kb (p-value0.01), earlier than possible by tumor volume quantification.
USMI parameters could significantly distinguish between clinical responders and
non-responders (p-value<0.05), and correlated well with the ex-vivo quantification of
VEGFR2 expression and the percentage blood-vessel area (p-value0.01).
Conclusion: USMI (semi)quantitative parameters provide earlier assessment of
the response to therapy compared to tumor volume, permit early prediction of
non-responders, and correlate well with ex-vivo angiogenesis biomarkers.
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8.1

introduction

Cancer is one of the leading cause of death worldwide and represents a major health
challenge, accounting for 8.8 million deaths in 2015 – about 16% global mortality [419].
Among all cancers, colorectal cancer is particularly relevant, representing the third most
prevalent and second most lethal cancer in man and women combined in the United
States [420].
Based on the established link between cancer growth and the process of angiogenesis
[403, 421], i.e., the formation of a vascular network supporting tumor development, novel
therapeutic strategies aim at blocking or disrupting specific angiogenic pathways [413,
422]. Due to its ubiquitous overexpression, the vascular endothelial growth factor (VEGF)
is the dominant target of antiangiogenic drugs. Currently, several VEGF-inhibitors are
approved for first and second line of treatment of different types of cancers in the US and
Europe, including colon cancer [422, 423]. In colon cancer, VEGF-pathways represent
one of the main targets for treatment of metastatic disease [423–426].
Early evaluation of the therapeutic response is crucial to identify potential nonresponders, allowing for better therapy tailoring and patient management. Current
therapy-assessment criteria based on survival time and tumor dimension are not
suitable for evaluation of early response, especially in the case of novel anti-angiogenic
therapies, which act by interfering with angiogenic processes and may not lead to
any change in tumor size. [427]. Biomarkers for early assessment of antiangiogenic
therapies are thus needed to improve therapeutic decision-making.
Portability, low-cost, availability, and absence of ionizing radiations make ultrasound
imaging a promising option for antiangiogenic therapy monitoring, whereby several
repeated exams are needed. Ultrasound molecular imaging (USMI) allows assessment
of angiogenesis by using novel targeted ultrasound contrast agents (tUCA) [31]. These
are composed of microbubbles which can flow through the vasculature and attach to
the vessel walls where the target molecule is over-expressed, thus causing selective enhancement in areas of active angiogenesis. In this context, the clinical grade tUCA BR55
targeting the VEGF receptor 2 (VEGFR2) was recently developed and tested for human
use [33, 34, 194].
Evaluation of the degree of microbubble binding has shown to be a promising
biomarker of angiogenesis [397, 401, 428, 429]. Semi-quantitative assessment is typically
achieved by evaluating late-enhancement, several minutes after injection, often in
combination with the application of a high-pressure ultrasound burst to calculate
the differential targeted enhancement (dTE), i.e. the difference in the image intensity
before and after microbubble destruction [31, 398, 400, 428–431]. Semi-quantitative
USMI, however, is user- and machine-dependent, it requires lengthy procedures (5-10
minutes), and the application of a destructive burst, which may damage the endothelial
tissue [402].
Quantitative assessment may overcome these limitations. Several mathematical models have been proposed to describe the tUCA kinetics, which are based either on purely
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empirical models [228, 229], or on the combination of physiological and empirical models
[230], or on pharmacokinetic modeling [226, 232]. Fitting these models to time-intensity
curves (TICs) measured with USMI enables the estimation of quantitative parameters related to cancer angiogenesis. In this context, the first-pass binding (FPB) model enables
characterization of microbubble binding by the estimation of the binding rate Kb [226,
388]. By focusing only on the first pass of the contrast bolus, this method is not affected
by potential inaccuracies due to contrast recirculation and enables reducing the required
USMI acquisition time to about 1 minute.
The purpose of this study was to evaluate semi-quantitative and quantitative USMI for
assessment of the early response to anti-angiogenic treatment on colon cancer-bearing
mice monitored during therapy.

Figure 8.1: Flowchart summarizing the mice dataset and the treatment/control randomization.

8.2
8.2.1

methods
Tumor model

All animal experiments were approved by the Institutional Administrative Panel on Laboratory Animal Care at Stanford University. Colon cancer xenografts were established in
6-8 weeks old female mice (N=17) obtained from Charles River Laboratories (Wilmington, MA, US). Clinical responders (Nr =9) and non-responders (Nn =8) were simulated by
subcutaneous injection of, respectively, the human colon cancer line LS174T, which has
been shown to be sensitive to VEGF-targeted treatment [422], and the murine colon cancer cell line CT26, which has shown resistance to VEGF-targeted treatment [432]. Both
cell lines were obtained from ATCC (Manassas, VA, US). After cell-injection, tumors were
allowed to grow for 10 days to a maximum diameter of 6-13 mm. The mice were then
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Figure 8.2: Timeline of the animal experiments.

randomized into a treatment group, including five responders and five non-responder
mice (Nrt =Nnt =5), and a control group, including four responders (Nrc =4) and three
non-responders (Nnc =3). A flowchart summarizing the mice dataset is shown in 8.1. On
days 0, 3, and 7, the treatment group received a 10-mg/kg intravenous injection of Bevacizumab ®(Genentech, South San Francisco, CA), while the control group was injected
with sterile saline (Fig. 8.2). The animal data used in this study is a subset of the data used
in [429]. While this previous study showed the feasibility of USMI for anti-angiogenic
therapy monitoring by semi-quantitative assessment only, here quantitative analysis by
the FPB model is evaluated for the first time.
8.2.2

Three-dimensional USMI

Three-dimensional USMI was performed by a 100-µL injection of BR55 (Bracco Suisse,
Geneva, Switzerland) in the mice tail vein through a 27G needle catheter (Vevo Micromarker; VisualSonics, Toronto, Canada) at a constant injection rate of 20 -µL/s using an
infusion pump (Kent Scientific, Torrington, CT, US). Contrast imaging in power modulation mode was performed at days 0, 1, 3, 7, and 10 with an EPIQ7 clinical ultrasound
system (Philips Healthcare, Andover, MA, US) equipped with an X6-1 matrix array probe
working at 3.2 MHz (frame rate = 1 Hz, dynamic range = 52 dB, focal depth = 5 cm). The
mechanical index (MI) was initially kept constant at 0.09 to allow microbubble circulation and binding to target sites. 3D frames were acquired at a frame rate of 1 Hz for a
total duration of about 5 minutes. After about 4 minutes from the start of the acquisition
(t = tflash ), a destructive burst was applied by increasing the MI to 0.72 for 2 s. The MI
was then switched back to 0.09 to image microbubble replenishment.
8.2.3

US quantification

Tumor volumes were manually segmented on each 3D USMI dataset in random order by
a reader blinded to the treatment randomization, using a custom software developed in
MeVisLab (MeVis Medical Solutions AG, Bremen, Germany). Tumor volume was quantified by measuring the greatest longitudinal (L), transverse (W), and anteroposterior (H)
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dimensions of tumors in grayscale, and using the formula V=π/6 L·W·H. For each 3D
USMI dataset, a linearized time-intensity curve (TIC) was obtained at each voxel and
semi-quantitative analysis was performed by calculation of the late-enhancement (LE),
evaluated as the gray level (g.l.) at t = tflash − 40s, and the differential targeted enhancement (dTE), calculated as the difference between the average g.l. for t > tflash + 30s
(after the destructive US burst) and tflash − 130s < t < tflash − 30s (before the destructive US burst). Quantitative analysis was performed by fitting the first minute of each
voxel TIC to the first-pass binding (FPB) model (Chapter 6 and Appendix ??). This model
describes the local evolution of the concentration of free microbubbles as resulting from
a convective-dispersion process by the modified local density random walk model [92],
and the concentration of bound microbubbles as resulting from an accumulating compartment, characterized by the binding rate Kb (min−1 ), which is adopted to quantify
microbubble binding. Fitting was performed by non-linear least-squares curve fitting
with the Trust Region Reflective method [226, 326]. Since the estimated parameters are
not Gaussian distributed, the median value was calculated over the whole 3D volume for
each USMI dataset and used for the statistical analysis. All the analysis was implemented
in MatLab® (Mathworks, Natick, MA, US) running on a desktop computer.
8.2.4

Immuno-histological quantification

At day 10, mice were sacrificed for tumor ex-vivo analysis. After 24h-fixation in a solution of 4% paraformaldehyde and phosphate-buffered saline, followed by 3-day fixation
in 30% sucrose and phosphate-buffered saline solution (Sigma Aldrich, St Louis, MO,
USA), tumors were sectioned into 10-mm slices for immunofluorescence staining. Rabbit anti-mouse VEGFR2 antibody (Cell Signaling, Danvers, MA, USA) and rat anti-mouse
CD31 antibody (eBioscience, San Jose, CA, USA) were used to quantity VEGFR2 expression and the percentage blood-vessel volume, respectively. Fluorescent microscopy was
performed with an LSM510 metaconfocal microscope (Zeiss, Maple Grove, MN, USA)
attached to a digital camera (AxioCam MRc, Bernried, Germany) using a ×20 objective.
On each histological slice, five fields of view (FOVs) of 0.19 mm2 were randomly selected
and the VEGFR2 expression and the percentage blood-vessel area per FOV were quantified with mage J software (National Institutes of Health, Bethesda, MD, USA) as the
average value in the five FOVs.
8.2.5

Statistical analysis

For each tumor model (responder/non-responder) and treatment (treated/control), the
USMI parameter values before and after treatment were compared by performing
ANOVA analysis, with the post-hoc Tukey honest significant different (HSD) test to
evaluate the changes in the parameter values at each USMI acquisition during treatment.
The ability of (semi-)quantitative USMI of distinguishing between clinical responders
and non-responders was evaluated on the treated groups by performing the Wilcoxon
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signed-rank test on the fold changes in the parameter values at each day after day 0
(baseline). The correlation of the in-vivo USMI parameters with the ex-vivo assessment
of VEGFR2 expression levels and of the percentage blood-vessel area, as well as the
correlation among the USMI parameters, was assessed by calculation of the Pearson
linear correlation and the Spearman rank correlation coefficients. All statistical analysis
was performed in MatLab.
8.3

results
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Figure 8.3: Boxplots comparing USMI parameter values and tumor volume before and after treatment. Significant differences with respect to day 0, as tested by ANOVA analysis with
Tukey HSD post-hoc test, are indicated by asterisks (*p-value<0.05, **p-value <0.01, ***pvalue0.01).
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Early assessment of therapeutic response

The changes in USMI parameters and tumor volume during
treatment are shown in Fig. 8.3.
In the responders treated with
bevacizumab,
significant
differences in Kb (p-value0.01),
dTE (p-value<0.01), and LE (pvalue<0.05) were observed after 1
day post-treatment. No significant
changes during treatment were
instead observed for the responders in the control group (Kb :
p-value>0.61; dTE, p-value=0.06;
LE: p-value=0.22), and for the nonresponders both in the treated (Kb :
p-value>0.99; dTE, p-value=0.94;
LE: p-value=0.63) and control (Kb :
p-value>0.22; dTE, p-value=0.16;
LE: p-value=0.54) groups. A significant increase in tumor volume
could only be observed in the
responder control group at day 10
(p-value<0.05).
8.3.2 Early distinction of clinical
responders
The fold changes in the parameter values in the treated responders Figure 8.4: Fold changes in USMI parameters with respect
to day 0 in treated mice, with error bars indiand non-responders are compared
cating the standard error of the mean (SEM).
in Fig. 8.4. Significant differences
Significant differences at each day, tested by
were observed already at day 1. Usthe Wilcoxon signed-rank test, are indicated by
ing a threshold of 0.7 change on the
asterisks (*p-value<0.05, **p-value <0.01).
pooled values after treatment (including days 1, 3, 7, and 10) provided accuracy in the distinction between responders
and non-responders of 85%, 87.5%, 97.5%, for Kb , LE, and dTE respectively. The results
are summarized in Table 8.1.
8.3.3

Correlation with ex-vivo quantification of angiogenesis

Scatter plots comparing in-vivo USMI parameter values with the ex-vivo immunohistological quantification of VEGFR2 expression levels and the percentage blood-vessel
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area are provided in Fig. 8.5, while the results of the correlation analysis are shown
in Table 8.2. Significant linear and rank correlation was found between all USMI
parameters and both VEGFR2 expression and the percentage blood-vessel area, except
for LE, for which the rank correlation with the percentage blood-vessel area was not
significant (Spearman ρs =0.43, p-value=0.09).
Table 8.1: Classification results evaluating the ability of USMI parameters to distinguish between
clinical responders and non-responders. The results are obtained by normalizing each
parameter at each day after baseline (days 1, 3, 7, 10) by the value at baseline (day0), and
then using 0.7-fold change as cutoff for positive response to therapy. The results are
given in terms of true positives (TP), false positives (FP), false negatives (FN), true negatives (TN), sensitivity (SENS), specificity (SPEC), accuracy (ACC), positive predictive
value (PPV), and negative predictive value (NPV).
Parameter

TP

FP

FN

TN

SENS
(%)

SPEC
(%)

ACC
(%)

PPV
(%)

NPV
(%)

Kb

16

2

4

18

80.0

90.0

85.0

88.9

81.8

dTE

20

1

0

19

100.0

95.0

97.5

95.2

100.0

LE

19

4

1

16

95.0

80.0

87.5

82.6

94.1

Table 8.2: Correlation analysis between in-vivo USMI parameters and the ex-vivo immunohistological quantification of VEGFR2 expression levels and the percentage bloodvessel area. Linear and rank correlation are evaluated by the Pearson (ρp ) and Spearman (ρr ) correlation coefficients, respectively.
VEGFR2 Expression
ρp
ρs
(p-value)
(p-value)
Kb
dTE
LE

8.3.4

0.63
(<0.01)
0.89
(<0.01)
0.82
(<0.01)

0.50
(<0.05)
0.66
(<0.01)
0.53
(<0.05)

Blood vessel area (%)
ρp
ρs
(p-value)
(p-value)
0.62
(<0.01)
0.81
(<0.01)
0.70
(<0.01)

0.62
(<0.05)
0.55
(<0.05)
0.43
(0.09)

Correlation between USMI parameters

Table 8.3 summarizes the results of the correlation analysis between the USMI parameters. Significant linear and rank correlation was found between all USMI parameters (pvalue0.01). The semi-quantitative parameters showed expectedly higher correlation
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Table 8.3: Correlation analysis between the UMSI parameters, performed by calculating the pairwise linear (Pearson, ρp ) and rank (Spearman, ρp ) correlation coefficients. Corresponding p-values are given in parentheses.
dTE

Kb

LE

ρp
(p-value)

ρs
(p-value)

ρp
(p-value)

ρs
(p-value)

ρp
(p-value)

ρs
(p-value)

1.00
(«0.01)

1.00
(«0.01)

dTE

-

-

0.50
(«0.01)
1.00
(«0.01)

0.49
(«0.01)
1.00
(«0.01)

LE

-

-

-

-

0.46
(«0.01)
0.88
(«0.01)
1.00
(«0.01)

0.42
(«0.01)
0.82
(«0.01)
1.00
(«0.01)

Kb

between each other (Pearson ρp =0.88, Spearman ρs =0.82) than with the quantitative
parameter Kb , which showed higher correlation with dTE (Pearson ρp =0.50, Spearman
ρs =0.46), than LE (Pearson ρp =0.46, Spearman ρs =0.42).
8.4

discussion

In this study, we evaluated semi-quantitative and quantitative USMI for assessment of
the response to antiangiogenic treatment in two colon cancer mouse models, simulating
clinical responders and non-responders. Our results show the ability of USMI biomarkers to assess the response to treatment earlier than by assessment of tumor volume. A
significant decrease in the USMI parameters was observed as early as 1 day after treatment, especially by the microbubble binding rate Kb . This suggests USMI to represent a
better option for assessment of the early response to therapy than traditional dimensionbased criteria, and possibly also suited for assessment of therapies with cytostatic action,
whereby no changes in tumor size are expected.
Other imaging modalities are under investigation for monitoring the response to antiangiogenic therapies, including computed tomography (CT) [433], positron emission
tomography (PET) [434], and magnetic resonance imaging (MRI) [435]. Although DCECT, PET/CT, and MRI have shown useful in detection and staging of colorectal cancer
and metastases, especially in the preoperative settings [436–438], the use of these modalities for therapy monitoring is hampered by the inherent radiation risk (CT, PET), and
by the high cost and low availability (MRI, PET). Combining low-cost, widespread availability, portability, and absence of ionizing radiation, USMI is advantageous for therapy
monitoring, whereby repeated exams are performed. However, clinical translation of
USMI requires more extensive clinical validation, evidencing the need for quantitative
biomarkers of therapy response and for a standard clinical protocol to enable reliable
evaluation and comparison of findings.
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Figure 8.5: Scatter plot comparing in-vivo USMI parameter values with the ex-vivo immunohistological quantification of VEGFR2 expression levels and the percentage blood-vessel
area in treated responders (blue circles), control responders (light blue triangles), treated
non-responders (red circles), and control non-responders (light red triangles). Error bars
indicate the standard deviation.
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Quantitative analysis was performed by fitting the FPB model to USMI-derived TICs.
This model is the solution of a bi-compartmental model describing the concentration of
free microbubbles as resulting from a convective-dispersion process, and the concentration of bound microbubbles as resulting from a well-mixed compartment, where binding
occurs at a rate given by Kb . Since only the first-pass of the contrast bolus is considered,
the assumption of negligible unbinding can be made, and any effect due to tUCA recirculation can be disregarded. Moreover, fitting the tUCA first-pass avoids the need for long
acquisition times and for the application of a high-pressure destructive burst, which are
instead required by current semi-quantitative methods. A preliminary in-vivo validation
of the method, comparing Kb estimates obtained for targeted and non-targeted UCA, suggests the model to accurately describe the kinetics of both [439]. However, simulation
studies should be performed in the future to evaluate the accuracy, precision and repeatability of parameter estimation, and to assess the signal-to-noise and temporal sampling
requirements of the method, possibly proposing an optimized acquisition protocol for
improved performance.
Although angiogenesis inhibitors have been used successfully as first and second line
treatment in some tumor types [423, 440, 441], resistance has been reported in some
cases [441, 442]. Early distinction of clinical non-responders is therefore crucial to permit
timely adjustments in the therapeutic strategy, possibly improving treatment efficacy,
sparing patients the morbidity and severe side effects associated with antiangiogenic
therapies [443], and potentially cutting clinical costs due to unnecessary treatment. In
our study, comparison of treated responders and non-responders showed USMI parameters to be able to predict the response to therapy already 1 day after treatment initiation.
However, only one tumor model responding to treatment, and one tumor model showing
resistance to the investigated antiangiogenic inhibitor were here compared. Moreover,
only short-term monitoring up to 10 days after treatment was here performed. Further
pre-clinical validation involving different organs, tumor models, and anti-angiogenic
drugs, and comparison with long-term survival criteria are thus necessary to clarify the
role of USMI for early prediction of the therapeutic response.
The ability of the proposed in-vivo USMI parameters to reflect angiogenesis was validated by comparison with the ex-vivo immuno-histological assessment of VEGFR2 expression levels and the percentage blood-vessel area, performed on excised tumors. Excluding the rank correlation between LE and the percentage blood-vessel area (ρs = 0.43,
p-value = 0.09), significant linear and rank correlation was found between all in-vivo
and ex-vivo angiogenesis biomarkers. In general, higher correlation was found with the
VEGFR2 expression levels compared to the percentage blood-vessel area. This may be
expected considering that the adopted in-vivo biomarkers all reflect the binding levels of
VEGFR2-targeted microbubbles and thus are more directly related to VEGFR2 expression
levels than the percentage blood-vessel area, which reflects more structural features of
angiogenic vasculature. Moreover, the lower linear correlation found between VEGFR2
expression for Kb , compared to LE and dTE, may be due to the fact that Kb , representing the microbubble binding rate, does not reflect only the degree, but also the kinetics
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of microbubble attachment. Further validation in different tumor models may provide
greater insight on whether the binding kinetics vary in different tumor types.
Similar conclusions can be drawn from the correlation analysis within the USMI parameters, which showed higher correlation between the semi-quantitative parameters
LE and dTE, than between Kb and LE/dTE. This suggests that Kb may provide different
insights into microbubble binding, while the information given by LE and dTE may be
overlapping. Since Kb showed lower correlation with LE than dTE, in future work it
might be interesting to investigate whether comparable or improved performance can
be obtained by the combination of Kb and LE, which would provide quantitative analysis
with an easier and safer acquisition protocol, not requiring the application of a destructive US burst.
There are some limitations in this study. Although lacking a clear physiological link
with the underlying angiogenic processes, other empirical and pharmacokinetic models
are available to fit USMI derived TICs [228–230, 232]. A comparative study should be
performed in future work to assess which model and parameters are most suitable for
quantitative USMI of cancer angiogenesis. Moreover, although the adopted FPB model
has shown promise for antiangiogenic therapy monitoring by the quantitative parameter
Kb , this study was performed on two mouse xenograft models, for which tumor biology
is inherently different than that of humans, and on a limited dataset, with the largest
group including five mice. More extensive pre-clinical validation and feasibility studies
in humans are thus necessary to confirm the promising results.
Practical applications
Our findings contribute to the cohort of preclinical studies showing the promise of
VEGFR2-targeted microbubbles in the context of angiogenesis imaging and therapy monitoring [34, 398, 401, 428, 429]. Currently, no molecularly-targeted contrast agent has
been approved for clinical use. Initial studies in humans have demonstrated the feasibility and clinical safety of VEGRF2-targeted microbubbles for USMI of prostate [33],
breast, and ovarian cancer [34]. However, more extensive validation and the implementation of multi-center trials are required to allow clinical translation. In this context,
a standardized quantitative protocol may be useful to improve reproducibility, and to
facilitate the comparison of findings between different studies and centers, especially
important for therapy monitoring, whereby several longitudinal measurements need to
be compared. Based on the results of our study, here we suggest the combination of
the (semi)-quantitative parameters LE and Kb for a standardized quantification protocol
feasible for clinical USMI in the context of antiangiogenic therapy monitoring.
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9
DISCUSSION AND OUTLOOK
Despite significant progress with our understanding of cancer biology, and innovations
in cancer diagnostics and therapy, the predicted cancer burden keeps increasing. Key
challenges to reduce cancer incidence, morbidity, and mortality include better prevention, earlier and more reliable detection, and optimization and tailoring of the therapeutic
strategy.
The recognition of the crucial role of angiogenesis in cancer growth and progression
has opened up new frontiers in oncologic research, providing a way to tackle cancer at
the very early stages of the disease. Several novel therapies aimed at inhibiting or blocking angiogenic processes are being developed and clinically tested, evidencing the need
for reliable in-vivo biomarkers able to assess and predict therapeutic outcome. Imaging of
angiogenesis holds promise to improve several aspects of cancer management, including
diagnosis, monitoring and prediction of the response to therapy, and drug development.
In this thesis, current challenges in cancer diagnostics have been addressed by proposing novel methods for functional and molecular assessment of cancer angiogenesis. The
general approach combines dynamic contrast-enhanced and molecular imaging with
pharmacokinetic modeling of the contrast agent kinetics to enable the estimation of
quantitative parameters related to the physiology underlying cancer angiogenesis.
Considering the microcirculation as a distributed network of connected channels, similar to a porous medium, dispersion features of contrast kinetics have been adopted to address the changes occurring in tumor vasculature due to cancer angiogenesis. These typically include increased tortuosity and microvascular density (MVD), higher permeability,
decreased vessel size, and the presence of arterio-venous shunts. In the context of dynamic contrast-enhanced ultrasound (DCE-US), whereby intravascular contrast agents
are used, contrast kinetics have been described previously as a convective-dispersion
process by the modified local density random walk (mLDRW) model, enabling the characterization of the microvascular architecture by estimation of the local dispersion parameter κ [92].
Based on the promising results obtained for prostate cancer localization [18, 92, 364],
in this work, intravascular dispersion modeling has been extended to describe the kinetics of extravascular contrast agents, such as those used in DCE-MRI, and targeted
ultrasound contrast agents (tUCAs), such as those used in ultrasound molecular imaging (USMI).
In Chapter 3, the proposed dispersion modeling approach has been implemented for
quantitative DCE-MRI of the prostate and compared with standard pharmacokinetic
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analysis by the Tofts’ model (TM). A full dispersion model (FDM) was obtained by modeling the intravascular contrast transport with the mLDRW, and the extravascular leakage as resulting from a concentration-driven transport process. The reduced dispersion
model (RDM) was obtained from the FDM by assuming negligible contribution of the
vascular concentration to the total contrast concentration. The increased complexity of
these models, including the description of the intravascular bolus transport from the
injection to the detection site, enabled the simultaneous assessment of the microvascular architecture and permeability, while only the latter can be assessed by TM analysis.
Moreover, modeling the intravascular contrast transport also eliminates the need for the
extra measurement of the arterial input function (AIF), which is instead required by most
state-of-the-art DCE-MRI models. In fact, the measurement of the AIF is generally critical, prone to several sources of measurement errors (saturation, partial volume effects,
inflow effects, non-linear calibration) [145, 173–175], and relying on strong assumptions
(AIF in tissue to be the same as in the sampling artery) [170, 171, 343], which eventually
may translate into errors in the estimated parameters.
As described in Chapter 2, other models available for quantitative DCE-MRI analysis (DP, TH, AATH, 2CXM) exploit higher model complexity to describe the separate
effects of flow and permeability. However, they still require the AIF measurement, and
thus they disregard the effects of delay and dispersion on contrast concentration due to
the intravascular transport. A comparison of the models available for fitting DCE-MRI
contrast concentration curves, summarizing the main assumptions, applicability, advantages, limitations, and complexity is given in Table 9.1. In future work, a thorough model
comparison in both in-vivo and in-silico data should be performed to identify which
model and parameters better reflect those alterations occurring in tumor vasculature due
to cancer angiogenesis, by comparison with ex-vivo immunohistological assessment.
Higher model complexity typically also translates into higher demands in terms of
temporal resolution and computational requirements. Since distributed models do not assume instantaneous and perfect contrast mixing, a temporal resolution smaller than 1.5 s
is suggested for accurate parameter estimation [155, 289]. In addition, the computational
demands generally increase with increasing dimension of the parameter search space,
making the choice of the fitting strategy more critical than the SNR requirements, which
in turn do not show great influence on the accuracy of the parameter estimates [155, 388].
In general, an analytical closed-form model solution, which is continuous and differentiable in the time domain, is more favorable for curve fitting because it provides a continuous error function, leading to improved estimation precision and accuracy [155, 388].
Consistent with the literature, our results demonstrate longer computation time and
higher estimation error for the more complex FDM compared to the RDM (Chapter 3),
and small influence of the SNR on the estimation accuracy (Chapter 4). Accordingly, in
Chapter 4, the importance of the fitting strategy is emphasized and optimal solutions to
reduce the computational burden of MRDI are provided.
Altoguh computationally less demanding, simpler models (eTM, TM, Patlak) require
special attention to ensure that the investigated tissue complies with the adopted sim-
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plifying assumptions on tissue characteristics [145]. Although these models have found
widespread application in the past years, their use was mostly dictated by the limitations
in the attainable resolution and computational requirements. Thanks to continuous technological advances, nowadays these requirements are met more easily; therefore, the
application of more complex models, which enables relaxing the assumptions on the
vascular transport and tissue structure, and generally improves fit accuracy [154, 343,
444, 445], is highly suggested. A cohort of studies has in fact shown that more complex models (AATH, 2XCM) have better performance for temporal sampling of 4 s or
smaller [154, 157, 444, 445], while simpler models (eTM, TM, Patlak) perform better for
larger temporal sampling [446, 447].
In line with these findings, in Chapter 3, we show MRDI to outperform TM analysis
for prostate cancer localization in a study involving 15 patients, in which DCE-MRI was
performed with a temporal resolution of 3.1 s. This preliminary results are further confirmed in Chapter 5 in a large multicenter study involving 80 patients, where the temporal resolution ranged from 2.9 s to 4.5 s. Interestingly, although still outperforming
TM analysis, a decay in the diagnostic performance was observed with MRDI for temporal resolutions larger than 3.5 s. In future work, further in-silico and in-vivo validation
should be carried out to evaluate the spatial and temporal resolution requirements for
MRDI, and the effects of uncertainties in contrast relaxivity and tissue T1 on the parameter estimation. Ideally, an optimal combination of acquisition settings should be found,
and a standardized clinical protocol should be proposed.
In the context of prostate cancer imaging, a multiparametric MRI approach that combines anatomical T2-weighted imaging with diffusion-weighted imaging and DCE-MRI
has emerged as a useful clinical tool for prostate cancer diagnosis, localization, and staging [254, 373, 374]. The integrated information obtained from mpMRI is typically reported in a structured scheme known as Prostate Imaging Reporting and Data System
(PI-RADS). In an attempt to simplify the mpMRI protocol and the scoring procedure, an
updated PI-RADS (PIRADS2) has been introduced that includes only qualitative analysis of DCE-MRI with a marginal weight on the final PIRADS2 score. However, a recent
study has shown that PI-RADS2 has lower overall diagnostic performance compared to
PI-RADS, and (semi)-quantitative DCE-MRI analysis to be superior to qualitative assessment [Aue2017].
In this work, we have shown MRDI to improve the diagnostic accuracy compared to
semi-quantitative assessment (Chapter 3) and standard TM analysis (Chapters 3 and 5),
with a simpler quantification protocol, which could improve the clinical workflow in the
context of mpMRI. However, MRDI was never compared to other MRI methods typically
used for prostate MRI, such as T2W and DWI sequences. Therefore, a retrospective study
has been started with the aim to compare the diagnostic performance for prostate cancer diagnosis of PI-RADS2 alone, MRDI alone, and the combination of the two. In this
study, the diagnosis obtained in each case will be reported as a PI-RADS2 score by three
radiologist trough a custom-built graphical user interface (Fig 9.1), and compared to a
PI-RADS2-like scoring of the corresponding histology made by a pathologist. The aim is
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Figure 9.1: GUI developed to aid radiologists in PI-RADS2 scoring of mpMRI and MRDI.

.
to compare the performance of MRDI with standard mpMRI, and to investigate whether
inclusion of MRDI in the mpMRI protocol may improve the diagnostic accuracy of the
PI-RADS2 for prostate cancer diagnosis.
As introduced in Chapter 2 and demonstrated in this thesis, vascular assessment of
cancer angiogenesis by perfusion and dispersion quantification with DCE imaging has
emerged as a clinically useful tool for tumor detection and characterization, and it has
shown promise for monitoring the response to cancer therapy. However, vascular assessment by DCE imaging is inherently indirect: it may only characterize the late (macroscopic) alterations in contrast dynamics resulting from abnormal angiogenic vasculature.
Conversely, molecular imaging enables visualization and quantification of the biochemical event from which cancer originates, potentially providing earlier and more direct
characterization of cancer angiogenesis. This is particularly interesting for monitoring
the response to cancer therapy, since current methods for therapy assessment only evaluate the late effects of cancer growth, such as changes in tumor dimension or survival
time [22, 25, 281].
In response, in Chapter 6, dispersion modeling has been extended to describe the
binding kinetics of targeted ultrasound contrast agent (tUCA): the mLDRW model was
adopted to describe the concentration of freely-flowing microbubbles, while, under the
assumption of negligible unbinding in the tUCA first-pass, an accumulating well-mixed
compartment was proposed to model the kinetics of bound microbubbles. The resulting
first-pass binding (FPB) model provides complementary information on vascular and
molecular features of cancer angiogenesis by estimation the local dispersion parameter,
κ, and the binding rate Kb , respectively.
Consistent with previous work, in all our studies, larger values of the local dispersion
parameter κ have been found in malignant prostate tissue compared to healthy tissue,
both in humans and in prostate tumor-bearing rats. This suggests κ to be a promising,
reproducible imaging biomarker of cancer angiogenesis, and confirms the validity and
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High. Estimation of 4+15
parameters and separate
estimation of the AIF.

Medium high. Estimation of
4+15 parameters and
separate estimation of the AIF.
Differentiable closed-form
solution available.

- Separate estimation of Fp and PS
- Demanding temporal resolution requirements
- Extra measurement of the AIF needed
- Analytical closed-form in the time domain
is a piecewise function
- Limited validation

- Separate estimation of Fp and PS
- Extra measurement of the AIF needed
- Analytical closed-form available
- Limited validation

Wide. Any
perfused tissue.

Wide. Any
perfused tissue.

Wide. Any
perfused tissue.

- IV space as plug-flow system
- EV space as well-mixed compartment

- IV space as plug-flow system
- EV space as well-mixed compartment
- Exchange occurring only at the
venous end (adiabatic approximation)

- IV and EV spaces as
well-mixed compartments

TH

AATH

2CXM

The time of appearance t0 may be estimated separately to reduce the dimension of the parameter search space in the recursive curve-fitting routine.

High. Estimation of 4+15
parameters and separate
estimation of the AIF.

- Separate estimation of Fp and PS
- Demanding temporal resolution requirements
- No analytical solution available in the time domain.
- Extra measurement of the AIF needed
- Very limited validation

Wide. Any
perfused tissue.

5

High. Estimation of 4+15
parameters and separate
estimation of the AIF.

- Separate estimation of Fp and PS
- Demanding temporal resolution requirements
- Extra measurement of the AIF needed
- Analytical solution in the time domain
not in closed-form - Very limited validation

- IV space as plug-flow system
- EV space as distributed system
- Fp and PS spatially independent

DP

Complexity

Remarks

Applicability
(types of tissue)

Assumptions

Model

Table 9.1: Comparison of quantitative models used in DCE-MRI.

RDM

RR

Patlak

TM

eTM

Model

- Fp ≈ ∞ or vp ≈ 0

- Fp ≈ ∞
- vp ≈ 0

- Fp ≈ ∞
- vp ≈ 0

- Ce  Cp

- Fp ≈ ∞
- vp ≈ 0

- Fp ≈ ∞ or vp ≈ 0

Assumptions

As eTM

As TM

As TM

Limited. Tissue with large
EV space or low PS
(brain, renal)

Limited. Well perfused and
weakly vascularized tissue
(brain, breast, prostate, cervical,
oral, pancreatic)

Medium. Well perfused or
weakly vascularized tissue
(brain, head and neck, breast,
lung, renal, prostate, rectal,
cervical, oral, pancreatic)

Applicability
(types of tissue)

- No extra measurement required
- Delay and dispersion of the AIF included in the model
- Limited validation

- AIF estimated from a reference tissue
- Limited validation

- Extra measurement of the AIF needed
- Model linearization possible

- Extra measurement of the AIF needed
- Extensive validation

- Extra measurement of the AIF needed
- Extensive validation

Remarks

Medium. Estimation of 5 parameters.

Low. Estimation of 2+15 parameters
and measurement of CRR (t).

Very low. Estimation of 2+15
parameters and separate
estimation of the AIF.

Low. Estimation of 2+15 parameters
and separate estimation of the AIF.

Medium low. Estimation of 3+15
parameters and separate
estimation of the AIF.

Complexity

The time of appearance t0 may be estimated separately to reduce the dimension of the parameter search space in the recursive curve-fitting routine.

High. Estimation of 6 parameters.

FDM

- No extra measurement required
- Delay and dispersion of the AIF included in the model
- Limited validation

5
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versatility of the adopted pharmacokinetic modeling approach. The latter is further confirmed in Chapter 7, where Kb estimates are compared for a tUCA and a non-targeted
UCA: Kb estimates close to zero were found for the non-targeted UCA, for which no (specific) binding should occur, with no significant difference between benign and malignant
areas.
Highlighting different features of cancer angiogenesis, κ and Kb both showed ability
to discriminate between benign and malignant prostate tissue in rats. However, the validation strategy, combing US gray scale imaging and semi-quantitative assessment of
binding on contrast-imaging to determine benign and malignant regions, might be biased towards molecular assessment. Nonetheless, molecular biomarkers seemed better
suited than dispersion to detect the presence of cancer. This may result from the fact
that dispersion assessment, as mentioned above, is inherently indirect, and the different
microscopic alterations occurring in tumor vasculature due to cancer angiogenesis may
cause counteracting effects on the macroscopically-observed contrast kinetics.
In fact, although the proposed dispersion modeling approach has shown to be a versatile and promising method for quantitative imaging of angiogenesis, the effects that
different angiogenic features have on contrast kinetics have never been clarified. An
increase in the local dispersion parameter, κ = v2 /D, may result from an increase in
the convective velocity, v, and/or from a decrease in the dispersion coefficient, D. In angiogenic tumor vasculature, the former may be related to the presence of arteriovenous
shunts and to the decreased flow resistance resulting from the lack of vasomotor control,
while the latter may be due to the increased tortuosity and decreased vessel size, which
may constrain the contrast transport in space.
In this context, ongoing work is focused on in-vitro experiments to investigate the
effects of angiogenesis-related vascular features on contrast agent dispersion. In a first
proof-of-concept study, a fluid-dynamic in-vitro setup including a sponge phantom has
been developed: sponge material with fixed properties has been sectioned in a number
of samples of decreasing volume and compressed inside a rigid sample holder of fixed
volume (Fig. 9.2). Assuming the average porosity and pore size distribution to be same
for the non-compressed samples, compression will result in a increased number of pores
and decreased pore size per unit volume in the sample holder. Under this hypothesis, the
setup shown in Fig. 9.2 will be used to investigate the effects of MVD and vessel size on
contrast dispersion.
Analysis of both structural and molecular features of angiogenic microvasculature
could be achieved ex-vivo by immunohistological analysis of excised tumor specimens,
providing microscopic maps of the microvascular density and of the expression level
of specific receptors [7, 26, 448]. These could be used as ground truth for validation of
in-vivo methods for imaging of angiogesis [449]. However, matching of the ex-vivo microscopic maps with the in-vivo imaging plane is rather challenging, and affected by errors
due to the alterations in the tissue shape and dimensions resulting from excision, sectioning, and immunohistological processing. Moreover, immunohistological maps can
only visualize the changes in the microvasculature resulting from the chain of molecular
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Figure 9.2: a. Schematic of in-vitro flow system to investigate the effects of MVD and vessel size on
contrast agent kinetics. b. Pictures of the sponge phantom inside the sample holder.

.
events following the angiogenic switch, at a single time-point in this complex multi-step
process.
Recent breakthroughs in US imaging are addressing the challenge to visualize blood
vessels in-vivo at the microvascular scale. In a technique referred to as acoustic angiography, a double transducer is used to excite UCAs at their resonance frequency (2-4 MHZ)
and receive echoes from excited microbubbles at high frequency (30 MHz), obtaining
almost complete tissue suppression at high resolution [390]. Although limited in penetration depth (10 mm), this technique enables the visualization of the microvascular
architecture in superficial tissue with a resolution of about 100 µm, and it can also be
combined with molecular imaging [450]. Super-resolution ultrasound has been recently
proposed to push the resolution beyond the diffraction limit. Inspired by sub-diffraction
optical microscopy, a method combining ultra-fast imaging with very low contrast concentrations enabled whole-organ mapping of microvasculature by fast tracking of transient microbubble signal [391]. This concept, demonstrated under specific conditions in
laboratory settings, has been advanced to the clinical settings by novel techniques based
on sparse recovery [451], or analysis of higher-order time-fluctuation statistics [452].
However, the lack of a reliable validation strategies limits the scope of these exciting
developments to the research settings.
In the future, microfluidic approaches could be exploited to build US-compatible, artificial microvascular networks with tunable characteristics, providing a controllable platform to better understand the link between contrast kinetics and the underlying vascular features. Additionally, this system could be advanced by including endothelial tissue and target cells typically present during cancer growth. The development of such
a microvascular model would provide a unique experimental platform to gain deeper
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insight into the effects that vascular and molecular features of cancer angiogenesis have
on contrast agent kinetics. Moreover, such a platform could be useful for validation of
high-resolution and super-resolution techniques, and for calibration purposes, to better
understand the acoustic response of targeted and non-targeted UCA, and its relationship
with the acquired US signal.
In cancer therapy, novel anti-angiogenic drugs have shown promise for first and second line cancer treatment [423, 440, 441]. However, although treatment efficacy has been
demonstrated for some tumor types, resistance has also been reported [441, 442]. Early
evaluation of the therapeutic response is crucial to identify potential non-responders, allowing for better therapy tailoring and patient management. Since novel anti-angiogenic
drugs act by interfering with angiogenic processes, and may not lead to any change in
tumor size, current survival- and dimension-based methods are especially limited for the
early assessment of these novel therapies.
To overcome current limitations, in Chapter 8, quantitative USMI by FPB modeling
was validated for monitoring the early response to anti-angiogenic therapy in two coloncancer mouse models, simulating clinical responders and non-responders. According to
our results, quantitative assessment by the binding rate Kb was able to predict the response to therapy much earlier than assessment by growth in tumor volume, and also
provided early distinction between clinical responders and non-responders. Although
similar results were obtained with semi-quantitative parameters, the proposed method
provides quantitative assessment with a shorter and simplified acquisition protocol: a 5fold reduction in the acquisition time is obtained, with no need for the application of a destructive high-pressure US pulse, which is instead required by current semi-quantitative
methods.
The paramount importance of quantification and standardization of protocols for improved cancer diagnostics and management is corroborated by the efforts of the Radiologic Society of North America (RSNA), who organized in 2007 the Quantitative Imaging
Biomarker Alliance (QIBA). The mission of QIBA is “to improve the value and practicality of quantitative imaging biomarkers by reducing variability across devices, patients,
and time” [453, 454]. In response, QIBA is producing basic standards and protocols for
several quantitative imaging techniques, including DCE-MRI [455], volumetric CT [456],
and FDG-PET/CT [457]. In this context, the proposed approach may contribute to a standardized clinical protocol for quantitative USMI to facilitate the implementation of multicenter trials and the reliable comparison of findings between different center and studies,
which are necessary to translate the great potential of molecular imaging into the clinical
routine. In fact, despite novel targeted agents have shown great promise for angiogenesis imaging and therapy monitoring in several preclinical studies, they have not yet
reach clinical approval. Feasibility and clinical safety have already been demonstrated
in two recent clinical trials [33, 34], and through more extensive pre-clinical and clinical
validation, successful clinical translation of USMI could be achieved in the near future.
As shown in this thesis, different imaging modalities can provide characterization of
complementary aspect of cancer angiogenesis. Due to the complexity and heterogeneity
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of cancer growth among individuals and cancer types, no single technique can outperform the others in each and every case. In general, the choice of the most appropriate
imaging modality depends on the availability of instrumentation, on the investigated
organ, and on the feature(s) of interest. For each specific case, choosing and applying
consistently one imaging modality with a fixed protocol would be recommendable to
allow intra- and inter-patient comparison and follow-up. However, the synergetic use of
multiple modalities can provide complementary information, possibly leading to a more
complete characterization of angiogenic processes and tumor environment than a single
modality alone [180, 458, 459]. The potential of multi-modality imaging was shown in
a rat bearing breast cancer bone metastasis [458]: MRI and DCE-MRI were performed
for high soft tissue contrast and quantification of blood volume, perfusion, and vessel
permeability; CT angiography and DCE-CT for characterization of the macrovascular
architecture and assessment of the microcirculation; and B-mode US, Doppler US, and
DCE-US for evaluation of morphology and perfusion in soft tissue. Multimodal imaging
is needed to overcome current limitations and to make efficient and integrated use of
the complementary information provided by different modalities. It may represent the
future of angiogenesis imaging and of clinical diagnostic imaging in general [460, 461].
Among all modalities, US imaging presents several advantages: it is non-invasive, relatively inexpensive, non-ionizing, portable, and widely available. This makes it particularly suitable for longitudinal/repeated studies such as pre-clinical investigations on
the stages of tumor progression or assessment of the therapeutic efficacy of novel treatments, and clinical implementation of cancer screening and active surveillance programs.
Moreover, novel photo-acoustic imaging (PAI) has further enabled US characterization
of the tumor microenvironment down to the cellular level [462, 463]. In PAI, laser irradiation is used to induce localized thermoelastic expansion of tissue structures, which
leads to the emission of a broadband acoustic signal, detectable with traditional ultrasound transducers [463]. Therefore, PAI can be integrated in conventional US imaging
platforms to combine the specificity of optical imaging with the anatomical information
given by ultrasound. Since image contrast is based on the optical absorption properties of
tissue, both endogenous (water, lipid, (de)-oxyhemoglobin) and exogenous contrast (injected chromophores) can be used to evaluate the chemical composition of tissue and its
metabolic status through spectroscopic approaches [463]. In the future, more complete
tumor characterization could thus be achieved by multi-modality US, combining DCEUS, USMI, and PAI in a single imaging platform to provide simultaneous assessment of
vascular, molecular, cellular, and metabolic features of cancer growth and development.
However, due to the penetration-depth limitations of PAI, this is currently achievable
only in superficial organs or animals models.
In conclusion, pharmacokinetic modeling of contrast agent kinetics is here proposed
for functional and molecular imaging of cancer angiogenesis. The promising results obtained for prostate cancer localization in humans and in rats, and for anti-angiogenic
therapy monitoring in colon cancer-bearing mice demonstrate the feasibility of the proposed approach and motivate further research towards extension to different organs, con-
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trast agents, and imaging modalities. In the clinical context, the proposed methods offer
simplified acquisition and quantification protocols which may improve clinical workflow,
facilitate the application of cancer screening and active surveillance programs, and aid
the implementation of multi-center trials, which are necessary for successful translation
of quantitative angiogenesis imaging into clinical routine. In the future, multi-modality
approaches could be investigated to provide more complete characterization and deeper
understanding of cancer angiogenesis.
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A
A P P E N D I X A : A N A LY T I C A L S O L U T I O N S O F T H E R D M I N T I M E
AND FREQUENCY DOMAINS

a.1

derivation of the rdm’s closed-form solution

The derivation of (4.6) is here explained in more detail. By expressing (4.5) as
Z t+t0 r
Ct (t − t0 ) = A
t0

2

κ(τ−µ−t0 )
κ
−
e 2(τ−t0 ) e−kep (t−τ) dτ,
2π(τ − t0 )

(A.1)

and making the substitution τ − t0 = x2 , (4.5) can be rewritten as
r
Ct (t) = 2A

κ −kep (t−t0 )+κµ
e
2π

Z √t

2

− 1 κ−kep )x2 − κµ2
2x dx.
e (2

(A.2)

0

The integral in (A.2) can be solved by using the known integral in [464], Sect. 1.3.3,
No. 20,
Zx

2

e

−a2 x2 − b2
x

0

√
π 2ab
dx =
[e (erf(ax + b/x) − 1)+
4a
e−2ab (erf(ax − b/x) + 1)].

(A.3)

In fact, by making the change of variables in (4.7), the integral in (A.2) can be written
as
Z √t

−
e (

1
2 κ−kep

)

2
x2 − κµ2
2x

Z √t
e

dx =

0

−zx2 − $2
x

dx.

(A.4)

0

Therefore, (A.4) can be solved using (A.3), leading to the solution given in Eq. (4.6).
a.2

derivation of the rdm’s fourier transform

The derivation of (4.13) is here explained in more detail. The Fourier-transform of a
function f(t) is defined as [54]
Z∞
F(jω) = F[f(t)] =
f(t)e−jωt dt.
(A.5)
−∞
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With f1 (t) =
F1 (jω) of f1 (t) as
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as in (4.11), we compute the Fourier-transform
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where the integral is from 0 to +∞ because of the step function u(t) in the definition
of f1 (t) in (4.11). Then by Ref. 38, Sect. 2.4.17, No. 3 (choice α = 1, p = 21 κ, q = 12 κµ2 ,
b = −jωt), we obtain
√
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Next, we calculate F2 (ω) by the Fourier-transform of f2 (t) as
Z∞
F2 (jω) =

e−kep t e−jωt =

0

−1
=
e−(jω+kep )t
kep + jω

∞
0

1
=
.
kep + jω

(A.8)

Again, the integral is limited from 0 to +∞ because of the multiplication with u(t).
Substituting (A.7) and (A.8) in (4.12) leads to the Fourier transform of the dispersion
model given in 4.13).
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B
A P P E N D I X B : D E R I VAT I O N O F T H E F P B M O D E L
A linear, time-invariant, dynamical system can be described by the input-output state
equation as


 dx(t) = Ax(t) + Bu(t)
dt
(B.1)

y(t) = Cx(t),
with x(t) the state vector, u(t) the input vector, y(t) the output (measurement) vector,
and A, B, and C, matrices of suitable dimension. The transfer function H(s) of the system
in (B.1) can be calculated in the Laplace-domain as
H(s) =

Y(s)
= C [sI − A]−1 B.
X(s)

(B.2)

where s is the complex Laplace variable, Y(s) and X(s) are the Laplace transforms of
y(t) and x(t), respectively, and I is the identity matrix. Given H(s), the system output
for any input u(t) is given by
Y(s) = H(s)U(s) ⇐⇒ y(t) = h(t) ∗ u(t),

(B.3)

where h(t) is the impulse response of the system in (B.1), given by the Laplace inverse
transform of H(s), and ∗ represents the convolution integral.
The kinetics of a targeted contrast agent can be described in the input-output state
equation form by a generalized 2-compartment binding model (Fig. 6.1) as




C (t) = vf Cf (t) + vb Cv (t)

 t
dCf (t)
(B.4)
vf dt
= F(Ci (t) − Cf (t)) + Kub Cb (t) − Kb Cf (t)




v dCb (t) = K C (t) − K C (t),
b f
ub b
b dt
where Ct (t), Cf (t), and Cb (t) are the total, free, and bound microbubble concentrations,
respectively; vf and vb are the fractional volumes of free and bound microbubbles, respectively; F is the blood flow; Ci (t) is the input concentration of microbubbles entering
the system; Kb and Kub are the rates of binding and unbinding, respectively.
Based on the different time scales of free and bound microbubble kinetics, the adiabatic
approximation can be made, which allows for separate analysis of the two compartments
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in (B.4). By this approximation, and using (B.2), the transfer function Hf (s) of the free
microbubble compartment can be calculated from its input-output state equation as


vf dCf (t) = F(Ci (t) − Cf (t))
dt
(B.5)
vf F

yf = vf Cf (t) =⇒ Hf (s) = vFf ,
s+ v

f

which, by assuming high flow (F → ∞), can be simplified to
Hf (s) = vf ⇐⇒ hf (t) = vf δ(t).

(B.6)

where δ(t) is the Dirac delta function. The output of the free microbubble compartment
is thus given by
yf (t) = vf Cf (t) = hf (t) ∗ Ci (t) = vf δ(t) ∗ Ci (t) = vf Ci (t).

(B.7)

from which we obtain Ci (t) = Cf (t).
By the assumption of negligible unbinding (Kub = 0), and taking Cf (t) as the input
concentration, the transfer function Hb (s) of the bound microbubble compartment can
be calculated from its input-output state equation as


v dCb (t) = K C (t)
b f
b dt
(B.8)
Kb

y = v C (t) =⇒ H (s) = vb vb ,
b
b b
b
s
from which the impulse response hb (t) of the bound microbubble compartment can be
calculated as
Kb
Hb (s) =
⇐⇒ hb (t) = Kb Θ(t),
(B.9)
s
with Θ(t) representing the Heaviside unit step function. The output of the free microbubble compartment is thus given by
yb (t) = vb Cb (t) = hb (t) ∗ Cf (t) = Kb Θ(t) ∗ Cf (t).

(B.10)

The total output can finally be calculated as
Ct (t) = yf + yb = vf Cf (t) + vb Cb (t) = vf Cf (t) + Kb Θ(t) ∗ Cf (t).

(B.11)
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