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Mathematical Models of Contrast Transport
Kinetics for Cancer Diagnostic Imaging:
A Review
Simona Turco, Student Member, IEEE, Hessel Wijkstra, Senior Member, IEEE,
and Massimo Mischi, Senior Member, IEEE

(Methodological Review)

Abstract—Angiogenesis plays a fundamental role in cancer growth and the formation of metastasis. Novel cancer
therapies aimed at inhibiting angiogenic processes and/or
disrupting angiogenic tumor vasculature are currently
being developed and clinically tested. The need for earlier
and improved cancer diagnosis, and for early evaluation
and monitoring of therapeutic response to angiogenic
treatment, have led to the development of several imaging
methods for in vivo noninvasive assessment of angiogenesis. The combination of dynamic contrast-enhanced
imaging with mathematical modeling of the contrast agent
kinetics enables quantitative assessment of the structural
and functional changes in the microvasculature that are
associated with tumor angiogenesis. In this paper, we
review quantitative imaging of angiogenesis with dynamic
contrast-enhanced magnetic resonance imaging, computed
tomography, and ultrasound.
Index Terms—Cancer angiogenesis, dynamic-contrast
enhanced imaging, indicator dilution theory, pharmacokinetic modeling.

I. INTRODUCTION
HE 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,
and cancer [1].
In the early stage of cancer development, the tumor is nourished by diffusion of oxygen and nutrients provided by nearby
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blood vessels [2], [3]. In this phase, referred to as avascular
phase, the tumor cannot grow beyond 1–2 mm in diameter [2]–
[4]. The transition from a prevascular to a vascularized 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 [5], [6]. The increased blood supply provided
by neovascularization allows for tumor progression and may
also be involved in the formation of metastasis [4], [7]. 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 [8], [9]. Eventually, through
a complex process involving several events, metastatic tumor
cells activate changes in the vascular permeability of blood vessels of target organs and penetrate into the target tissue through
extravasation [5].
At a microvascular 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 a higher permeability,
arteriovenous shunting, chaotic flow patterns, and fragility [2],
[3], [7], [10], [11]. These abnormalities in the vascular architecture make the hemodynamic changes in the blood flow more
complex to analyze. Lack of vasomotor control and an increase
in arteriovenous shunts cause a low flow resistance and an increased blood flow, while the high tortuosity and irregularity,
together with the high interstitial pressure due to the extravascular leakage, lead to increased flow resistance, and decreased
perfusion [3], [12]–[14].
At a molecular level, tumor angiogenesis may be triggered by
hypoxia, acidosis, and hypoglycemia leading to the activation of
proangiogenic 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 cells [15]. Once activated, endothelial
cells secrete matrix metallo-proteases, which degrade the basement membrane, and integrins, which enable their migration
into the extracellular matrix toward the tumor [16]. 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
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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[6].
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 antiangiogenic treatment
monitoring [3].
Traditional in vitro methods for angiogenesis quantitation include the measurement of circulating angiogenic factors such as
endothelial progenitor cells in body fluids [17], [18], 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 [12],
[17], [19]–[21]. Following on the protocol first proposed by
Weidner et al. [21], MVD counting is performed by staining
tissue specimens for angiogenesis assays, such as endothelium
cells or other vascular wall components, and then analyzing
the specimen either manually, through traditional microscopic
techniques, or automatically through computer-assisted image
analysis methods [22], [23]. 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 [8]; it is affected by random tissue sampling errors and
interobserver variability [11], [19], [20], [23].
Alternatively, several imaging modalities offer noninvasive
methods for in vivo detection of angiogenesis. These include
ultrasounds (US), magnetic resonance imaging (MRI), singlephoton emission computed tomography, positron emission tomography, and computed tomography (CT) [24]. In general,
there are three main approaches to tackle angiogenesis imaging: 1) by direct imaging of molecular expressions of tumor
angiogenesis, 2) by looking into metabolic aspects of angiogenesis such as hypoxia and glucose consumption, and 3) by
assessing morphological and functional changes in tumor microvasculature and microcirculation [15].
In this review, we focus on the latter approach. Specifically,
we review quantitative imaging of angiogenesis with dynamic
contrast-enhanced US (DCE-US), MRI (DCE-MRI), and CT
(DCE-CT). The enhancement of imaging modalities with the
use of contrast media offers greater possibilities for imaging tumor vascularity [2], [25]. 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 [2]. 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 [24]. We restrict
the investigation to DCE-MRI, DCE-US, and DCE-CT because
they are widely accessible and they have a well-established user
base. Several contrast agents for these modalities have already
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been cleared for clinical use [26]–[28], and contrast-enhanced
imaging protocols are already available or easily implementable
in standard clinical settings [2], [29]. The fairly high spatiotemporal resolution allows for the application of physiological
models of variable complexity. Moreover, wide-availability, low
to reasonable cost, and the absence of ionizing radiation (DCEUS, DCE-MRI) make these modalities very suitable for antiangiogenic therapy monitoring and treatment follow up, whereby
several repeated acquisitions are needed. As a result, these
modalities are very promising in this exciting research area,
with many developments foreseeable in the near future.
After a general introduction on indicator dilution techniques
and modeling approaches, we analyze the different contrastenhanced imaging modalities and the pharmacokinetic models
that have been developed. For each modality, we discuss the
characteristics of the contrast agent used, we explain the conversion from signal intensity to tissue concentration, we examine models’ mathematical formulations and main assumptions,
and we highlight the different angiogenic features that they can
reflect. Then, we describe the potential clinical applications and
we provide an overview of the main clinical studies that have
been carried out up until now. Finally, we compare the different
imaging modalities, discussing potential advantages and limitations and the outlook for future developments.
II. PHARMACOKINETIC MODELING OF CONTRAST AGENTS
FOR QUANTITATIVE IMAGING OF ANGIOGENESIS
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 [30], [31].
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 (CO) 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 CO measurement [30], [32]. 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 [33], [34].
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 [35], [36].
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 [37]. Indicators
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differs in their chemical and physical properties, and in their
interactions and distribution within the body. According to their
biodistribution, they can be classified into intravascular tracers, which remain confined in the bloodstream, extravascular
extracellular tracers, 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 nonmetabolazible tracers, depending on whether they are digested by the
cell or not [38].
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 [32].
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 [31]. 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 [31], [39], based on
temperature variations at the sampling site due to the passage of
a cold indicator, dye dilution [31], in which the concentration
changes of a colored dye are measured by means of absorption photometry, and lithium dilution [31], 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 [36].
Indicator dilution curves (IDCs) can also be obtained noninvasively with several contrast-enhanced imaging modalities.
In this study, we focus on DCE-US, DCE-MRI, and DCE-CT.
The conversion from image intensity to contrast concentration
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 [38].
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 semiquantitative 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 [40]. However, semiquantitative parameters [41],
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Fig. 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.

[42] (see Fig. 1(a); Table I) 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 (WIR)],
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 [38]. 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 [35], [38], [43].
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 [40]. 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 [40]. 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 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 [44], [45].
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TABLE I
COMMON SEMIQUANTITATIVE PARAMETERS USED IN DCE IMAGING
Semiquantitative parameter

Description

Related to

Area under the curve (AUC)
Appearance time (AT)
Peak enhancement (PE)
Time to peak (TTP)
Wash-in time (WIT)
Wash-in rate (WIR)
Wash-out time (WOT)

Time-integral of the IDC
Time of onset of the IDC
Maximum value of the IDC
Time of PE
Difference between TTP and AT
Gradient of the wash-in
Time between PE and the time at which the curve returns to
baseline (often extrapolated from fitting)
Gradient of the wash-out

Blood flow, injected dose
Blood flow
Blood volume, injected dose
Blood flow
Blood flow
Blood flow
Blood flow, capillary permeability, interstitial volume

Wash-out rate (WIR)

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 [35], [38].
In the following paragraphs, 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.

A. Intravascular Contrast Agents: DCE-US
1) Contrast Agent Properties and Signal Calibration: US contrast agents (UCAs) are solutions of air-filled or
gas-filled elastic microbubbles with mean diameter in the range
of 1–7 μm [46]–[48]. Due to their size, which 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 [49], [50]. The microbubbles do not exhibit extravasation, hence they can be regarded as blood-pool markers.
These features make DCE-US very attractive for microvascular
imaging. Currently, several commercially available UCAs are
approved for clinical use in different countries [50], [51]. The
nontoxicity and clinical safety of these agents is today well established [50], [52], as it has also been demonstrated through
several retrospective studies [26], [53], [54].
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) [46], [55]. Oscillations of a single
noncoated 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) [56]. This model shows that bubble
oscillation is nonlinear, with asymmetric expansion and compression fronts that lead to the formation of US waves at multiples of the fundamental frequency [46], [57]. However, in the
small driving pressure amplitude regime, the bubble behaves
as a forced damped linear oscillator [56]. The radial motion of

Blood flow, capillary permeability, interstitial volume

free bubbles can also be characterized in terms of variations in
the liquid enthalpy, as described by the Gilmore equation [58],
[59].
During the years, the limited applicability of the model have
been expanded, relaxing assumptions, introducing additional
terms or considering other models. A recent development made
by Marmottant et al. [57] 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 nonlinear 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 US wave, compared to that
of blood and adjacent tissues [60]. 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 [47]. 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 nonlinear
behavior [47]. These include harmonic and sub-harmonic imaging, harmonic power Doppler imaging, pulse-inversion imaging, and multipulse release imaging. A complete overview of
the US imaging modality is beyond the purpose of this review. More detailed information can be found in [47], [48],
and [61].
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 (ROI) is acquired by an US sound transducer. The
radiofrequency (RF) signal is then demodulated, compressed,
and stored in quantized gray-scale or color-coded videos [62],
[63]. 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.
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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 [56], assuming low driving pressures (low MI)
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 [62]

dV
dV ρn tot (f )
I = 2 β(f )I0 = 2
I0
z
z
4π

(1)

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 bubbles 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 US 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 (1) [62].
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 US transducer. This provides the raw RF voltage
signal, which is then demodulated and converted into a quantized signal typically employing a logarithmic-like compression [62], [63]. Also, gamma compensation for the nonlinear
relation between luminance and input voltage, as well as gain
and time-gain compensations are usually performed. By considering all the steps in the conversion path, Rognin et al. [63]
obtained a formula to relate the quantized gray level QL to the
amplitude V of the raw RF signal



LCDR
V
20dB
QL(V ) = uint8 (28 − 1)
log10
10 2 0 d B
LCDR
Vm ax
(2)
where Vm ax 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) provides the amplitude V ,
whose squared value is linearly related to the UCA concentration by (1).
If the back conversion is done properly, Rognin et al. [63]
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 log-compression are chosen.
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2) Quantitative Modeling in DCE-US: 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 [7], [15], [24], [64]–[68].
The peculiar features of the adopted contrast agent make
DCE-US well-suited for perfusion quantification at both the
macro and microcirculation 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 contrastspecific imaging techniques, DCE-US is able to selectively enhance the microvasculature with unpaired spatial and temporal
resolution [7], [46], [69]–[73]. Perfusion quantification with
DCE-US has been investigated with both bolus injection [68],
[70], [74] and constant infusion protocols [68], [70], [75]–[77].
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. 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 [78]
M
M
=
AUC
0 c(t)dt
∞
tc(t)dt
V = F · 0∞
= F · MTT
0 c(t)dt
F = ∞

(3)
(4)

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 [65], [68]. 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 [62], [79], [80]. As a result, (3)
and (4) are still valid in a relative sense, provided that the
remaining underlying assumptions of indicator-dilution theory
are met [68], [78], [81]. 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
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TABLE II
SUMMARY OF THE MAIN MATHEMATICAL MODELS AVAILABLE FOR IDC FITTING OF DCE-US DATA
Model

Lognormal
Gamma variate
LDRW
FTP

Equation

C ( t̂) =
C ( t̂) =

AUC
t̂ α
β (α + 1) Γ (α + 1)


λ

C ( t̂) = AUC eμ


λ

C ( t̂) = AUC eμ
C ( t̂) =

Lagged normal (first-order)

√A U C e
2 π σ tˆ

Estimate of MTT

( l n ( tˆ) −μ ) 2
2σ 2

AUC
2

λμ
e
2 π tˆ
λμ
2 π tˆ3

−λ
2

e

−λ
2

t −μ −λσ 2
(2σ 2 )1/ 2

M TT = e μ +

σ2
2

tˆ

eβ

(6)

M TT = β (α + 1)

μ
tˆ
μ + tˆ

(7)

M TT = μ

(8)

M TT = μ

(9)

M TT = μ +

μ
tˆ
μ + tˆ

K [1 + erf (L )],

K = λ exp −λt + λμ +
L=

(5)

1
2

λ2 σ 2

1
λ

1) t̂ = t − t 0 , where
 ∞ t 0 is the time delay needed for the contrast to reach the ROI
2) Γ(α + 1) = 0 x α e −x dx, gamma operator
3) μ, σ, α , β , γ , model-dependent parameters
4) erf(), error function

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. 1(b)]. As a result, the direct calculation of parameters such
as AUC and MTT from the measured IDC is not reliable.
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 II [68]. In a datadriven 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 II
can be obtained by describing the system between the injection
and detection sites as a physiological model.
The lognormal function [see Table II, (5)] 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 [68], [82]. The connection between organ perfusion and
the lognormal distribution has been investigated by Qian and
Bassingthwaighte [83], who studied the distribution of flow in
a network of dichotomous branching vessels. They showed that
the 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 and
Frinking [75] 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 II, (6)] is governed by
the parameters α and β, and it has been shown to fit IDCs with
very good agreement [84]. 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 [85] and by Mischi [86], 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 nth 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 convectivedispersive transport process. In its most general form, the transport of an indicator in a single vessel can be described as [87]
∂c(p, t)
∇J(p, t) + R(p, t)
∂t
= −∇ [v(p, t)c(p, t) − D(p)∇c(p, t)] + R(p, t)

(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 indicator, 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 [88] as apparent dispersion.
Setting R(p, t) equal to zero, and simplifying (10) in one
dimension (discarding the effects of radial diffusion), lead to the
monodimensional diffusion with drift equation, which describes
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the mass conservation principle. Equivalent formulations of the
LDRW equation were found by Norwich and Zelin [93] and by
Wise [97]. The former solved (12) with no particular 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
C(z, t) = √

Fig. 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 .

the indicator transport as a dispersion process superimposed on
a linear drift


∂c(z, t)
∂
∂c(z, t)
∂c(z, t)
=
.
(11)
D
−v
∂t
∂z
∂z
∂z
Harpen and Lecklitner [89] obtained (11) for a vessel of crosssectional 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 − Δz, t) into a Taylor series about z (see Fig. 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 = ΔzQ/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
C(t) = const · ta e− β
t

(12)
2

with parameters α = Δzv/4D, and β = 4D/v .
The local density random walk (LDRW) model [see
Table II, (7)] and the first time passage (FTP) model [see
Table II, (8)] are also possible solutions of the diffusion with
the drift equation [(11)]. Because of their excellent fit and physiological interpretation, they have been extensively used to model
DCE-US derived IDCs [68], [84], [90]–[94]. 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). The LDRW solution was first introduced
by Sheppard and Savage [95] 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 [96]. 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

M
4πDA2 t

e−

( z −v t ) 2
4D t

.

(13)

Wise [97] 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 skeweness of the curve [see
Table II, (7)]. Bogaard et al. [90] 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
the skeweness parameter λ with the Peclet number (P e), which
is a dimensionless number that relates the relative contributions
of convection and diffusion in a dilution process. This relationship is given by P e = 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 II, (8)] 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
MTT 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/v 2 , suggesting that
large diffusion constants lead to multiple passages through the
detection site [74].
The lagged normal function was first proposed by Bassingthwaighte et al. [98] 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 [99]. For the
first-order lagged normal function [see Table II, (9)], the MTT
is given by μ + 1/λ, which is the sum of 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 destruction-replenishment 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. 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
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tained by averaging the replenishment function of a single vessel, over the distribution of transit times P D(τ ) resulting from a
vascular tree


∞
KT
(t − τ ) dτ.
(16)
P D(τ )perf 1.94
S(t) = A
2τ
0

Fig. 3. Reperfusion curve: after the application of an high pressure
pulse, which destroys all the microbubble whithin the ROI (C (t) = 0),
the microbubbles refill the ROI, and the concentration rises monotonically
until the replenishment plateau is reached.

frame rate of the US scanner is varied to sample the reperfusion
curve at different time instants [100].
Wei et al. [77] were the first to apply the destructionreplenishment method for quantification of myocardial blood
flow. They fitted the replenishment curve to a model represented
by a monoexponential function of the form
y = A 1 − e−β t

(14)

and related the parameter A to the blood volume, and β to the
blood velocity [58]. 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
destruction-replenishment technique [67], [101]. However, the
model does not consider the US beam 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. [100] 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 nonlinear component. To explain the sigmoidal
rather than monoexponential shape of the refill curve, Lucidarme
et al. [102] 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. [103], 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 US beam point
spread function. Recognizing all these factors, Arditi and Frinking [75] proposed a formalism that describes the replenishment
function S(t) in a single vessels as


KT
S(t) = A perf 1.94
(t − τ )
(15)
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 ob-

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 II.
An alternative model was proposed by Hudson et al. [76],
who separated the effects of the US 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
S(t) =

B(x, y, z)F (x, y, z, t)dV.

(17)

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 crosssectional 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 [83], they assume this velocity profile to
be lognormally distributed and expressed the flow function as

A
ln(v) − μf
√
F (z, t) = erf
(18)
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
US beam pressure in the imaging plane, they expressed the beam
function as


2z
2BS(y) + BW(y) 
2
−
(y, z)
B(y, z) = sinc
BW(y)
BW(y)
(19)
where BW(y) is the field elevation beam profile, BS(y) accounts
for the separation
 zone between the detection and disruption
boundaries, and (y, z), is a band-pass filter that truncates the
main lobe of the sinc2 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 [104].
Although many models and protocols for perfusion quantification at the macro and microvascular 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 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 [3], [13], [14]. Moreover, tumor vascularity is often heterogeneous with a usually low-perfused necrotic
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center surrounded by a highly perfused periphery [15], [69]; it
has also been shown that the percentage of perfused vessels in
a tumor can vary between 20% and 85% [105]. These observations are supported by the work of Karshafian et al. [106] and
Kuenen et al. [79]. 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. [79] 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 LDRW (mLDRW),
which is a solution of the convective-dispersion equation [(11)].
This solution is obtained from the classic LDRW considering
a short segment Δz of the infinitely long tube (see Fig. 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 − Δz, and variance σ(t1 ); 2) the hemodynamic
parameters are locally constant, i.e., D(z) = Dl and v(z) = vl
for z1 − Δz ≤ z ≤ zd . By making these assumptions and with a
different parameterization, the dilution process is characterized
locally at a specific detection site as

C(t) = AUC

κ − κ (t−μ) 2
e 2t
.
2π(t)

(20)

The new parameterization defines a local dispersion-related
parameter κ, which is given by κ = λ/μ = vl2 /2Dl , and that
can be interpreted as the local ratio between convective time
and squared dispersion time. As shown in Fig. 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 of the distance
between injection and detection points, which in practice are not
known. The local degree of dispersion can also be characterized
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Fig. 4. IDC obtained by simulating the mLDRW model for different
values of κ, and μ = 25 s. Taken from [79].

with a full spatio-temporal approach, by looking at the shape
similarity of neighboring IDCs [13], [107].
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.

B. Extravascular Contrast Agents: MRI and CT
1) Contrast Agent Properties and Signal Calibration:
a) 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 [44]:
CT = 1000

μT − μH 2 O
μH 2 O

(21)

where CT is measured in Hounsfield, and μT and μH 2 O are
the linear attenuation coefficients of tissue and water, respectively. Current DCE-CT contrast media are obtained from a triiodinated benzene ring and differ for their chemical and physical properties, including chemical structures, osmolarity, iodine
content, and ionization solution. The first to be introduced were
the high osmolarity ionic contrast media, 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 nonionic contrast
media were later introduced, and more recently, a new class of
isomolar contrast medium (ratio 6 nonionic dimmer) became
available on the market [108]. Due to their lower toxicity and
lower incidence of adverse side effects, the most commonly
used CT contrast agents are nonionic low-osmolar iodinated
agents [28]. 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 [8]. Because of their high atomic number, the contrast media act as radio-opaque elements, causing
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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 [44]:
μT = μT ,0 + μC A (t) = μT ,0 + kC(t)

(22)

where μT ,0 is the tissue attenuation coefficient before tracer
administration and μC A (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).

(23)

b) 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 [44], [109]. MRI contrast agents can be
either paramagnetic, superparamagnetic, 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 [109],
[110]. 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 [27], [111]. These properties 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, GdDTPA, which is now routinely used for contrast MRI in clinical
practice [10], [28].
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 [111]. 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 [2]. 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 [2],
[112]. 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 [2],
[112], [113]. As a result, the susceptibility based method, also
known as dynamic susceptibility contrast 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 [2], [7].
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 [2], [114].
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 [44]. For the above reasons, this
paper 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 [109], [114]:
1
1
=
+ r1 CT
T1
T10

(24)

where T1 and T10 are the longitudinal relaxation times before
and after contrast injection, respectively, r1 is the contrast spinlattice relaxivity constant, and CT is the tissue tracer concentration. To acquire the T1-weighted images, spoiled gradient echo
sequences (FLASH) are typically used [10], [112], [115], [116].
The resulting signal intensity is described as
S=G

sin α (1 − exp(−TR/T1 ))
exp(−TE/T 2∗ )
(1 − cos α exp(−TR/T1 ))

(25)

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 (25) 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 [44], [111], [114], [116], [117], while the most commonly used strategy to overcome the dependence on machine
settings is to relate the signal intensity postcontrast to the signal
intensity precontrast, so as to obtain [114], [118]
SG d (t) − S0
≈ r1 T10 CT (t)
S0

(26)

where S0 and SG d are the signal intensities before and after
contrast injection, respectively. Equation (25) 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
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straightforward because, due to the double inlet (arterial
and trans-endothelial), the central volume theorem cannot
be directly applied;
2) 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 [123]
relationship as
Fig. 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.

injection has been measured. The appropriate r1 value for each
specific contrast agent and magnetic field strength can be found
in the literature [119], while the native tissue T10 can be measured with a dedicated MRI sequence (e.g., saturation recovery,
inversion recovery, spoiled gradient echo) [120], [121] 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 [(23), (26)], the
analysis becomes independent of the adopted imaging modality
and the same mathematical models are typically applied to the
obtained concentration-time curves (CTCs) [44], [122].
2) Quantitative Modeling in DCE-CT and DCE-MRI:
The exchange of an extravascular extracellular contrast agents
between blood plasma and tissue can be represented schematically as in Fig. 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:
r 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.
r The permeability-surface area product PS (1/min), which
quantifies the rate at which the indicator travels from the
plasma to the interstitium.
r The fractional plasma volume vp = Vp /VT , the ratio between Vp and total tissue volume VT .
r 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
1) the MTT T (s), which can be derived from the central
volume theorem given in (5), setting V = vp + ve and
F = Fp . The extracellular MTT Te can also be derived
in the same way by setting V = ve . On the contrary, the
estimation of the plasma MTT Tp is, in principle, not as

E = 1 − e−PS/F p ;

(27)

3) the volume transfer constant K trans (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


(28)
K trans = Fp 1 − e−PS/F p .
In general, K trans reflects both permeability and perfusion. However, in the boundary regime of very high flow
(permeability-limited condition), K trans is purely permeability weighted, while in case of very high PS (flowlimited condition), it mainly reflects the flow;
4) the rate constant between the intravascular and extravascular spaces kep (1/min), which is given by K trans divided
by ve .
According to Zierler [124], 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 of transit times through the system, as
o(t) = i(t) ∗ r(t).

(29)

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 [125]
Mt (t) = Fp Ca (t) ∗ R(t)

(30)

where
t

R(t) = 1 −

r(τ )dτ .

(31)

0

Dividing (33) 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

(32)

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 signal-to-noise ratio (SNR) and constrain it
to a physiologically realistic input function [126]. However,
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Solving (35) and (36) 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)
R(t) = R1 (t) + R2 (t − Tp )
Fig. 6. Schematics of (a) DP model, (b) TH model, (c) AATH model,
and (d) 2CXM model.

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 [118], [127], or to use a population averaged
AIF [128]–[130].
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
made, and in the parameters that they are able to estimate. Based
on the wider applications they have found, in this review, we
limit the discussion to those models which assume that 1) the
interstitium exchanges only with the blood plasma (no lymphatic
drainage is considered), 2) the capillary permeability is the same
in both directions, and 3) 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)

(33)

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)
(34)
dt
where Cv (t) is the venous concentration.
In the distributed parameter (DP) model [128], [131]–[133]
[see Fig. 6(a)], the intravascular space is represented as a plugflow 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. 6(a)]. The differential equations representing this
model are
∂Cp
∂Cp
vp
(x, t) = −Fp L
(x, t) − PSCp (x, t) + PSCe (x, t),
∂t
∂x
(35)
ve

∂Ce
(x, t) = PSCp (x, t) − PSCe (x, t).
∂t

(36)

(37)

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

(38)

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



PS
R2 (t) = u(t) 1 − exp −
·
Fp



t
PS PS 1
PS
exp − τ
·
· · I1
1+
v
ve Fp τ
e
0


2

PS PS
·
τ
ve Fp




dτ
(39)

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. 6(b)] was first
described by Johnson and Wilson [134] and later applied for
analysis of indicator transport in the brain by Sawada et al. [135].
In this model, the intravascular space is still represented as a
plug-flow system, while the extravascular space is described as
a well-mixed compartment. Equation (35) is thus modified as
ve

dCe
(t) = PSCp (t) − PSCe (t).
dt

(40)

Although model fitting can be obtained in the Laplace domain [134], the lack of an analytical solution in the time domain
has limited the application of this model.
In response, Lawrence and Lee [125] developed the adiabatic
approximation to TH (AATH) model [see Fig. 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 vascular-interstitial exchange to take place only at
the venous end (x = L) [see Fig. 6(c)]. The resulting partial
differential equation are [128]
vp

∂Cp
∂Cp
(x, t) = −Fp L
(x, t)
∂t
∂x
∂Ce
(t) = PSCp (L, t) − PSCe (L, t).
ve
∂t

(41)
(42)

The analytical solution of (41) and (42) yields for H(t) [136]
H(t) =

for 0 ≤ t ≤ Tp

Fp
− vPSe (t−T p )

PSe

for t ≥ Tp

(43)

where Tp = vp /Fp .
A further simplification of the intravascular space as a wellmixed compartment leads to the two-compartments exchange
(2CXM) model [see Fig. 6(d)], for which mass conservation in
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the plasma space and interstitium leads to
vp

dCp (t)
= Fp Ca (t) − Fp Cp (t) + PSCe (t) − PSCp (t)
dt
(44)

ve

dCe (t)
= PSCp (t) − PSCe (t).
dt

(45)

These equations were first proposed by Morales and
Smith [137] and reviewed by Kety [138] in the context of bloodtissue exchange of inert gasses, and later introduced by Brix
et al. for assessment of the microvasculature in DCE-CT [139]
and DCE-MRI [140] by numeric integration of (44) and (45)
with the Kutta–Merson method. An analytical solution for the
impulse residue function R(t) of the model is provided in [40]
and [141] as
R(t) = A exp(−αt) + (1 − A) exp(−βt)

(46)

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

PS
αβ
;
=
vp
A(α − β) + β

PS
αβ
.
=α+β−
ve
A(α − β) + β

(47)

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, SNR) [142]–[144], 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 [128], [133]. 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) [145], which can
be derived either from the DP, TH, AATH, or 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) + K trans e−K

trans

/v e t

∗ Ca (t).

The eTM is an expansion of a simpler model, independently
published by Tofts and Kermode [127], Larsson et al. [146],
and Brix et al. [147], which became known as Tofts model
(TM), owing a consensus paper of 1999 [148]. 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 (48), leading to
Ct (t) = K trans e−K

trans

/v e t

∗ Ca (t).

(49)

Here, only K trans 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 [149]–[153].
However, care must be taken when applying the eTM and TM,
especially when no prior knowledge about the tissue hemodynamic status is available [132], [143]. 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
K trans 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 [132].
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 [154],
[155] or trapping of the contrast particles [156], or when the
acquisition window is not long enough to observe the contrast
washout [128]. A particular case of uptake-model is the Patlak
model [154], in which the further assumption of highly perfused
tissue (Fp ≈ ∞) is made. This produces the following solution:
Ct (t) = vp Cp (t) + K trans ∗ Ca (t).

(50)

Due to the assumptions of infinite flow, the intravascular concentration can be considered equal to the arterial concentration
(Cp (t) ≡ Ca (t)), and K trans is equivalent to PS. This model
provides a separate estimation of vp and K trans , and it is particularly attractive because it can be linearized by defining two new
variables X(t) and Y (t) as [12]
t

(48)

X(t) =

trans

This model allows for the separate estimation of K , 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 K trans is equivalent to PS.
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0

Ca (τ )dτ
,
Ca (t)

Y (t) =

Ct (t)
Ca (t)

(51)

leading to
Y (t) = vp + K trans X(t).

(52)
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Provided that the model assumption are met, the Patlak
method is very suitable for data analysis, as plotting X(t) versus
Y (t) produces a straight line with slope K trans 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 [157]–[159]. Considering (29), 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).

(53)

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

Fp
AIF(t) ∗ ra (t) ∗ R(t).
VT

(54)

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. [157] derived the following
expression for ra (t):
ra (t) = e−t/MTT

(55)

where MTT is the vascular mean transit time.
Other possible solutions for ra (t) are the Gaussian transport
model [158] described as
2β
2 2
ra (t) = √ e−β t
π

(56)

and the Gaussian residue model [158] described as
ra (t) = 2β 2 te−β

2 2

t

.

(57)

Based on (5), the effective MTT
 can be calculated as MTT =
1/2β in (56), and as MTT = (π)/(2 ∗ β) in (57).
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. [157] concluded
that the simpler model represented by a single exponential decay
[(54)] 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 an ROI which also includes the vessel wall or
surrounding tissue, may cause an underestimation of the vascular input [128], [160]. Moreover, in DCE-MRI, other sources
of error in the measurement of the AIF are represented by inflow effects and by the nonlinear 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 [161], [162]. 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 [128].
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
nonlinearities and saturation in the arterial signal [163].
To avoid these issues, a reference region (RR) model was
proposed by Yankeloov et al. [130], which provides an equation
for the estimation of K trans 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.
Alternatively, Mischi et al. [164] proposed a local characterization of Cp (t) by modeling the bolus dispersion in the
microvascular bed as a convective-dispersion process. Based on
the adiabatic approximation [125], they combined the mLDRW
solution to the convective-dispersion equation in (20) with the
TM [(49)], thus obtaining the so called reduced dispersion model
(RDM) as


κ
κ
− 2 ( t −t
(t−t 0 −μ) 2
)
0
Ct (t − t0 ) = A
e
∗ e−k e p t
2π(t − t0 )
(58)
where A = AUC · K trans .
The case of non-negligible capillary contribution to the total
tissue concentration is also taken into account by combining
(21) with the eTM [(49)], leading to the full dispersion model
(FDM) given below


κ
κ
− 2 ( t −t
(t−t 0 −μ) 2
)
0
e
Ct (t − t0 ) = B
2π(t − t0 )


κ
κ
− 2 ( t −t
(t−t 0 −μ) 2
)
0
e
+A
∗ e−k e p t (59)
2π(t − t0 )
where B = AUC · vp .
Although the separate estimation of K trans and vp is no longer
possible, these models include the effects of bolus delay and
dispersion, and provide a local characterization of both the
microvascular architecture by the dispersion parameter κ, and
the microvascular permeability by the leakage parameter kep ,
without the need for a 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 III). 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.
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TABLE III
SUMMARY OF QUANTITATIVE MODELS AVAILABLE FOR THE ANALYSIS OF
DCE-MRI AND DCE-CT DATA
Model

Estimated parameters

Extra measurement/estimation

Ref.

DP
TH
AATH
2XCM
eTM
TM
Patlak
RR
RDM
FDM

F p , v p , PS, v e
F p , v p , PS, v e
F p , v p , PS, v e
F p , v p , PS, v e
K trans , v p , v e
K trans , v e
K trans , v p
K trans , v e
A, k e p , κ, μ, t 0
A, B, k e p , κ, μ, t 0

AIF1 , BAT2
n.a.3
AIF, BAT
AIF, BAT
ve
AIF, BAT
AIF, BAT
BAT, C R4 R ( t )
none
none

[131]
[134]
[125]
[137]
[145]
[127]
[154]
[130]
[164]
[164]

1
4

AIF, Arterial input function; 2 BAT, Bolus arrival time;
C R R (t), Concentration time course measured in a RR.

3

n.a., not available;

III. 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.

A. 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 [165]. 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 [44], [72],
[166]. 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 [167], [168].
In the liver, metastasis may remain hidden on standard anatomic
CT images before they reach a detectable size [12]; with conventional US, lesions with isoechoic appearance or smaller size
can often be overlooked [169], [170], and fat infiltration and
fatty sparing may resemble lesions [171]. In the breast, multifocal lesions and tumors with confusing anatomy may remain
undetected with structural MR imaging [44], 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 [20], [21]. 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 tortoise, irregular, and leaky vessels mainly concentrated in the tumor periphery [11]. 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
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tumor grade [21], 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 [171], [172], ovarian [173], [174],
breast [175]–[177], kidney [178], [179], pancreas [180],
and prostate cancer [181], by highlighting differences in the
hemodynamic patterns and in quantitative perfusion parameters
between healthy and cancerous tissue. In a study by Xu
et al. [182], semiquantitative DCE-US parameters, such as WIT
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 [183] and CT [184], 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 [185] and breast cancer [14].
In addition, DCE-MRI has found an important role in the detection and characterization of lung [186], pancreatic [187], [188],
cervical [189], head and neck [190], kidney [191], and brain tumors [192]. However, the interpretation of quantitative perfusion
parameters may be contradictory and may depend on the specific organ. For instance, in the kidney [191] and pancreas [187],
[188], quantitative perfusion parameters such as plasma flow,
extraction fraction, and K trans were significantly lower in tumors
than in normal tissue; while in the prostate [193], [194] and
breast [195], [196], 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 [197]–[199].
Quantitative perfusion CT parameters such as blood flow, blood
volume, and K trans , estimated with the Patlak approach, have
been shown to correlate well with the MVD count in renal cell
carcinoma [199]; a study by Ippolito et al. [200] demonstrated
that quantitative perfusion CT parameters, such as hepatic
perfusion, portal perfusion, blood volume, and TTP, 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.

B. 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 [201]–[203]. Available treatments include focalized
radiation therapy (dose-painting) [147], cryotherapy [204], irreversible electroporation [205], photodynamic therapy [206],
brachytherapy [204], and a number of thermal ablative techniques [201], [206], [207]. 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
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border delineation. As discussed in [208], 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 caractherization. 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 unehanced imaging [208]. In a study by Kneeshaw
et al. [209], it was shown that semiquantitative 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
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 [210]. In
thermal ablation therapy, contrast CT is recommended immediately after treatment for its ability to discriminate between ablated and residual viable tumor [211]. 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.

C. Prediction, Assessment and Monitoring of Response
to Therapy
Quantitative angiogenesis imaging also holds great potential in predicting and monitoring response to chemo-, vasculardisrupting, 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 criteria categorizes the response to treatment as
complete response, partial response, disease progression, or stable disease. In an 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 onedimensional measurement. RECIST integrates now the most
used criteria in clinical trials [20]. Other commonly used indices of therapeutic efficacy relate to patient survival time. Examples are disease-free, progression-free (PFS), and overall survival (OS) time. However, patient survival time and dimensionbased assessment criteria present some limitations especially in
evaluating the response in the early phases of treatment [71],
[212], [213]. 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 [20], [71]. In this
case, the effect of treatment is cytostatic rather than cytotoxic
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and does not necessarily lead to alterations in tumor size [20],
[179], [212]. As a result, additional assessment of functional
changes is crucial to monitor the therapeutic response, and may
help to identify nonresponders 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 [67], [213], [214], assessing the vascular function could also represent a powerful
pretreatment 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 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 [20], [213], [215].
DCE-US derived qualitative, semiquantitative, 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 [216], [217], hepatocellular carcinoma [212], and gastrointestinal tumor [218].
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 AUC estimated after LDRW model fitting),
these did not correlate with long-term assessment criteria, such
as RECIST and PFS [219]. Similarly, in a review of clinical
trials of antiangiogenic and vascular disrupting agents employing DCE-MRI for evaluation of drug efficacy it was shown
that although K trans showed a dose-dependent reduction, it did
not correlate with clinical response [220]. 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 K trans correlate with PFS and OS [221]. In
a study evaluating the potential of DCE-CT as early biomarker
of response to antiangiogenic treatment in metastatic renal cell
carcinoma [222], 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. [223], who evaluated tumor vascular volume and
extravascular flow (K trans multiplied by the total tissue volume,
evaluated from Patlak analysis) in patients with non-small cell
lung cancer undergoing antiangiogenic 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 nonresponders
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,
antiangiogenic, and vascular-disrupting therapies, especially for
prediction of therapy outcome, which may aid patient selection,
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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.

D. 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 completely understood. In this context, quantitative
angiogenesis imaging may represent an important tool to evaluate new drugs already in preclinical and clinical trials. During
the drug development process, a drug is first tested in nonhuman
subjects (preclinical 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 [224]. 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 [224], [225]. 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 [224], [225].
A phase II clinical trial evaluating the efficacy and safety of
the antiangiogenic agent sunitinib (VEGF-R2 and PDGFR-beta
tyrosine kinase inhibitor) in patients with advanced hepatocellular carcinoma showed that quantitative DCE-MRI biomarkers
such as K trans and kep , estimated by application of the TM,
might be indicative of response and resistance to the agent,
and thus they may be suitable for early evaluation of drug efficacy [226]. 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) [227],
DCE-US semiquantitative parameters related to the blood volume (peak intensity, AUC, area under the wash-in, area under
the wash-out) and the rate of blood flow (WIR) 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 [228]: 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 anticancer 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 [224]. Currently, this is attained by objective criteria
based on tumor size measurement such as RECIST. However,
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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.
IV. DISCUSSION
The need for earlier and improved cancer diagnosis, localization, and characterization, as well as for reliable methods for
early evaluation of therapeutic response have led to the development of several imaging modalities able to assess the structural
and functional vascular changes associated with tumor angiogenesis. Selection of the best suited imaging modality and protocol, contrast mechanism, and data analysis varies from case
to case, and depends on several aspects, including accessibility of instrumentation, patient characteristics, and the biological
features of the organ or lesion to be investigated. A comparison
of the presented models, summarizing the main assumptions,
applicability, advantages, limitations, and complexity is given
in Table IV for DCE-US and in Table V for DCE-MRI/CT.
In DCE-US, although the constant infusion protocol permits
perfusion quantification in multiple planes, its implementation
is more complicated, requiring the use of an injection pump, the
attainment of a steady-state level infusion rate, and a more complex imaging sequence whereby the MI needs to be switched
from low to high [41]. As a result, bolus injection protocols have
been used and validated more extensively. The available models
for the analysis of a bolus pass show comparable complexity
and applicability. However, besides the advantage of having a
physiological basis, which takes into account the underlying
microvascular structure, the LDRW model has shown more accurate data fit both in vivo [68], [91] and in vitro [229], and
thus it should be generally chosen as the preferred model for
DCE-US bolus data fitting.
In DCE-MRI and DCE-CT, more complex models (DP, TH,
AATH, 2CXM) provide a more accurate description of the
underlying tissue structure, although disregarding dispersion
and diffusion effects due to the bolus transport from the sampling artery to the microvascular bed, and permit the separate
estimation of flow and permeability. However, higher model
complexity also translates into higher demands in terms of
temporal resolution and computational requirements. Since
distributed models do not assume instant contrast mixing,
a temporal resolution smaller than 1.5 s is suggested for
accurate parameter estimation [142], [220]. 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 [142], [230]. In
general, an analytical closed-form model solution, which is
continuous and differentiable in the time domain, is more
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TABLE IV
COMPARISON OF QUANTITATIVE MODELS USED IN DCE-US
Model

Assumptions

Applicability (types of tissue)

Remarks

Lognormal

- Bolus-injection

Wide. Any perfused tissue.

- Extensive validation

Gamma-variate

- Bolus-injection

Wide. Any perfused tissue.

LDRW

- Bolus-injection
- IV space as plug-flow system
(infinitely-long straight tube)
- Fluid velocity and contrast
diffusion coefficient spatially
independent
- Bolus-injection
- IV space as plug-flow system
(infinitely-long straight tube)
- Fluid velocity and contrast
diffusion coefficient spatially
independent
- Recirculation not allowed
- Bolus-injection
- Concentration in large artery
modeled by a Gaussian density
function and microvascular bed as
a series of well-mixed
compartments
- Constant infusion
- IV space as single compartment

Wide. Any perfused tissue.

- Extensive validation
- Analytical solution not in
closed form
- Extensive validation
- Solution derived from
physiological description of
the dilution process

- Constant infusion
- Multiple vessels with different
flows and entry angles
- US field properties included

Wide. Any perfused tissue.

FTP

Lagged Normal

Wei mono
- exponential

Arditi/Hudson

5

Complexity
Medium. Estimation of 3 + 1 5
parameters.
Medium. Estimation of 3 + 1 5
parameters.
Medium. Estimation of 3 + 1 5
parameters.

Wide. Any perfused tissue.

- Limited validation
- Solution derived from
physiological description of
the dilution process

Medium. Estimation of 3 + 1 5
parameters.

Wide. Any perfused tissue.

- Limited validation

Variable. Depending on the
number of compartments.

Wide. Any perfused tissue.

- Extensive validation
- US field properties and
vascular tree inhomogeneity
not modeled
- Limited validation
- US field properties and
vascular tree inhomogeneity
modeled
- Extra measurement for US
beam properties required

Low. Estimation of 2 + 1 5
parameters.
High. Estimation of 4 + 1 5
parameters, and measurement of
US field properties required.

The time of appearance t 0 may be estimated separately to reduce the dimension of the parameter search space in the recursive curve-fitting routine.

favorable for curve fitting because it provides a continuous
error function, leading to improved estimation precision
[142], [230].
Although simpler models (eTM, TM, Patlak) are computationally less demanding and permit stretching the temporal
resolution to 6 s or higher [142], [231], 1-s resolution AIF
measurement is still suggested in order to capture the fast dynamics of the vascular phase and provide accurate estimates,
especially for the vascular parameters [231], [232]. In fact, the
measurement of the AIF is generally critical, prone to several
sources of measurement errors (saturation, partial volume effects, inflow effects, nonlinear calibration) [132], [160]–[162],
and relying on strong assumptions (AIF in tissue to be the same
as in the sampling artery) [157], [158], [164], which eventually
may translate into errors in the estimated parameters. If the AIF
cannot be measured or estimated reliably, the use of models such
as the RR, in which the AIF is estimated from a reference tissue,
or the FDM and RDM, which also include the bolus transport
from the injection to the detection site in the model description,
are thus favorable.
In general, when simpler models (eTM, TM, Patlak) are
employed, special attention is required to ensure that the investigated tissue complies also with the adopted simplifying
assumptions on tissue characteristics [132]. Although these
models have found widespread application in the past years,
their use was mostly dictated by the limitations in the attain-

able 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 improve
fit accuracy [141], [164], [233], [234], 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 [141], [144], [233], [234], while simpler
models (eTM, TM, Patlak) perform better for larger temporal
sampling [235], [236].
Besides the temporal resolution and the AIF, several other
aspects of DCE-MRI/CT acquisition (e.g., baseline length, scan
duration, SNR, signal drift, T1 mapping, field inhomogeneity, contrast injection rate, motion artifacts) may eventually
influence estimation accuracy, but unfortunately they have been
quantitatively addressed only in few isolated studies [235],
[237]–[241], and in some cases with contradictory findings.
Errors in the measured native tissue T1 during DCE-MRI
calibration appear to have a critical impact on the estimated
pharmacokinetic parameters [238], [240], while scan duration
seems not to have a great influence [235], [237]. Although
higher errors in the estimated parameters are reported for
decreasing SNR, reliable estimates can still be obtained, provided that the SNR level is sufficient for the chosen model [142],
[237], [241].
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TABLE V
COMPARISON OF QUANTITATIVE MODELS USED IN DCE-MRI AND DCE-CT

In fact, model selection is not only dependent on the specific
tissue conditions, but also on the available data: the search is
not for the best model per se, but rather for the most appropriate model given the data. When the number of parameters
is too large or the SNR is too low, the data might not contain
sufficient information for accurate estimation of all parameters,

potentially leading to overfitting; this occurs when a mathematical model tends to describe random errors or noise instead of
the relationship underlying the data [242]. Therefore, the best
model should be selected in a balance between fit accuracy
and parsimony, i.e., the concept of using the least number of
parameters able to describe the data adequately [242], [243].
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A probabilistic approach to the problem of model selection,
whereby several models of different complexity are compared
and graded, is thus recommended. When the models are nested
(i.e., each model is obtained from a more complex by reducing
the number of terms), log-likelihood tests can be performed to
evaluate the probability of one model to describe the data better than the other [242], [243]. For non-nested models, metrics
such as the Akaike information criterion (AIC), the Bayesian
information criterion (BIC), or the minimum description length
(MDL) can be used, which grade the models based on fitting
accuracy but also introduce a penalty for the number of parameters [242], [243].
Quantification and standardization are fundamental to
compare performance between imaging modalities, protocols,
and parameters. Unfortunately, in most clinical studies only
qualitative or semiquantitative analysis has been performed.
Although qualitative and semiquantitative parameters can be
calculated relatively easily [244], they are dependent on several
factors, including contrast concentration, patient characteristic,
machine settings, and operator experience [14]. As a result,
non or semiquantitative analysis may lack accuracy and
hamper standardization, limiting the exchange of information
between different institutions. 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. However, quantification presents advantages that
may overcome the limitations of qualitative and semiquantitative analysis. Quantitative assessment is less operatorand machine-dependent, and it can be fully automated, thus
allowing for the implementation of multicenter trials and for
standardization of protocols. The latter facilitates a reliable
comparison of findings between different studies and centers.
Comparing single imaging modalities, DCE-US presents several advantages for assessing tumor angiogenesis. The intravascular character of the adopted contrast allows disregarding diffusion and leakage across the vascular endothelium, thus making DCE-US well suited for perfusion quantification. With
the introduction of the latest generation of microbubbles and
of new contrast-specific imaging techniques, DCE-US enables
real-time detection of blood flow in vessels as small as 40 micron [69], [71]. In addition to high spatial and temporal resolution, other advantages of DCE-US are represented by portability, availability, cost-effectiveness, and the absence of ionizing
radiation [245], which make this modality very attractive for
screening, focal-treatment follow up, and therapy monitoring,
where frequently repeated measurements are needed. Moreover,
US imaging has an established user base and is already routinely
used in clinical practice for screening and diagnosis of cancer in
several organs (e.g., liver, breast, ovaries) [171], [246]–[249].
Regarding the limitations, US has poor accessibility to certain anatomical regions, such as the pulmonary and cerebral
areas, and shows reduced performance in deeper organs [20]. In
addition, US imaging is highly dependent on the operator ability and experience. Furthermore, quantification with DCE-US is
more challenging, being affected by acoustic attenuation, patient
and operator variability, US scanner settings, and microbubbles
characteristics [250], [251]. The lack of reproducibility in quan-
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titative analysis makes standardization challenging; as a result,
validation of quantitative DCE-US parameters against available
biomarkers of tumor angiogenesis has been limited to a few
studies so far [252], [253]. Moreover, unlike DCE-MRI and
DCE-CT, in which multiple planes can be investigated simultaneously with a single bolus injection, a major limitation of
DCE-US, currently being mostly a 2-D technique, resides in
that only one plane can be investigated for each injected bolus,
thus increasing the risk of missing out-of-plane malignancies.
Finally, since UCAs are purely intravascular tracers, capillary
permeability and leakage cannot be investigated.
The iodinated and gadolinium-based contrast agents adopted
in DCE-CT and DCE-MRI, respectively, are able to cross the
vascular endothelium and extravasate into the interstitium, thus
providing an opportunity to assess changes in microvascular
permeability and leakage space, which can be related to cancer
angiogenesis. However, extravasation increases the complexity
of contrast transport modeling and makes parameter estimation
more challenging.
The main advantages of DCE-CT include rapid scanning, high
resolution, whole body 3-D coverage, widespread availability at
reasonable costs [245], [254], [255], and the linear relationship
between contrast agent concentration and signal intensity [14],
[255], which facilitates quantification. The acquisition of good
quality DCE-CT data is a relatively robust process and reproducibility of quantitative parameters in several cancer types has
been documented [197]. However, DCE-CT has poor soft-tissue
contrast [255], and it is affected by a number of noise sources
including photon noise, especially in hypovascular tumors, and
partial volume effects [12], the extent of which is greater as
the investigated ROI becomes smaller, such as for instance in
the measurement of the AIF. Moreover, the major drawback of
DCE-CT is represented by the use of ionizing radiation [14],
[197], which increases cancer risk and, thus counterbalances
the potential benefit of angiogenesis assessment, especially for
treatment outcome monitoring whereby several repeated measurement are needed [14], [61], [256]. Finally, the use of iodinated contrast agent in patients with impaired renal function
raises concerns because of the risk of contrast-induced nephrotoxicity [257].
DCE-MRI offers excellent soft-tissue contrast, high-spatial
resolution, large depth of penetration, and good SNR [113],
[245]. Although limited by high costs and restricted availability,
DCE-MRI is becoming a standard examination for cancer diagnosis in several organs (e.g., prostate, breast) [44], [185], and the
absence of ionizing radiation makes in principle this modality
well-suited for screening, treatment follow up, and therapy
monitoring [113], [258]. One major drawback of DCE-MRI
is represented by the nonlinear relationship between contrast
agent concentration and signal intensity [14], [24]. Gadolinium
concentration can be quantified by acquiring maps of tissue T1
relaxivity prior to contrast injection and, then, applying nonlinear calibration [259]. However, the acquisition of T1 maps can
be challenging and time consuming, and it requires careful calibration and correction for field inhomogeneity [120], [259]. As
a result, T1 map calibration for absolute contrast quantification
is rarely performed in clinical practice, limiting repeatability,
reproducibility, and standardization of DCE-MRI [24]. In
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addition, the use of different acquisition protocols and analysis
methods, and the absence of consensus on the nomenclature of
some pharmacokinetic parameters complicates the comparison
of findings between studies and centers [14], [260]. Moreover,
the use DCE-MRI is limited for organs with physiologic motion,
such as the lungs and the liver [14], [24], [261], in patients with
pacemakers and metallic implants [262], [263], and in patients
with impaired kidney function due to agent toxicity [14].
Finally, DCE-MRI images can be affected by several noise
sources including partial volume and inflow effects. The latter
can be particularly critical in the acquisition of the AIF, where
a small volume including an artery with high flow is imaged
[130], [264].

V. RECOMMENDATIONS AND OUTLOOK
The introduction of novel targeted contrast agents may boost
further advances in angiogenesis imaging with DCE-US and
DCE-MRI. These new emerging agents are obtained by binding marker molecules (peptides, proteins, and antibodies) to
the imaging agent to specifically target molecular expression
of angiogenesis [265]–[268]. Typical molecular targets include
VEGF receptors, key regulators of angiogenesis and vasculogenesis, and αV β3 integrin, cell adhesion molecule mediating the
migration of endothelial cells through the basement membrane
during blood-vessel formation [269]. Contrast agents decorated
with angiogenesis-targeting ligands remain attached to the areas
in which the target molecule is upregulated, thus causing selective enhancement in DCE images, especially in the late phase
after injection [266]. Mathematical modeling of targeted agents
binding kinetics may give deeper insight on the physiological
mechanisms underlying angiogenic processes and may provide
more quantitative assessment of tumor angiogenesis. Currently,
the feasibility of molecular imaging with DCE-US and DCEMRI has been demonstrated [266], [268], and human studies are
ongoing to demonstrate clinical utility and permit the translation
of these novel agents for clinical applications [270], [271].
The long awaited introduction of four-dimensional (4-D)
scanning in US imaging may overcome a major limitation of
DCE-US. 4-D DCE-US allows observing the contrast kinetics
in a volume rather than a single plane, enabling simultaneous
perfusion quantification in multiple planes with a single bolus
injection, similar to DCE-CT and DCE-MRI [72], [272].
Quantitative angiogenesis imaging requires proper model selection in order to ensure reliable parameter estimation, and
thus, provide clinically useful information on the investigated
organ. Due to the greater simplicity of the bolus-injection protocol, the proven fit accuracy, and its physiological basis, the
LDRW model is recommended for assessment of angiogenic
tumor vasculature with DCE-US.
In DCE-MRI/CT, the increased model complexity, due to the
extravascular character of the adopted contrast agents, makes
parameter estimation more sensitive to the acquisition protocol.
When a reliable estimate of the AIF is available, models which
allow for the separate estimation of flow and permeability, such
as the 2XCM and AATH, are recommended, provided that the
temporal resolution and SNR are sufficiently high. When these
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requirements are not met, a simpler model (eTM, TM, Patlak)
should be chosen, based on the a priori knowledge on tissue
properties and condition. When the AIF cannot be measured
or estimated reliably, the FDM, or the simpler RDM or RR
should be chosen, depending on the number of parameters that
can be reliably estimated with the given temporal resolution
and SNR; once again, attention should be paid to ensure that
the investigated tissue condition complies with the underlying
model assumptions. In general, the best practice would be to
try several suitable models of different complexity and grade
them through a proper probabilistic test (log-likelihood, AIC,
BIC, MDL). This not only would provide the investigators with
more certainty about the chosen model, but would also help
expanding the scientific evidence on model selection for different organs and experimental conditions. Ideally, based on a
systematic probabilistic evaluation, a decision table for model
selection and guidelines for proper acquisition protocols could
be implemented in consensus.
All the clinical imaging modalities have specific advantages
and drawbacks, and no single technique can outperform the others in each and every case. For each specific case, choosing
and applying consistently one imaging modality with a fixed
protocol would be recommendable to allow intra and interpatient comparison and follow up. However, the synergetic use
of multiple modalities can provide more reliable and accurate
information than a single modality alone [273], [274]. In [273],
morphological and functional features of angiogenesis were assessed in a rat bearing breast cancer bone metastasis by multimodality imaging: 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
macrovessel architecture characterization 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 all the available information. It represents the future of angiogenesis imaging and of
clinical diagnostic imaging in general [275], [276].
In conclusion, quantitative imaging of tumor angiogenesis
has the potential to improve cancer diagnosis, focal treatment
guidance and follow up, therapeutic-response prediction and
monitoring, treatment decision making, and drug development.
In the effort toward standardization of quantitative imaging, the
Radiologic Society of North America organized in 2007 the
Quantitative Imaging Biomarker Alliance (QIBA), whose mission was to improve the value and practicality of quantitative
imaging biomarkers by reducing variability across devices, patients, and time [260], [277]. In response, QIBA is producing
basic standards and protocols for several quantitative imaging
techniques, including DCE-MRI [278], volumetric CT [279],
and FDG-PET/CT [280]. Multimodal approaches will lead to
more accurate and effective cancer characterization and management. Cooperation between clinicians and researchers of
different institutions and organizations is crucial to improve the
standardization of quantitative analysis, which is necessary to
translate the great potential of angiogenesis imaging into the
clinical routine.
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