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ABSTRACT
Angiogenesis is a fundamental driver of tumor biology and many other important aspects of
human health. Dynamic Contrast Enhanced Magnetic Resonance Imaging (DCE-MRI) has
been shown to be a valuable biomarker for the indirect assessment of angiogenesis. However,
DCE-MRI is a very specialized technique that has limitations. In this dissertation new models
and contrast agents to address some of these limitations are presented. Chapter 1 presents an
introduction to DCE-MRI, the rationale to asses tumor biology with this technique, the MRI
pulses sequences and the standard pharmacokinetic modeling used for the analysis of DCEMRI data. Chapter 2 describes the application of DCE-MRI to asses the response to the
hypoxia-activated drug TH-302. It is shown that DCE-MRI can detect a response after only 24
hours of initiating therapy. In Chapter 3, a new model for the analysis of DCE-MRI is
presented, the so-called Linear Reference Region Model (LRRM). This new model improves
upon existing models and it was demonstrated that it is ~620 faster than current algorithms and
5 times less sensitive to noise, and more importantly less sensitive to temporal resolution which
enables the analysis of DCE-MRI data obtained in the clinical setting, which opens a new area
of study in clinical MRI. Chapter 4 describes the extension of the LRRM to estimate the
absolute permeability of two fluorinated contrast agents; we call this approach the Reference
Agent Model (RAM). In order to make this new model an experimental reality, a novel pulse
sequence and contrast agents (CA) for 19F MRI were developed. Two contributions to the field
of DCE-MRI are presented in this chapter, the first simultaneous
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F-DCE-MRI detection of

two fluorinated CA in a mouse model of breast cancer, and the estimation of their relative
permeability. RAM eliminates some of the physiological variables that affect DCE-MRI, which
may improve its sensitivity and specificity. Finally, new potential applications of LRRM and
RAM are discussed in Chapter 5.
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CHAPTER 1
THE PRINCIPLES OF DYNAMIC CONTRAST ENHANCED
MAGNETIC RESONANCE IMAGING
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1.1 Introduction
Any tissue of the body that contains cells capable of division can develop cancer (1). The
earliest detectable malignant lesions (cancer in situ) are often only a few millimeters in
diameter and are commonly avascular during early stages. Cellular nutrition in these tumors
depends on diffusion of nutrients, placing severe limitations on the size that such tumors can
achieve (2). Avascular tumors are not detectable by magnetic resonance imaging (MRI)
because their maximum diameter is only 150–200 µm (3). The transformation of a dormant
tumor in situ into an invasive neoplasm is partially controlled by vascularization and the rate of
such transformation increases when the tumor itself promotes the formation of new blood
vessels, a process known as angiogenesis (4,5). Due to multiple defects in the tumor associated
neovasculature (4), the vessels are characteristically leaky, fragile, and incompletely formed,
leading to increased permeability relative to mature blood vessels in normal tissues that are the
result of physiological processes (6). As angiogenesis is believed to be central to the
development of nearly all solid tumors, the development of quantitative, noninvasive methods
to characterize tumor associated vessels is of great interest.
Dynamic contrast enhanced magnetic resonance imaging (DCE-MRI) can quantitatively
assess tumor associated neovasculature and potentially determine how it responds to treatment.
DCE-MRI requires the serial acquisition of images before and after the injection of a
paramagnetic contrast agent (CA) so that the variation of MR signal intensity with time can be
recorded for each image voxel or region of interest (ROI). As the agent enters into a tissue, it
changes the native relaxation properties (T1, T2, and T2*) and, therefore, the measured MR
signal intensity of the tissue to a degree that depends on the local concentration. After the agent
is transported out of the tissue, the MR signal intensity returns to its’ baseline value. By
analyzing the associated signal intensity time course using an appropriate mathematical model,
physiological parameters related to, for example, blood flow, vessel permeability, and tissue
volume fractions can be extracted for each voxel or ROI.
DCE-MRI is actually an entire class of techniques, which can be separated into two basic
sub-classes: semi-quantitative and quantitative methods. In the semi-quantitative approach,
parameters that characterize the shape of the enhancement curves are obtained and are typically
related to the early contrast uptake, the maximum enhancement, the wash out ratio, or the area
under curve at (say) 60 seconds. While it is relatively straightforward to obtain these data, a
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fundamental limitation of the approach is that these parameters are not directly related to
underlying physiology. Conversely, the quantitative approach is based on fitting the
enhancement curves to pharmacokinetic models in order to estimate physiological parameters
such as perfusion, permeability, and tissue volume fractions. Of course, quantitative methods
are not without their own limitations including the practical difficulties associated with the
technique. In this chapter we will discuss the acquisition, analysis, limitations and advantages
of semi-quantitative and quantitative DCE-MRI studies.
1.2. Acquisition of DCE-MRI data
Designing a DCE-MRI acquisition protocol requires a balance between temporal and
spatial resolution, and achieving an appropriate signal-to-noise ratio (SNR); this balance is
frequently dictated by the goals of the study as well as (practical) clinical demands. In general,
coarser temporal resolution allows for obtaining a larger acquisition matrix over a fixed field of
view (FOV) thereby enabling the acquisition of higher spatial resolution (both in-plane and
through plane) data. High spatial resolution is typically selected if a “semi-quantitative”
analysis is planned and probing tumor structural morphology is viewed as central to
experimental goals as is the case in most clinical DCE-MRI studies where anatomical
characteristics are critically important to the radiologist’s assessment. Conversely, coarser
spatial resolution allows for the acquisition of high temporal resolution data. Some hightemporal resolution DCE-MRI studies acquire images as fast as one second (7), though most
studies are acquired in the 10–30 second range (8). High temporal resolution is emphasized
when a quantitative analysis is planned and the CA kinetics needs to be adequately sampled to
allow for accurate model fitting.
In practice, the temporal or spatial resolution of a DCE-MRI protocol is determined by
setting the parameters of a pulse sequence to different values. For example, increasing the
number of phase encoding steps leads to higher spatial resolution, lower SNR, and lower
temporal resolution, while increasing the repetition time increases the SNR, lowers temporal
resolution, and does not (directly) affect spatial resolution. Most MRI pulses sequences are
categorized according to the method used to generate the radio frequency signal (the echo) that
is detected during a MRI scan. The two most common approaches for DCE-MRI studies are
discussed in the following section.

17

1.2.1 Gradient-echo sequence
A gradient-echo sequence (GE) begins with excitation of the traverse magnetization in a
slice of material. After the excitation, the polarity of the slice-selective gradient is reversed to
refocus the spins in the slice. The excited slice is subsequently imaged using frequency and
phase encodings. The pulse sequence, including excitation, phase encoding and readout are
repeated M times with different values of the phase encoding gradient. The repetition time (TR)
is the time interval between consecutive excitations, so that the total scan time is given by
M×TR. Thus, the spatial resolution (as determined by M) directly affects the temporal
resolution as noted in the previous section.
The signal intensity equation for a gradient echo image is given by:
[1]
where r is a constant describing proton density and scanner gain, α is the flip angle, T1 is the
longitudinal relaxation time,

is the apparent transverse relaxation time of the tissue or voxel

being interrogated, and TE is the echo time, which is the time interval between the center of the
excitation pulse and the gradient echo. As gradient echo sequences do not have the refocusing
pulse used in spin echo (see next section), it is susceptible to additional losses above the normal
T2 decay and are manifested in the T2* term in Eq. [1].
1.2.2 Spin-echo sequence
The main difference between GE and spin-echo pulse (SE) sequences is that the latter
includes a 180o pulse that causes formation of a spin echo during signal acquisition. Spin-echo
sequences are less sensitive to magnetic field inhomogeneities than gradient-echo sequences
because all the spins are refocused after the 180o pulse. Assuming that α is equal to 90o, the
signal intensity of a spin-echo sequence is defined as:
[2]

where T2 is the transverse relaxation rate in the absence of magnetic field inhomogeneities.
Equation [2] shows that the signal intensity depends on the ratio TE to T2 rather than T*2 as in
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Eq. [1]. As mentioned before, the analysis of DCE-MRI requires the acquisition of MR images
every 5-30 seconds after the administration of a contrast agent.
The basic gradient- and spin-echo sequences described above can be optimized to achieve
such temporal resolution. Assuming that only one average is taken for the acquisition of a MR
image, there are only two options to reduce the acquisition time: 1) decreasing the number of
phase encoding steps, and 2) shortening the repetition time (TR). In practice, the number of
phase encoding steps is controlled by the desired spatial resolution, therefore, rapid MR
imaging is achieved by using very short TR (usually in the order of 10 to 50 msec.) or
acquiring more than one echo on each phase encoding step when a longer TR is used (100 to
250 msec.). The strategies to perform rapid GE and SE MR imaging are discussed next.
1.2.3 Rapid Gradient-echo Imaging
Rapid gradient echo imaging sequences can be divided into two different groups. The
first group is composed of pulse sequences that use radio frequency and gradient spoiling to
destroy the transverse magnetization after each signal acquisition, while also maintaining a
steady-state longitudinal magnetization (so called spoiled gradient echo methods). The second
group is composed of pulse sequences that maintain transverse and longitudinal magnetization
in equilibrium (refocused gradient-echo).
1.2.4 Spoiled Gradient-echo Imaging
As mentioned above, a very short TR (say, < 50 msec) can be used to acquire MR images
at higher temporal resolution (and different T1 contrast); however, when TR is smaller than T2,
variations in the phase of magnetization prevents the formation of a steady state. A way to
reduce this effect is to destroy (i.e., spoil) the remaining transverse magnetization after each
acquisition. The basic 2D spoiled GE (SGE) sequence is usually known as FLASH (fast lowangle shot) or spoiled GRASS (gradient recalled acquisition in the steady state), and its signal
intensity is described by Eq. (1). The name used by different vendors for SGE sequences is
shown in Table 1.
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Table

Table 1.1 Common pulse sequences used for DCE-MRI, and their nomenclature as a function
of vendor.
An important feature of SGE sequences is that the excitation pulse is usually short (5o-20o), and
that because TR = T2* the contrast is a function of T1 and spin density.
1.2.5 Refocused Gradient-echo Imaging
The goal of this approach, usually referred to as FISP (fast imaging with steady-state
precession) or SSFP (steady-state free precession), is to create conditions under which both
longitudinal and transverse magnetizations are in equilibrium. Other names for this sequence
are shown in Table 1. The main advantage of this pulse sequence is that the steady-state
magnetization is relatively large even when TR is extremely short (< 20 msec). However, the
signal intensity is controlled mainly by the ratio T2/T1, which makes it difficult to quantify the
effect of a CA in a tissue interest because the CA simultaneously affects T1 and T2.
1.2.6 Fast spin-echo Imaging
The main strategy used for fast spin-echo imaging (FSE) is to use a series of 180o pulses
to produce a train of spin echoes after each excitation. After each echo, the phase-encoding is
cancelled and a different phase-encoding is applied to the following echo. Thus, more than one
echo can be acquired in the same TR, which leads to a decrease in acquisition time equal to the
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number of echoes acquired after each excitation (echo train). This effectively reduces the
number of phase encoding steps needed to acquire an image. For example, if the echo train is
equal to four, the number of phase encoding steps is now reduced by a factor of four compared
to a standard SE sequence. A basic FSE sequence is usually referred to as a RARE (rapid
acquisition with relaxation enhancement) or turbo spin-echo (Table 1).
1.3 Semi-Quantitative Analysis of DCE-MRI Data
As mentioned before, the semi-quantitative analysis of DCE-MRI data is performed on
the measured signal intensity or the calculated concentration of contrast agent time courses, and
it aims to obtain descriptors of the tissue of interest based on examination of enhancement
curves or enhancement curve analysis. The visual inspection method is based on a subjective
evaluation of the signal intensity time courses, in which each curve is classified in accordance
with a predefined evaluation system such as the one shown in Fig. 1.1. The high numbered
curves are interpreted as representing more aggressive tumor enhancement kinetics. This
method has shown good performance in differentiating malignant from benign tumors (9,10).
Common parameters derived from the enhancement curves include the maximum enhancement
ratio, the time to peak, and area under the curve and are illustrated in Fig. 1.2.

Fig. 1.1 Qualitative classification of signal time intensity curves: type I corresponds to no
measureable enhancement; type II, gradual increase of enhancement; type III, rapid initial
enhancement followed by a plateau phase; type IV, rapid initial enhancement followed by a
washout phase; and type V, rapid initial enhancement followed by sustained late enhancement.
The maximum enhancement ratio (MER) is the percentage increase of the signal between the
baseline signal intensity (Spre) and the maximum signal intensity in the curve (Smax) and is
defined as:
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[3]

The time to peak (TTP) is defined as the time lapse between the initial signal enhancement after
injection and the point of maximum signal (Fig. 1.2). The slope is calculated dividing MER by
TTP, and the initial area under the curve (AUC) is calculated as the definite integral of signal
intensity (or CA concentration):
[4]

where tinitial and tend are the beginning and ending times of the period for which contrast
accumulation is to be estimated.
These semi-quantitative parameters are easily accessible with simple computer routines
and have been successfully used to monitor cancer growth and treatment response (see, e.g.,
(11,12)). However, they do not necessarily have a clear physiological interpretation, as they are
mixed measures of the tissue’s blood flow, permeability and fractional volume. For example,
the iAUC reflects tissue blood flow and vascular permeability, but it is also an indirect measure
of the fractional interstitial space. Additionally, the degree to which each of these physiological
parameters contributes to the iAUC is at least partially determined by what time point is taken
as the end (tend) of the initial portion of the enhancement curve (13). When signal intensity
measurements are used to compute these parameters, it can be quite difficult to compare scans
performed at separate times and/or different institutions. A way to overcome this limitation is
to quantify the absolute concentration of the CA and fit the concentration-activity curves to a
pharmacokinetic model, such as the approach used in the quantitative analysis of DCE-MRI
data.
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Fig. 1.2 The figure depicts several common semi-quantitative parameters that are used to
describe the curve shape of the enhancement ratio. The slope describes the rate of enhancement
from “lift-off” (from baseline) to the peak height, while the time to peak (TTP) describes how
long it takes to achieve that peak enhancement. The maximum enhancement ratio is the change
from baseline to the peak height.
1.4 Quantitative analysis of DCE-MRI data
The inputs required for the quantitative analysis of DCE-MRI data are the rate of change
in absolute concentration of a CA within a tissue of interest (TOI) and in blood plasma, the socalled arterial input function (AIF). These two concentration-activity curves are fitted to a
pharmacokinetic model to estimate physiological parameters that describe the CA movement
across the vascular endothelium, such perfusion and permeability. Signal in a MRI experiment
is not linearly related with concentration. The T1 of the tissue(s) to be analyzed before injection
(T10) are determined, a series of T1-weighted images are acquired as described in section 1.2,
the CA concentration in TOI and AIF are calculated using T10 and observed changes in MRI
signal, and the CA concentration curves are fitted to a pharmacokinetic model.
1.4.1 Measuring T1 in tissue before injection of a CA
There are several methods for estimating pre-contrast T1 values at the voxel level using
either spin echo or gradient echo pulse sequences (14). A spin-echo sequence can be repeated
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with constant TE and variable TR (when TE ≈ T2) in a method known as saturation recovery.
The signal intensity for this pulse sequence is described by:

[5]
where all parameters in Eq. [5] have been previously defined. The principle of this method is to
collect a series of images with different TR values and fit the signal voxel-by-voxel to Eq. [5] in
order to construct a T10 map (i.e., a map of T1 values before CA administration). While this
approach can yield accurate T1 values, it can lead to very long acquisition times and therefore is
seldom used in clinical studies. An alternative, and frequently employed, method for measuring
T1 is through the acquisition of multiple spoiled gradient echo images at different flip angles
(13). When TE<<T2*, the equation describing the signal intensity measured at each flip angle is
simplified from Eq. [1] to Eq. [6]:

[6]
In order to calculate the T10 map, the signal intensities measured at each flip angle are fit to Eq.
[6] to extract T1 at each voxel location. Because a short TR value can be used for all iterations,
this method drastically decreases the total measurement time (for large volumes of interest)
compared to many other methods, while still maintaining the high signal to noise (SNR) of
those methods and has been used by many investigators (16,17). However, the method does
suffer from errors due to B1 inhomogeneity, a problem that is especially pronounced at field
strengths ≥ 3T.
1.4.2 Calculating CA concentration in a DCE-MRI experiment
Figure 1.3 show a detailed example of how to calculate the concentration of a CA. A
major difference between DCE-MRI data and other (non-MRI based) imaging methods is that
DCE-MRI measures the effect of the CA on water relaxation and not the concentration of the
contrast agent itself. Clinical DCE-MRI studies employ CAs based on gadolinium chelates,
which shorten the tissue’s native T1 which leads to an increase in signal intensity (over a
limited range of CA concentration) in T1-weighted images.
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Fig. 1.3. The figure describes how to calculate the concentration of CA for a spin echo
acquisition in DCE-MRI. Panels A) and B) display the signal intensity equation for a spin echo
sequence before and after the injection of CA, respectively. Taking the ratio of these two
signals yields the relative enhancement post contrast (panel C). By solving the equation in
panel C for R1(t) (panel D) yields a relationship that allows for conversion to CA(t) as show in
panel E. All quantities are defined within the text.
The concentration of a CA is related to the longitudinal relaxation rate R1 (≡1/T1) via the
following equations:
[7a]
[7b]

where R1(t) is the transverse relaxation rate at time t, CA(t) is the CA concentration at time t,
R10 (=1/T10) is the native R1 of the tissue before injection of the CA, and r1 is the longitudinal
relaxivity of the CA in units of mM-1sec-1. As images must be acquired very rapidly in a
quantitative DCE-MRI study, there is not enough time to explicitly measure the R1(t) time
course. Rather, R1(t) is estimated from either Eq. [1] or Eq. [2] (depending on whether the data
is acquired with a GE or SE sequence, respectively) in conjunction with the T10 data. Eq. [7b] is
then used to estimate CA(t). An example of how to calculate CA(t) for a spin-echo sequence is
shown in Fig 1.3. The procedure for a gradient-echo sequence is analogous. An important
assumption of this method is that the CA relaxivity (r1) is the same for the ROI and AIF, an
assumption that can be invalid in certain circumstances (18).
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1.4.3 Measuring the AIF CA concentration in a DCE-MRI experiment
Recall that the time course of the concentration of CA in plasma (i.e., the AIF) is required
for the quantitative analysis of DCE-MRI data. Measurement of the AIF remains one of the
most challenging aspects of DCE-MRI, because capturing the uptake and maximum amplitude
(peak) of the AIF signal requires the acquisition of high SNR images at a sampling rate of less
than approximately 5 seconds per image. Additionally, the images require adequate spatial
resolution to delineate a major feeding vessel in the FOV. We now discuss a series of common
techniques to obtaining (or, more realistically, estimating) the AIF. Despite its very invasive
nature, obtaining arterial blood samples during the imaging acquisition provides the most
accurate way to measure CA values on the AIF curve (19,20) since CA is measured directly
from the blood. However, achieving high temporal resolution is extremely difficult and is,
obviously, not appropriate for routine clinical use. Furthermore, it is not possible to perform in
preclinical studies performed in mice because of the limited total blood volume available
(approximately 2 mL), which places very severe limits on the number of blood samples that can
be obtained. Another limitation is that blood is typically taken from an accessible vessel which
may not be located closely to the FOV under investigation.
An alternative to direct blood sampling is to estimate the CA concentration from the
DCE-MRI data itself. In order to do this a large blood pool (e.g., a vessel or left ventricle of the
heart) must be included in the same FOV as the tissue to be analyzed. The concentration is then
calculated as described in the previous section. However, the tissue of interest is not always
conveniently located near a large blood vessel, additionally partial volume and/or flow effects
can cause bias in the estimated concentration. Also note that, since high temporal resolution
data is required to capture the AIF’s uptake and peak, the spatial resolution and SNR that are
available to characterize tumor kinetics is consequently limited. Since heterogeneity is a
fundamental characteristic of tumors, this approach limits the useful data available from a
quantitative DCE-MRI. Additionally, if the CA concentration is too high the MRI signal will be
reduced due to T2* effects, which leads to an inaccurate estimate of the AIF. (We note that
sequences have been designed to measure both T1 and T2* relaxation during a dynamic scan
such that the effect of T2* can be quantified and corrected at the expense of temporal resolution
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(21).) Because of the difficulty associated with measuring the AIF in individuals, many studies
have used a cohort of similar subjects to obtain a population-averaged AIF (22), which is then
applied to other similar subjects in subsequent studies (23).
A third approach is to eliminate the need of measuring the AIF by using a second tissue
(a reference region) as a surrogate for the AIF; the so-called “reference region model” (24,25).
Several variations of this strategy have been reported and all require some knowledge of the
pharmacokinetic properties of a well-characterized reference region (RR) such as healthy
muscle (26). An important advantage of this strategy is that the required temporal resolution is
significantly decreased, as tumor and health tissue enhancement kinetics are not nearly as fast
as the AIF, which leads to a better spatial resolution and improved description of tumor
heterogeneity. Studies with a RR model have shown good correlation with blood sampling
analysis (27) as well as reasonable repeatability and reproducibility (28,29). However, if the
reference region exhibits high variability, or is poorly characterized, the accuracy of this
approach is reduced.
1.5 Modeling the pharmacokinetics of CA with DCE-MRI
1.5.1 Toft’s Model
Fitting the DCE-MRI CA concentration activity-curves to specific pharmacokinetic (PK)
models can be used to study the underlying physiology and/or pathology of a tissue of interest
(TOI). The typical physiological parameters derived from such an analysis describe, for
example, inflow rate from plasma to the TOI (Ktrans), outflow rate from to the TOI to plasma
(kep), intravascular volume fraction (vp), and extracellular-extravascular space (EES) volume
fractions (ve). The PK models used to calculate these descriptors of tissue physiology are based
on mathematical models that make certain assumptions about human physiology. The main
assumption is that human body may be represented by one or more “compartments”, into and
out of which the CA dynamically flows. A compartment is defined as a bounded space that the
CA can occupy and whose volume remains constant on the time scale of the DCE-MRI
experiment. A second common underlying assumption is that each compartment is assumed to
be well-mixed in the sense that CA entering the compartment is immediately distributed
uniformly throughout the entire compartment.
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The PK model most commonly used for DCE-MRI is a two-compartment model
originally described by Tofts et al. (30) which builds on the earlier work by Kety (31) and
considers the intravascular extracellular volume fraction (blood plasma) to be the central
compartment, and the extravascular-extracellular volume fraction (ve) to be the peripheral
compartment (panel A of Fig. 1.4). In this model, the CA is introduced into the vasculature and
diffuses into the EES in a reversible process characterized by a distribution rate constant (Ktrans)
and a redistribution rate constant (kep=Ktrans/ve).

Fig. 1.4. The figure presents a box diagram of two common compartmental models used for the
quantitative analysis of DCE-MRI data. Panel A) is the Tofts-Kety model while panel B)
displays the compartments involved in a reference region (RR) model, using muscle as the RR
and tumor as the tissue of interest (TOI).
This process is described by the following first order, ordinary, linear differential equation:
[8]
for

which

the

solution

is

(by,

for

example,

the

Laplace

transform

method):
[9]

where Ct(t) is the concentration of contrast agent for the ROI, and Cp(t) is the concentration
activity curve in plasma, the AIF. When Ct(t) and Cp(t) are measured, they can be input into a
standard curve fitting routine which will vary the values of Ktrans and ve to provide a best fit of
the model to the measured data. Performing this analysis on average time course data for the
whole tumor will yield ROI averaged values of Ktrans and ve, while performing the analysis on
each voxel within the ROI will lead to a parametric map of each parameter. (See Fig. 1.5 for an
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example parametric map of Ktrans in an animal model of breast cancer.) The parameters Ktrans
and ve have shown diagnostic and prognostic value for several diseases (32).
1.5.2 Extended Tofts Model
The original Tofts-Kety model assumes that the tissue contains no vascular space. In
some tissues such as muscle, the fraction of vascular space (vp) can be considered negligible
(33). However, other tissues (including many tumors) contain a non-negligible blood volume
fraction (34). If vp is ignored for a tissue that contains significant vascular space, the
pharmacokinetic modeling will overestimate Ktrans, leading to erroneous results. Thus, it is
necessary to extend the original Tofts model to include vp, (Eq. [10]). Including vp in the Tofts
model improves its accuracy to estimate Ktrans and and ve in highly vascularized tissues (35).
[10]
This model is frequently referred to as the extended Tofts-Kety (ETK) model.
1.5.3 Reference Region Model
As mentioned above, RR models do not require direct measurement of the AIF, and they
can also be used to estimate Ktrans and ve for a tissue of interest (denoted by Ktrans,TOI and ve,TOI)
as long as the same parameters are known for a RR (Ktrans,RR and ve,RR). The usual selections for
the TOI and RR are the solid tumor and muscle, respectively.
The first published RR model used assumed values of Ktrans,RR and ve,RR along with Ct(t)
of a muscle TOI to directly calculate Cp(t) via Eq. [8]. The resulting Cp(t) time course was then
used to estimate Ktrans,TOI and ve,TOI (Eq. [9]); see panel B of Fig. 1.4. The need to explicitly
characterize the AIF was removed in a new version of this model. This is done by considering
two copies of Eq. [8], one for the RR (Eq.[11]) and one for the TOI (Eq. [12]), which are then
combined to yield an equation that does not require explicit knowledge of Cp(t) (Eq. [13]).
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Fig. 1.5. DCE-MRI of an animal model of MiaPaCa-2 pancreatic cancer. A) An anatomical
image shows the location of the tumor. Dark bands below the tumor were caused by excitation
of orthogonal slices that imaged the renal artery. Images of the renal and femoreal artery are
not shown B) After injecting the agent, a strong change in MRI signal was observed in the
tumor. C) The Arterial Input Function (AIF) from the femoral artery showed less variability
than the renal AIF. D) The parametric map of Ktrans in the tumor.

An advantage of the RR model is that the acquisition process allows for time to be spent on
obtaining images with high spatial resolution and/or high signal-to-noise ratio data. This is
possible because the enhancement kinetics in tissue is much slower than that of the blood
plasma and slower temporal resolution is allowed (36,37). The major disadvantage of the RR
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model is that it reuires an assumption on the values of Ktrans,RR and ve,RR. Thus, if there exists
variability in the assumed values for these constants, the accuracy of the estimated Ktrans,TOI and
ve,TOI parameters will suffer.
1.6 Interpretation of the pharmacokinetic constants derived by DCE-MRI
Regardless of how it is calculated, the physiologic interpretation for Ktrans varies
depending on the balance between capillary permeability (PS) and blood flow (F) in the tissue
under investigation. In high permeability situations (i.e., the flow-limited regime), Ktrans is equal
to:
[14]

where ρ is the tissue density and Hct is the hematocrit. Conversely, in high flow situations (i.e.,
the permeability limited regime) Ktrans is equal to:

[15]

For a third possible scenario, during which the CA flux is limited both by flow and
permeability, Ktrans takes the following form:

[16a]
[16b]
where E is defined as the extraction ratio. PS limited or mixed models likely describe tumors
and other highly vascularized tissues (38). Thus, using medium and large molecular weight CA
agents (MCA, and LCA respectively), for which their extravasation is permeability-limited
provides a more reliable (39) way to measure permeability than using small molecular weight
contrast agents (SCA). However MCA and LCA have not been approved for clinical use yet.
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IN THE MIAPACA-2 FLANK XENOGRAFT MODEL

PUBLICATIONS
Cárdenas-Rodríguez J, Li Y, Galons JP, Cornnell H, Gillies RJ, Pagel MD, Baker AF.
Imaging biomarkers to monitor response to the hypoxia-activated prodrug TH-302 in the
MiaPaCa-2 flank xenograft model. Magnetic Resonance Imaging. 2012. Accepted
PRESENTATIONS AND MEETING ABSTRACTS
1)

Cárdenas-Rodríguez J, Li Y, Galons JP, Cornnell H, Gillies RJ, Pagel, M, Baker A.
Combining DCE-MRI and DW-MRI for evaluating the early response of a hypoxia-activated
chemotherapy. POSTER, Annual Meeting of the International Society of Magnetic Resonance
in Medicine. 2011; Montreal, Canada.
2)
Cárdenas-Rodríguez J, Li Y, Galons JP, Cornnell H, Gillies RJ, Pagel, M, Baker A.
Investigation of 1H and 19F imaging biomarkers to monitor the response to a hypoxia-activated
anticancer drug. POSTER. Era of Hope Meeting 2011; Orlando, FL.

32
2.1 Introduction
Hypoxia, defined as reduced oxygen levels, occurs in 50-60% of locally advanced solid
tumors. It is well established that hypoxia in the local tumor environment contributes to more
aggressive disease due to increased chemotherapy and radiation resistance, decreased
apoptosis, increased glycolysis, angiogenesis and metastasis (1). Pancreatic cancers are among
the most hypoxic of all solid tumors, which may contribute to the dismal 5-year survival rate
for patients estimated at 4-5% (2). One strategy for selectively targeting hypoxic tumor regions
and minimizing systemic exposure is the use of hypoxia-activated prodrugs (HAP) (3). These
drugs are designed to release and/or activate a cytotoxin to kill both the hypoxic tumor cells
and nearby oxygenated cells, termed the “bystander effect".
TH-302 (Threshold Pharmaceuticals, Redwood City CA) is a second generation tumorselective HAP comprised of a 2-nitroimidazole hypoxia trigger linked to a dibromo
isophosphoramide mustard toxin that induces DNA cross linking (3). TH-302 is selectively
activated only under extreme hypoxic conditions, which improves its selectivity for tumor
tissue and avoids toxicity in normal tissues (5,6). The activation of TH-302 both in vitro and in
vivo results in dose-dependent cytotoxicity mediated primarily by induction of apoptosis (via
caspase-3, -8, and -9), inhibition of the cell cycle through down-regulation of cyclins (D1/2/3,
CDK4/6, p21cip-1, p27kip-1, and pRb), and decreased expression of pro-angiogenic factors (HIF1α and VEGF-A) [5]. In nude mice bearing pancreatic MiaPaCa-2 orthotopic tumors,
administration of TH-302 alone and in combination with gemcitabine resulted in enhanced
survival times. Early Phase I/II clinical studies investigating TH-302 alone and in combination
with gemcitabine have demonstrated acceptable safety and encouraging signs of clinical benefit
in patients with pancreatic tumors (7). Currently, a Phase 2 clinical trial of TH-302 combined
with gemcitabine is being conducted in patients with metastatic pancreatic cancer to investigate
clinical efficacy (NCT01144455).
In order to individualize the clinical use of TH-302, identification of biomarkers to
predict and monitor early response to therapy is needed. The anti-tumor activity of TH-302 is
influenced by the efficacy of drug delivery to the tumor which depends on vessel patency,
amount of tumor hypoxia and related intracellular reductases necessary to activate the prodrug,
and the molecular context of the tumor including DNA repair capacity. The use of hypoxia
biomarkers to predict response has been limited by sampling bias and biomarker stability
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caused by the heterogeneous and cyclic nature of oxygen gradients in tumors. Additionally the
investigation of predictive and response biomarkers in pancreatic cancer is further complicated
by the difficulty of obtaining primary tumor tissue samples (8). A promising alternative is the
use of biomedical imaging techniques to interrogate disease phenotypes and monitor response
to therapy. Most imaging modalities are non-invasive and can be performed longitudinally to
provide pharmacodynamic information before, during, and after therapy. Magnetic resonance
imaging (MRI) is particularly appropriate for this interrogation of therapy response in tumor
tissues, because MRI is sensitive to many physiological characteristics of soft tumor tissues (9).
To investigate the value of non-invasive imaging for assessing the early response to TH302, we monitored changes induced by TH-302 using MiaPaCa-2 flank xenograft tumors with
Dynamic Contrast Enhanced Magnetic Resonance Imaging (DCE-MRI). This imaging method
is used to obtain a semi-quantitative assessment of decreases in tumor vascular permeability
and/or perfusion in pre-clinical studies of anti-vascular and anti-angiogenic chemotherapies by
analyzing decreases in the pharmacokinetic transport rate constant (Ktrans) of a MRI tracer agent
(10). Some DCE-MRI studies have measured a significant decrease in Ktrans as early as one day
after initiating chemotherapy, which occurs well before changes in therapy-induced vascular
remodeling or tumor size can be detected (11,12). We also collected diffusion-weighted MRI
(DW-MRI) data during the same imaging study of TH-302. This imaging modality measures
the Apparent Diffusion Coefficient (ADC) of water, which is sensitive to spatial barriers such
as cell membrane, providing a qualitative assessment of changes in cell density and/or
membrane integrity (13). Some pre-clinical DW-MRI studies have detected an early response
to cytotoxic chemotherapies before necrosis or changes in tumor size were detected (14). Both
of these MRI methods are employed in a clinical setting, thus, positive results from our preclinical MRI studies may be used to support the development of clinical trials.
2.2 Materials and Methods
2.2.1 Cell Culture
The MiaPaCa-2 cells were obtained from the ATCC and maintained in the DMEM
culture media supplemented with 10% fetal bovine serum (FBS), 500 U/mL penicillin, and
5000 U/mL streptomycin. To verify cell line authenticity, genomic DNA was extracted (using a
kit purchased from Sigma GIN70-KT) and diluted appropriately in TE, and submitted to the
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UA Genomics Core (Human Origins Gentoyping Lab) for analysis. Autosomal short tandem
repeat (STR) typing was conducted across the 13 core STRs in CODIS and referenced against
allelic peaks in cell lines of previously confirmed genotype. Cells were tested for mycoplasma
contamination on a quarterly basis using the MycoAlert mycoplasma detection assay kit from
Lonza (Basal, Switzerland) and found to be negative. All cells were grown in 5% CO2 at 37°C
in a humidified tissue culture incubator.
2.2.3 Flank MiaPaCa-2 Xenograft Model
Female SCID mice were housed and maintained under specific pathogen-free conditions
in accordance with the guidelines of the American Association for Laboratory Animal Care. All
experiments met the current regulations and standards of the U.S. Department of Agriculture,
the U.S. Department of Health and Human Services, the National Institutes of Health, and the
University of Arizona Animal Care Facility. All the experiments were conducted by the
Arizona Cancer Center Experimental Mouse Shared Service. For each mouse, 10x106 cells
were injected subcutaneously in 0.1 mL saline in the right flank. Mice were weighed and
tumors were measured every 2-3 days using electronic calipers. Tumor volume was calculated
using the formula: tumor volume = (dlong × dshort2/2). Mice were sacrificed when tumors reached
2000 mm3.
2.2.4 Immunohistochemistry
Control MiaPaCa-2 flank xenograft tumors were injected with 60 mg/kg pimonidazole 2
hours prior to sacrifice. After sacrifice, tumors were excised and immediately fixed in 10%
PBS buffered formalin. Tissues were transferred to 70% ethanol within 24 hours and then
embedded in paraffin within 3 days. Hematoxylin and eosin (H&E) stains were performed on
three micron sections of tissue cut from the formalin fixed, paraffin embedded (FFPE) blocks.
Immunohistochemistry (IHC) was performed using carbonic anhydrase-IX (CAIX) rabbit
monoclonal antibody (Abcam, Inc., #ab15086) diluted 1:500, vascular endothelial growth
factor-A (VEGF-A) mouse monoclonal antibody (Santa Cruz Biotech #sc-7269) diluted 1:70,
and anti-pimonidazole mouse monoclonal antibody (MAb1, clone 4.3.11.3, Hyoxyprobe Inc,
Burlington, MA) diluted 1:50. The anti-pimonidazole antibody is directed against the covalent
adducts formed between the activated intermediate of pimonidazole (Hypoxyprobe™-1) and
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sulphydryl groups in proteins, peptides and amino acids. Tissue sections were stained on a
Discovery XT Automated Immunostainer (Ventana Medical Systems, Inc, Tucson, Arizona).
All steps were performed with this instrument using VMSI validated reagents, including
deparaffinization, cell conditioning (antigen retrieval with a borate-EDTA buffer), primary
antibody staining, detection and amplification using a a biotinylated-streptavidin-HRP and
Diaminobenzidine (DAB) system and hematoxylin counterstaining. VEGF-A was detected
using a goat anti-rabbit secondary antibody and an UltraMap DAB detection kit (VMSI). CAIX
was detected using an anti-rabbit HRP kit, and pimonidazole adducts detected using an antimouse HRP kit. Following staining on the instrument, slides were dehydrated through graded
alcohols to xylene and cover slipped with mounting medium (Richard Allan #4112). Images
were captured using a Paxcam 3 camera with PAX-it Digital Image Management & Image
Analysis. Images were standardized for light intensity. One pathologist evaluated each case
using a semi-quantitative histological scoring method as previously described (15). Briefly,
staining intensity for neoplastic cells was scored as: 0 negative, 1 weak, 2 moderate, and
intense. In addition, the percentage of positive neoplastic cells was evaluated. The overall
scores were calculated by multiplying the intensity by the corresponding percentage of positive
cells, resulting in a values ranging from 0 to 300.
2.2.5 Magnetic Resonance Imaging
A total of thirteen mice underwent MRI studies, among which seven mice were treated
with TH-302 and six mice were treated with vehicle as a control. Tumors were allowed to grow
for 22-23 days to an average volume of 250 mm3 before initiating MRI studies. Mice were
treated with TH-302 (50 mg/kg qd x 5 days/week x 2 weeks, i.p.) or vehicle control. The mice
did not show signs of physiological distress, or significant weight loss in response to therapy,
vehicle treatments, or imaging procedures.
MRI was performed one day prior to starting therapy (Day -1), one day after starting
therapy (Day 1) and 10 days after starting therapy (Day 10). To perform each MRI study, a
mouse was anesthetized with 1.5-2% isoflurane. A 100% O2 carrier gas was used for
anesthetization to offset pCO2 build-up during hypoventilation. A 27 G catheter was inserted in
the tail vein and physiological monitoring leads were connected to monitor respiration rate and
core body temperature during the MRI session. The mouse was kept at 37.0 ± 0.2°C during the
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MRI studies using warmed air that is controlled by an automated temperature-feedback system
(SA Instruments, Inc.). Each MRI scan session required about 1.25 hours to complete. At the
end of the MRI scan session, the mouse was allowed to recover from the gas anesthesia.
DCE-MRI studies were conducted by acquiring a set of 3 contiguous axial image slices
through the xenograft flank tumor, 5 coronal image slices through the renal artery and 3 axial
image slices through the femoral artery. The orientation of these image slices were determined
by acquiring T2-weighted MR images with a RARE MRI protocol that used the following
parameters: 1.0 sec. TR; 8.2 msec. TE; 0.5 mm slice thickness; 128x128 data matrix; 3.5x3.5
cm field of view; 273x273 mm in-plane resolution; 1 average; a RARE factor of 4. The
imaging of the renal and femoral arteries acquired an Arterial Input Function (AIF) in order to
measure the concentration of a contrast agent in the blood stream. A parametric map of
endogenous T1 relaxation time was obtained by acquiring a series of T1-weighted MR images
using the same slice geometry and a RARE MRI protocol with the following parameters: 0.375,
0.75, 1.5, 3.0, and 6.0 sec. TR; 9.07 msec. TE; 1 average; a RARE factor of 2. Finally, to
acquire a dynamic series of MR images for DCE-MRI analysis, a RARE MRI protocol was
used with the same slice geometry and the following parameters: 250 msec. TR; 8.2 msec. TE;
2 averages; a RARE factor of 2. A total of 65 image sets were acquired for a total acquisition
time of 34.66 min. and a temporal resolution of 32 sec./image. After the fifth image set was
acquired, 0.2 mmol/kg Gd-DTPA (Magnevist, Bayer Healthcare Inc.) was injected through
the tail vein catheter in a total volume of 0.25 mL during 60 sec. Using a customized program
wrote in Matlab (Mathworks, Inc.), DCE-MRI results were analyzed using a general kinetic
model as described by Tofts et al. (16) to obtain the fractional plasma volume (ve) of the tumor
trans

and the volume transfer constant K

.

Diffusion-Weighted (DW) MRI studies were conducted using a diffusion-weighted radial
echo pulse sequence to measure the Apparent Diffusion Coefficient (ADC). The following
parameters were used: 1000 msec. TR; 40 msec. TE; 1.5 mm slice thickness; 128x202 data
matrix; 5.12x5.12 cm field of view; 400x253 µm in-plane resolution; 1 average; 25, 450, and
750 s/mm2 b-values; 20.2 min. total acquisition time. To account for the potential anisotropic
nature of tumor tissue, the direction of the diffusion-weighting gradients was continuously
iterated along the read, phase and slice directions. Hence, the resulting images were
isotropically diffusion-weighted (18). DW-MRI results were processed using ParaVision 5.0
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(Bruker Biospin, Inc.). ADC maps were obtained by fitting the signal intensity to a
monoexponential decay over the b value range (25, 450, 750 s/mm2).
2.2.6 Statistical Analysis
The tumor growth rate for each mouse was estimated by fitting a least square linear
regression of the cube root of tumor volume over time. The cube root of observed tumor
volume was used to induce linearity in the data. A two-sample t-test was employed to test for
treatment effects. All parametric maps were tested for normality using a Lilliefors test, because
none of them was normal at the 95% confidence level, the median of all the pixels in the
regions of interest of each parametric map were used to summarize the data. The effect of
therapy on the parametric maps was studied using a Kruskal-Wallis test when more than two
groups were compared and a Wilcoxon Rank-Sum test when only two groups were compared.
All statistical tests were performed at the 95% confidence level as implemented in Matlab
(MathWorks, Natick, MA) or Excel (MicroSoft Corp, Redmond,WA)
2.3 Results
2.Evidence for tumor hypoxia in pancreatic xenograft tumor models
A standard hematoxylin and eosin stain was performed to verify cellular architecture and
viability (Fig. 2.1A). Using immunohistochemistry, we detected high expression of CAIX in
the MiaPaCa-2 tumor xenograft (Fig. 2.1B). CAIX is partially regulated via hypoxia inducible
transcription factor-1 alpha (HIF-1α), and is used as an endogenous molecular biomarker of
tumor hypoxia (8). One of the consequences of tumor hypoxia is increased angiogenesis,
partially through upregulation of VEGF-A. Thus we used immunohistochemistry to investigate
the expression of VEGF-A in the MiaPaCa-2 xenograft model (Fig. 2.1C). VEGF-A staining
was predominantly cytoplasmic throughout the tumor (Fig. 2.1A. The VEGF-A staining had a
high average staining score of 103 in vehicle treated tumors (N=3). To determine whether
VEGF-A expression was associated with tumor hypoxia, we assessed hypoxia in the MiaPaCa2 xenograft using a chemical probe, pimonidazole (Hypoxyprobe™-1). This probe is activated
in hypoxic regions and forms adducts that can be detected using an anti-pimonidazole antibody
by IHC (19). The MiaPaCa-2 tumors showed marked regions of anti-pimonidazole staining
(Fig. 2.1D), and these hypoxic regions qualitatively correlated with regions that showed higher
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VEGF-A expression. These results suggest that VEGF-A is constitutively expressed in
MiaPaCa-2 tumors, but may also be upregulated in response to hypoxia.

Fig. 2.1 Immunohistochemical staining. A) hematoxylin and eosin (H&E), B) Carbonic
Anhydrase IX (CAIX), C) Vascular endothelial growth factor A (VEGF-A), and D)
pimonidazole adducts, which is a biomarker for hypoxia, in MiaPaCa-2 xenograft tumor tissue.
2.3.2 Therapeutic activity of TH-302 in MiaPaCa-2 Flank Xenograft Tumors
TH-302 is in Phase II clinical trials for the treatment of pancreatic cancer. Our
investigation showed significant growth delay during the post-treatment period in the
MiaPaCa-2 flank xenograft model treated with TH-302 as a monotherapy (p=0.0008 vs.
vehicle) (Fig. 2.2). Interestingly, median growth rates between vehicle control and TH-302
treatment groups were not significantly different (p>0.2) throughout the treatment period, but
diverged at the end of the treatment cycles.
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Fig. 2.2 Effect of treatment with TH-302 on MiaPaCa-2 flank xenograft tumor model. The
arrows indicate the beginning and end of the treatment regimen, and the errors bars show the
standard error of the mean (Control, N=10 and TH-302, N=9).
2.3.3 Dynamic Contrast Enhanced-MRI (DCE-MRI)
Initial T2-weighted MR images were used to identify the location of the tumor. These
images showed that the tumor tissue was uniform, without a "rim and core" that has been
observed in other xenograft tumors (Fig. 2.3A), which may be due to their small size at the time
of imaging. A strong 3-fold signal change was observed in the tumor after injecting the contrast
agent for DCE-MRI scan sessions, followed by a return to baseline signal levels within ~35
minutes (Fig. 2.3B). A signal change was not observed during two DCE-MRI scan sessions,
which was attributed to non-patent catheter as evidenced by high back-pressure during
injection. A 95% success rate (37 patent catheters, 39 total catheterizations) is typical for our
DCE-MRI methodology. The DCE-MRI data were used to calculate Ktrans on a pixel-wise basis
for one image slice of the tumor tissue (Fig. 2.3D). Similar to T2-weighted MR images, the
parametric maps of Ktrans did not show evidence of a "rim and core" within the tumor.
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The high quality of these Ktrans measurements was facilitated by using an AIF derived
from a femoral artery that had excellent signal-to-noise because the leg was immobilized to
eliminate motion artifacts (Fig. 2.3C). For comparison, Ktrans was also measured using an AIF
derived from the renal artery, but abdominal motion affected this AIF in most MRI studies,
which reduced the precision of the Ktrans measurements. The small size of these arteries
exacerbated problems caused by motion. Furthermore, the identification of the femoral artery
was facilitated by positioning the leg to be perpendicular to the axial image orientation, while
the renal artery was more difficult to identify due to its oblique and more variable orientation.

Fig. 2.3 The effect of TH-302 therapy on Ktrans measured with DCE-MRI. A) An anatomical
image shows the location of the tumor. Dark bands below the tumor were caused by excitation
of orthogonal slices that imaged the renal artery. B) After injecting the agent, a strong change
in MRI signal was observed in the tumor. C) The Arterial Input Function (AIF) from the
femoral artery showed less variability than the renal AIF. D) The parametric map of Ktrans
values showed good spatial homogeneity.
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The median of the pixel-wise Ktrans values decreased 44.3% from Day -1 to Day 1 for
TH-302-treated mice, and then increased by 121.7% on Day 10 relative to "baseline" Day -1
(Fig. 2.4). This same measurement increased 52.1% from Day -1 to Day 1 for vehicle-treated
mice, and then increased 220.1% on Day 10 relative to Day -1. Each of these temporal changes
within each treatment group was statistically significant (p < 0.05). In addition, the TH-302treated and vehicle-treated groups showed a statistically significant difference on Day 1
(p<.01), but not on Day -1 or Day 10 (p > 0.10 and p >0.5 respectively).

Fig. 2.4 The effect of treatment on vascular permeability (Ktrans). The average Ktrans of the
tumor was measured with Dynamic Contrast Enhancement MRI. Error bars represent the
standard deviation of cohorts of 5 to 7 mice. Statistically significant differences relative to the
same cohort at Day -1 are indicated by asterisks (*, p< 0.05; **, p< 0.01). A) The median value
of Ktrans and B) the relative changes in median Ktrans values showed that TH-302 caused a
significant decrease in Ktrans relative to vehicle after one day of treatment, but not after eight
days of treatment.
2.3.4 Diffusion Weighted-MRI (DW-MRI)
The DW-MRI results were used to calculate the ADC on a pixel-wise basis for the same
image slice of the tumor tissue that was used for DCE-MRI analyses (Fig. 2.5). Similar to the
Ktrans results, the ADC parametric maps showed no evidence for a "rim and core" within the
tumor, and instead showed a uniform spatial distribution throughout each tumor (Fig. 2.5A).
The median of the pixel-wise ADC values showed no statistically significant difference
between Days -1, 1, and 10 for each treatment group (p >0.6 control group and p>0.23 for TH302 group), and also showed no difference (p>0.68) between treatment groups regardless of the
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treatment day (Fig. 2.5B). Standard deviations of these average ADC values within each
treatment group on each day were 5-13%, which demonstrated good measurement consistency.

Fig. 2.5 The effect of TH-302 therapy on ADC measured with DW-MRI. A) The parametric
map of ADC values showed good spatial homogeneity, especially relative to the torso. The
anatomical image that corresponds to this ADC map is shown in Figure 2A. B) The median
ADC did not change following TH-302 therapy. Error bars represent the standard deviation of
each cohort. All median ADC values were statistically equivalent (p> 0.05).
2.4 Discussion
TH-302 treatment was associated with a delayed but significant decrease in tumor growth
rate in the MiaPaCa-2 flank xenograft model. These results suggest that selectively targeting
the hypoxic tumor cell fraction, even if that fraction is small, results in a decreased growth rate
compared to control tumors. These results are similar to the reported effect of TH-302
treatment on tumor growth rate in a MiaPaCa-2 orthotopic tumor model (4).
Our studies focused on the investigation of two MRI techniques to monitor the early
response to TH-302 therapy, including DCE-MRI, and Diffusion Weighted-MRI. DCE-MRI
results indicated that TH-302 caused a substantial decrease in tumor vascular permeability
and/or perfusion within one day after starting treatment, which preceded changes in tumor
growth that occurred after the treatment period ends. (Fig. 2.4E). This reduction could be due to
selective targeting of the hypoxic tumor fraction resulting in a decrease in hypoxia-mediated
VEGF-A production, which has been shown to be correlated with changes in Ktrans (19).
Interestingly, Ktrans was not significantly decreased after 10 days of TH-302 treatment. This
could be a consequence of compensatory mechanisms regulating permeability & perfusion
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factors including VEGF-A. Future studies should investigate additional xenograft tumor
models, and measure how the decrease in Ktrans is sustained between the first and tenth day after
initiating TH-302 treatment.
DW-MRI was investigated because it indirectly assesses changes in cell membrane
integrity. TH-302 is activated to become an alkylating agent that induces caspase-mediated
apoptosis and necrosis. No difference in the ADC was observed between the control and
therapy groups or within each group on different days (Fig. 2.5B). Additionally, a difference in
tumor growth rate was not detected during the treatment period, but the tumors of mice in the
control group grew faster after the last day of therapy and reached 2000 mm3 about 40 days
before the TH-302 group.
DW-MRI has previously been applied to assess the response to therapy of an orthotopic
model of pancreatic cancer (20). Orthotopic models of MiaPaCa-2 pancreatic cancer were
treated with gemcitabine, an antibody therapy that targets death receptor 5, or a combination of
gemcitabine and the antibody therapy. The antibody therapy and combination therapy caused
an increase in ADC and a decrease in tumor volume, but gemcitabine did not induce changes.
Only tumors with apoptotic cell densities greater than 20% showed a significant increment in
ADC, which suggests that a minimum number of cells must be killed before changes in
cellularity and/or cell density become apparent by DW-MRI. Therefore, one interpretation of
the results of our study is that DW-MRI is insufficient to detect the level of selective cell
killing caused by TH-302 in the hypoxic regions of the tumor. To further investigate the
sensitivity of DW-MRI for cell killing, future studies should conduct DW-MRI evaluations
between the first and tenth day after initiating TH-302 treatment, and after tumor growth shows
a change in response to TH-302. Because TH-302 and gemcitabine combination therapy are
being investigated in early phase I/II clinical trials with pancreatic cancer patients, a future
study should also conduct DCE-MRI and DW-MRI evaluations with this combination therapy
with a pre-clinical model (7,20).
Other studies have compared the utility of DCE-MRI and DW-MRI for assessing
treatment response in pre-clinical cancer models. For example, studies investigating PX-478, an
investigational HIF-1α targeting agent, induced a dramatic reduction in tumor blood vessel
permeability and/or perfusion within two hours after treatment, while tumor cellularity
significantly decreased 24 and 36 hours after treatment, as measured with DCE-MRI and DW-
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MRI, respectively (21). These results showed a rapid effect from the chemotherapy, which
supports the assertion that a significant therapeutic effect is needed before DW-MRI can detect
a change in the tumor. Furthermore, the changes observed with DCE-MRI after administering
the HIF-1α-targeted therapy were temporary, which is consistent with our study and suggests
that DCE-MRI may have best utility as an early response biomarker relative to longer-term
assessments of therapeutic effects. Finally, other studies have compared the utility of DCEMRI and DW-MRI for assessing treatment response in patients, which demonstrates that our
study with a pre-clinical model can be translated to the clinic (22,23).
In conclusion, TH-302 is a promising therapeutic strategy for the treatment of pancreatic
cancer. Our studies suggest that DCE-MRI may have potential as a response biomarker for TH302 therapy even when DW-MRI is not able to detect early changes in tumor physiology.
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3.1 Introduction
Dynamic contrast enhanced MRI (DCE-MRI) involves the serial acquisition of MR
images before, during and after the injection of a paramagnetic contrast agent (CA) that
changes the T1 relaxation of extracellular water. A concentration-activity curve for a tissue of
interest (TOI) is calculated by correlating the dynamic changes in signal amplitude with
changes in the tissue’s T1 relaxation time caused by the extravasation of the CA. These
experimental curves are analyzed by fitting them to an appropriate pharmacokinetic model to
estimate physiological parameters, such as perfusion, permeability, and extracellular volume
fraction (1,2). DCE-MRI has been used to assess the response to anti-angiogenic therapies in
clinical and preclinical settings, and has shown some promise for differentiating malignant
tumors from benign tumors (3,4).
A typical analysis of DCE-MRI data using the Tofts model or variations of this model
require knowledge of the concentration of the CA in the blood plasma (5-9) also known as the
arterial input function (AIF), or its indirect estimation by others means (10). However,
obtaining a reliable AIF is one of the major technical challenges in DCE-MRI (11,12). In
addition, the Tofts model and its variations typically require a temporal sampling of ≤ 5
seconds/image to accurately estimate the model parameters (13). These difficulties have been
overcome by using Reference Region Models (RRM), which use the concentration curve in a
reference region (RR) as a surrogate for the AIF (14,15). These new models for DCE-MRI also
relax the requirements for fast temporal resolution to ≤ 30-40 seconds/image (16,17).
The RRM are used to estimate the volume transfer constant and extravascular
extracellular volume fraction of the TOI, known as Ktrans,TOI, and ve,TOI respectively, which
requires previous knowledge or assumption of Ktrans and ve of the reference region (Ktrans,RR and
ve,RR). This is the main limitation of the RRM because it may introduce a systematic error in the
estimated parameters when erroneous values for Ktrans,RR and ve,RR are used. As another
limitation of the RRM, a Non-linear Least Squares (NLSQ) algorithm is used to estimate
Ktrans,TOI and ve,TOI by fitting experimental concentration curves to RRM. NLSQ fittings perform
poorly under low SNR conditions that are typical in clinical DCE-MRI studies (18).
Additionally, results from NLSQ fittings of the Tofts model and RRM are highly dependent on
the initial estimates of the constants to be calculated (19,20). We refer to the NLSQ RRM as
NRRM. Because tumors are heterogeneous, the initial estimates may not apply to all regions of
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the tumor, which may lead to inaccurate fittings. Finally, the time required to obtain a
parametric map through voxel-wise calculations that use a NLSQ algorithm can often exceed
one hour, which is impractical for most radiology clinics.
These limitations of RRM may be overcome by formulating the RR model in terms of
ratios of Ktrans,TOI to Ktrans,RR (known as RKtrans), Ktrans,TOI to ve,TOI (known as kep,TOI) and Ktrans,RR
to ve,RR (known as kep,RR) (20). This may reduce the model’s systematic error due to incorrect
assignments of Ktrans,TOI and ve,TOI because a model reporting relative values requires no
assignments of the RR, but still requires an initial estimate for RKtrans if the NRRM is used.
However if RKtrans, kep,TOI, and kep,RR are calculated using a Linear Least Squares (LLSQ) fitting
algorithm, then an initial estimate of these parameters is not required (21,22). LLSQ algorithms
have shown better performance for typical DCE-MRI analysis with the Tofts model than NLSQ
under low SNR and slow temporal resolution (23). Additionally, LLSQ algorithms typically
produce parametric maps within seconds, which can greatly facilitate the practical use of these
algorithms.
In this report, we present the derivation of a linear reference region model (LRRM) for
DCE-MRI that relates the activity curves of TOI and RR in terms of RKtrans, kep,TOI and kep,TOI,
and that can be fitted using LLSQ. We used computer simulations to compare the accuracy and
precision of the LRRM and NRRM as a function of injection speed, temporal resolution and
SNR. We also evaluated experimental DCE-MRI results of a mouse model of mammary
carcinoma to compare the performance of the LRRM to the standard NRRM under practical
conditions. The results of these comparisons are also presented.
3.2 Theory
In this work we employ the notation and symbolic conventions described by Tofts et al.
(24) and Yankeelov et al. (15). According to the generalized kinetic model for DCE-MRI, the
differential equation that describes the pharmacokinetic behavior of a contrast agent (CA)
within a voxel is:

dCTOI (t)
K trans,TOI
trans,TOI
=K
⋅ C p (t) −
⋅ CTOI (t)
dt
ve,TOI

[1a]

dCTOI (t)
= K trans,TOI ⋅ C p (t) − kep,TOI ⋅ CTOI (t)
dt

[1b]
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where Cp(t) and CTOI(t) are the concentrations of the CA at time t in plasma and the tissue of
interest (TOI), respectively; Ktrans,TOI is the transfer constant (min.-1) between plasma and the
Extravascular Extracellular Space (EES) of the TOI, while kep,TOI is the rate constant (min.-1)
between EES of the TOI and plasma, which is also equal to Ktrans,TOI divided by ve,TOI (the
extravascular-extracellular fractional volume of TOI). As previously described (15), the
dependence of Eq. [1] on Cp(t) can be eliminated by using a second tissue (a reference region)
as a surrogate for the arterial input function (AIF) in the TOI. This additional tissue is described
by Eq. [2]:
dC RR (t)
= K trans, RR ⋅ C p (t) − kep, RR ⋅ C RR (t)
dt

[2]

where CRR(t) is the concentration of the CA in the reference region (RR) at time t, Ktrans,RR is the
transfer constant for RR, and kep,TOI is the rate constant for RR. Assuming that Cp(t) is the same
for both tissues, it is possible to solve Eq. [2] for Cp(t) yielding:

C p (t) =

1
K

trans,RR

⋅

dC RR (t)
1
+
⋅C RR (t)
dt
ve,RR

[3]

substituting Eq. [3] into Eq. [1b] eliminates the dependence of Eq. [2] on Cp(t) and yields Eq.
[4]:

dCTOI (t) K trans,TOI dC RR (t) K trans,TOI
= trans, RR ⋅
+
⋅ C RR (t) − kep,TOI ⋅ CTOI (t)
dt
K
dt
ve, RR

[4]

As previously reported (15), the solution to Eq. [4] is:
T

CTOI (T ) =

K trans,TOI
K trans,TOI
−k
⋅(T −t )
⋅C
(T
)
+
⋅ #k
− kep,TOI %& ⋅ ∫ C RR (t)⋅ e( ep ,TOI )
dt
RR
trans,RR
trans,RR $ ep,RR
K
K
0

[5]

Equation 5 is the original reference region model for DCE-MRI developed by Yankeelov et al.
(15), and it can be used to estimate the relative transfer constant of TOI compared to RR (RKtrans
= Ktrans,TOI / Ktrans,RR ). We refer to the standard NLSQ fitting of Eq. [5] as the Non-linear
Reference Region Model (NRRM). An alternative is to derive a Linear Reference Region
Model (LRRM) and use a LLSQ algorithm to calculate RKtrans. The LRRM can be derived by
integrating both sides of Eq. [4] and assuming that the initial concentration of the CA in both
tissues is equal to zero to obtain Eq. [6]:
T

CTOI (T ) = R

Ktrans

T

K trans,TOI
⋅ C RR (T ) +
⋅ ∫ C RR (t)dt − kep,TOI ⋅ ∫ CTOI (t)dt
ve, RR
0
0

[6]
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Expressed in matrix form, Eq. [6] is equal to:

r r r
A = M ⋅b

[7]

where

! C RR (T1)
r ## C RR (T 2)
A=
#
M
#
" C RR (Tn)

! R Ktrans
$
#
&
trans,TOI
r
& ; b= # K
#
ve, RR
&
#
&
#" kep,TOI
%

!
# C RR (T1)
#
#
$
#
&
r
# C RR (T 2)
&
;
M
=
#
&
#
&
#
&%
#
#
# C RR (Tn)
"

T1
$
− ∫ CTOI (t)dt &
&
0
0
&
T1
T1
&
C
(t)dt
−
C
(t)dt
&
RR
TOI
∫0
∫0
&
&
M
M
&
&
T1
T1
&
∫0 CRR (t)dt − ∫0 CTOI (t)dt &
%
T1

∫ CRR (t)dt

If the elements of columns two and three of vector
integration, Eq. [7] can be solved for the elements of

[8]

are approximated by numerical

using conventional LLSQ.

CTOI(T) and CRR(T) are not measured directly in a DCE-MRI experiment, and instead the
change in the longitudinal relaxation rate (ΔR1) of each tissue is transformed to concentration
via Eqs. [9] and[10]:

ΔR1,TOI = R1,TOI (t) − R1,TOI (0) = r1 ⋅ CTOI

[9]

ΔR1, RR = R1, RR (t) − R1, RR (0) = r1 ⋅ C RR

[10]

where

is the CA longitudinal relaxivity (mM-1s-1), and R1,TOI(0) and R1,RR(0) are the R1 of

TOI and RR before injection of the CA. The working equations for the NRRM (Eq. [11]) and
LRRM (Eq. [12]) can be obtained by solving for the concentration of each tissue in Eqs. [9]
and [10], substituting into Eqs. [5] and [6], and multiplying by

to obtain:

T

ΔR1,TOI (T ) = R

Ktrans

⋅ ΔR1, RR (T ) + R

Ktrans

−k
⋅(T −t )
$% kep, RR − kep,TOI &' ⋅ ∫ ΔR1, RR (t) ⋅ e( ep,TOI )
dt

[11]

0

T

ΔR1,TOI (T ) = R Ktrans ⋅ ΔR1, RR (T ) +

T

K trans,TOI
⋅ ∫ ΔR1, RR (t)dt − kep,TOI ⋅ ∫ ΔR1,TOI (t)dt
ve, RR
0
0

[12]
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Eq. [11] is the non-linear reference region model (NRRM), that is fitted to the ΔR1 of each
tissue using a NLSQ method. A LLSQ method is used for fitting Eq. [12] that represents the
linear reference region model, LRRM.
3.3 Methods
3.Simulations
Computer simulations were used to study the effect of injection speed, temporal
resolution, a wide range pharmacokinetic constants, and statistical noise on the accuracy and
precision of LRRM and NRRM to estimate RKtrans and kep,TOI First, three AIFs with three
different injection speeds were simulated using Eq [13]:

C p (t) = A ⋅ t B ⋅ e( −t ⋅C ) + D ⋅ #$1 − e( −t ⋅E ) %& ⋅ e( −t ⋅F )

[13]

and the following parameters for each speed: A) Fast 10-sec. injection speed, A=30.0 mM,
B=1.0, C=4.00 min.-1, D=0.65 mM, E=5.0 min.-1, F=0.04 min.-1; B) Moderate 40-sec. injection
speed, A=120.0 mM, B=3.0, C=4.34 min.-1, D=0.80 mM, E=1.0 min.-1, F=0.07 min.-1; C) Slow
80-sec. injection speed, A=55.0 mM, B=5.5, C=3.98 min.-1, D=0.80 mM, E=1.0 min.-1, F=0.07
min.-1 (13). All the AIFs were calculated from t=0 to t= 35 min. at a temporal resolution of 1.0
second. A series of CTOI(t) and CRR(t) curves were then calculated using each AIF and Eq. [14]:
T

Ct (T ) = K

trans

∫C

p

# − kep ⋅(T −t ) %&

(t) ⋅ e$

dt

[14]

0

with Ktrans=0.25 min.-1 and kep=0.62 min.-1 for the TOI curve, and Ktrans=0.10 min.-1 and
kep=1.00 min.-1 for the RR curve (Fig. 3.1). The values assigned for the TOI are characteristic
of various human tumors (25), while the RR values are reasonable for muscle tissue (26). Two
sources of systematic error (no noise added) were explored. First, all the AIFs, CTOI(t) and
CRR(t) were down sampled from their initial temporal resolution (Δt) of one second to Δt=60
sec. in intervals of 1 sec; all parameters were calculated at each new Δt. Second the effect of
extreme pharmacokinetic constants was studied by estimating RKtrans and kep,TOI using LRRM
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and NRRM under the following conditions: Ktrans,TOI was changed from 0.1 to 0.7 min.-1 in
steps of 5x10-3 min.-1, and ve,TOI was changed from 0.10 to 0.7 (mL/mL) in steps of 5x10-3
(mL/mL) while Ktrans,RR and kep,TOI were fixed at 0.1 and 1.0 min.-1 respectively.

Fig. 3.1. The simulated activity curves for the simulations of RAM.
A) Three arterial input functions (AIFs) were simulated using Eq. [13], which represent the
consequences of fast, moderate, and slow injection speeds. B) The pharmacokinetics of a
contrast agent in the Tissue of Interest (TOI) were determined using each AIF and kinetics that
are characteristic of a solid tumor (Ktrans=0.25 min-1 and ve=0.40 (mL/mL). C) The
pharmacokinetics of a contrast agent in the Reference Region were determined using each AIF
and kinetics that are characteristic of muscle (Ktrans=0.10 min-1 and ve=0.10 (mL/mL). Each
curve was calculated using intervals of 1 second from 0 to 35 minutes, but only the first 5
minutes are shown.
The AIF with the best performance in the systematic error analysis was used to study the
combined effect of signal-to-noise ratio (SNR) and temporal resolution (Δt) on the accuracy
and precision of LRRM and NRRM. First, all curves were recalculated at Δt=1, 10, 30, and 60
sec. Second, Gaussian noise was added to produce SNRs from 5 to 50. The SNR was defined as
SNR=Smax/σ, where Smax represents the maximum signal of each curve and σ is the standard
deviation of the noise (SD). Third, each simulation was repeated 1000 times for each condition
of SNR and Δt. The accuracy of parameters estimation was evaluated in terms of the mean
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percentage error (Eq. [15]), and the precision was evaluated using the standard deviation of the
percentage error (Eq. [16]):
µerror = 100 ⋅

σ error = 100 ⋅

+
1( N #
%
P̂
−
P
/
P
∑
ij
i
i
*
&-,
N ) j=1 $

(

)

1 N
∑ P̂ij − µerror
N j =1

(

)

2

[15]

[16]

where P̂ij is the estimated value of the jth data of the ith parameter, Pi is the true value of the ith
parameter, and N is the number of data points (1000 for this study).
3.3.2 Mouse Model
A female SCID mouse weighting 21 g was housed and maintained under specific
pathogen-free conditions in accordance with the guidelines of the American Association for
Laboratory Animal Care. All experiments met the current regulations and standards of the U.S.
Department of Agriculture, the U.S. Department of Health and Human Services, the National
Institutes of Health, and the University of Arizona Animal Care Facility. The mouse was
injected subcutaneously in the right flank with 10x106 MDA-231 cells in 0.1 mL of saline. The
tumor was measured every 2 to 3 days using electronic calipers and allowed to grow for 22
days to a volume of 250 mm3 before initiating MRI studies.
3.3.3 DCE-MRI protocol
The mouse was scanned 22 days after tumor implantation using a Bruker Biospec 7.0 T
scanner that was equipped with a 72 mm birdcage coil (Bruker Biospin, Inc.). Before the
imaging scan, the mouse was anesthetized with 1.5-2% isoflurane in O2 carrier gas, a 27 G
catheter was inserted in the tail vein and physiological monitoring leads were connected to
monitor respiration rate and core body temperature during the MRI session. The mouse was
kept at 37.0 ± 0.2°C during the MRI studies using warmed air that is controlled by an
automated temperature-feedback system (SA Instruments, Inc.).
DCE-MRI studies were conducted by acquiring a set of 3 contiguous axial image slices
through the xenograft flank tumor, and 3 axial image slices through the femoral artery. The
orientation of these image slices were determined by acquiring T2-weighted (T2w) MR images
with a RARE MRI protocol that used the following parameters: TR=1.0 sec, TE=8.2 msec,
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slice thickness=0.5 mm; matrix=128x128, FOV=3.5 cm2, in-plane resolution=273 µm2;
NEX=1, and RARE=4.
A parametric map of endogenous T1 relaxation time, R1(0) with the same geometry as the T2w
images, was obtained by acquiring a series of RARE-variable TR (RARE-VTR) images with the
following parameters: TR= 0.375, 0.75, 1.5, 3.0, and 6.0 sec., TE=9.07 msec, NEX=1, RARE
factor=2, and fitting the data to Eq. [17].

(

$ sin α ⋅ 1− e( −TR⋅R1 )
S = A⋅&
& 1− e( −TR⋅R1 ) ⋅ cos α
%

) ')

[17]

)
(

where α is the flip angle (90o for this study), and A is a constant that includes the proton density
and scanner gain. We assumed that

.

A series of T1-weighted (T1w) images were acquired for DCE-MRI analysis using a RARE MRI
protocol with the same geometry than the R1(0) maps, and the following parameters was used:
TR=250 msec, TE=8.2 msec, NEX=2 averages, a RARE factor=2. A total of 65 image sets were
acquired for a total acquisition time of 34.66 min. and a temporal resolution of 32 sec/image.
After the fifth image set was acquired, 0.2 mmol/Kg Gd-DTPA (MagnevistTM, Bayer Healthcare)
was injected through the tail vein catheter in a total volume of 0.25 mL during 60 seconds.
Finally, the R1(0) maps and Eq. [18] were used to estimate ΔR1(t) for each voxel within TOI and
the average ΔR1(t) of RR.

R1 (t) =

1
# S(t)
&
⋅ ln %1 −
1 − e(−TR⋅R1 (0) (
−TR $ S(0)
'

(

)

[18]

The ΔR1(t) curves for RR and TOI were fitted to Eq. [11] (NRRM) and Eq. [12] (LRRM) to
generate tumor parametric maps of RKtrans and kep,TOI. The goodness of fit for each voxel was
evaluated in terms of the root mean squared error (RMSE):
RMSE =

N N
∑ y j − ŷ j
N − 1 j=1

(

)

2

[19]
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where ŷ j is the estimated value of the jth data point of the ΔR1,TOI(T) curve, y j is the observed
value of the jth data point of the ΔR1,TOI(T) curve, and N is the number of data points in the
ΔR1,TOI(T) curve.
Down-sampling of experimental data
The temporal resolution (Δt) of the ΔR1,TOI(T) and ΔR1,RR(T) curves were increased from
their initial Δt of 32 sec. to Δt= 64, 96 and 128 sec. by taking only every 2nd, 3rd and 4th point of
the original curves. RKtrans and kep,TOI were estimated at each new Δt and their Spearman’s
correlation coefficient with their value at Δt= 32 sec. was calculated.
3.4 Results
The LRRM and NRRM algorithms were straightforward to implement in Matlab. The
time to calculate a parametric map of RKtrans for a 128x128 image matrix was approximately 6.64
seconds using LRRM and 68.88 minutes using NRRM, using a typical notebook computer
(MacBook Pro with a 2.4 GH Intel Core 2 Duo processor and 4 GB of 667 MHz memory).
Calculating a parametric map of kep,TOI required similar calculation times. Therefore, the LRRM
produced results 620 times faster than NRRM.
3.4.1 Simulations
The LRRM and NRRM were used to evaluate simulated data that varied in temporal
resolution (Δt=1 to 60 sec) and injection speeds (Fig. 3.1A). The estimated values of RKtrans and
kep,TOI from these evaluations were compared to their initial values used to create the simulated
data (Fig. 3.2). These results showed that NRRM systematically underestimated RKtrans and
overestimated kep,TOI, and these systematic errors become worse as the temporal sampling
became slower. Although the injection speeds had only a minor influence on these systematic
errors when the temporal sampling was < 30 sec., the injection speeds had a moderate effect on
the magnitudes of systematic errors when the temporal sampling was > 30 sec.
For comparison, the LRRM showed almost no systematic error in determining RKtrans and kep,TOI
for all temporal sampling rates when a fast or moderate injection speed was used. When a slow
injection speed and temporal sampling > 30 sec. were used, RKtrans and kep,TOI were systematically
overestimated using the LRRM, but these systematic errors were less than or equal to the errors
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produced by the NRRM. These results indicated that DCE-MRI with LRRM can produce
accurate results with a moderate or fast injection speed, while DCE-MRI with NRRM cannot
produce accurate results unless the temporal sampling is extremely fast.
The LRRM and NRRM were used to evaluate simulated data that varied in Ktrans,TOI and
ve,TOI. The values of Ktrans,RR and kep,TOI were held constant for these simulations. The simulated
data used the moderate injection speed, because the initial simulations described above showed
excellent performance with AIF2. The systematic error in estimated RKtrans was lower for LRRM
than NRRM for each combination of Ktrans,TOI and ve,TOI (Figs. 3A, 3B). The greatest errors with
each analysis method were observed for high Ktrans,TOI and low ve,TOI.
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Fig. 3.2. Systematic errors as a function of temporal resolution and injection speed.
A) For estimated Rktrans and B) for estimated kep,TOI Open circles represent the LRRM and
closed circles represent the NRRM. Blue, green and red symbols represent AIF1, AIF2, and
AIF3, respectively.
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This result was expected, because the DCE-MRI curve has a low initial signal that is rapidly
changing under these conditions, which is more difficult to fit than a high initial signal that is
changing slowly. These systematic errors in estimated RKtrans for both LRRM and NRRM were
independent of RKtrans, but scale with kep,TOI (Figs. 3.3C, 3.3D). Again, LRRM showed lower
systematic errors than NRRM, with only 8.5% error at the maximum kep,TOI relative to 21.2%
error for NRRM.

Fig. 3.3 Systematic errors of the estimated RKtrans.
The percent errors of the estimated RKtrans are shown A) as a function of of VeTOI and Ktrans,TOI
when the LRRM is used, B) as a function of of ve,TOI and Ktrans,TOI when the NRRM is used, C)
as a function of of RKtrans and kep,TOI when the LRRM is used, and D) as a function of of RKtrans
and kep,TOI when the NRRM is used. These systematic errors were evaluated using a temporal
resolution of 6 seconds.
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The LRRM and NRRM were then used to evaluate simulated data that varied in SNR and
injection speeds. A temporal resolution of 1 sec. was used for this simulation. The average
errors, and the standard deviations of these averages, were determined for the estimated RKtrans
and kep,TOI values of 1000 simulations relative to the RKtrans and kep,TOI values used to create the
simulated data (Fig. 3.4). Both the LRRM and the NRRM showed greater average errors in
estimated RKtrans and kep,TOI as the SNR decreased. Yet the errors with LRRM were smaller than
the errors with NRRM for all SNRs. For example, for a SNR of 5, the estimated RKtrans reached a
maximum error of -62.45 (±6.14)% with LRRM relative to -98.5 (±6.14)% with NRRM, and the
estimated kep,TOI reached a maximum error of 101.44 (±37.31)% with LRRM relative to >230%
with NRRM. The errors when using NRRM were comparable to the errors with LRRM only at
the highest SNR of 50. The standard deviations of these results were also smaller when using
LRRM relative to NRRM at SNR > 10. Importantly, for a SNR of 50 these standard deviations
were negligible for LRRM while these standard deviations were substantial for NRRM, which
indicated that LRRM provided more precise fittings to the data. For a SNR of 5, the NRRM
showed negligible standard deviations for estimates of RKtrans and showed lower errors for kep,TOI
than at a SNR of 10, which indicated that these fittings had failed to adequately fit the noisy data.
In addition, the errors in estimated RKtrans and kep,TOI were independent of injection speed when
LRRM was used, while estimates with NRRM showed errors that were dependent on injection
speed. These results showed that DCE-MRI with LRRM can produce more precise results than
the NRRM, especially at low SNRs, and regardless of injection speeds.
The LRRM and NRRM were then used to evaluate simulated data that varied in SNR and
temporal resolutions (Δt=5, 10, 30, and 60 sec.). AIF2 was used to simulate a moderate injection
speed. The average error, and the standard deviation of this average, was determined for the
estimated RKtrans and kep,TOI values of 1000 simulations relative to the RKtrans and kep,TOI values
used to create the simulated data (Fig. 3.5,3.6). As with the previous simulations, the errors in
estimating RKtrans increased as the SNR decreased for both LRRM and NRRM. Yet the errors in
estimated RKtrans with LRRM were smaller than the errors with NRRM for all SNRs. Also, the
errors in estimated RKtrans with NRRM were strongly dependent on temporal resolution, even at
high SNR of 50, while the estimates with LRRM were relatively insensitive to the temporal
resolution. Importantly, the worst-case conditions of 60 sec. temporal resolution and SNR of 5
produced a relatively small error of -5.98 (±16.03)% with LRRM.
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These results demonstrated that DCE-MRI with LRRM can produce more precise results
for estimated RKtrans than the NRRM, especially at low SNRs, and regardless of injection speeds.

Fig. 3.4. Random errors as a function SNR and injection speed.
Percent errors are shown when the LRRM (open symbols) and NRRM (closed symbols) are
used to determine A) the estimated RKtrans, and B) the estimated kep,TOI. Error bars represent the
standard deviation of 1000 simulations. The SNR was set to the same value for the TOI and
reference region. The temporal resolution was set to 1 sec.
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Fig. 3.5. Random errors of the estimated RKtrans as a function of SNR and temporal resolutions.
A) 60 sec., B) 30 sec., C) 10 sec., and D) 5 sec. Results using the LRRM (blue circles) and
NRRM (red squares) are shown. The signal-to-noise ratio of the reference region was set to 50.
Error bars represent the standard deviation of 1000 simulations.
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Fig. 3.6. Random errors of the estimated kep,TOI as a function of SNR and temporal resolutions
of A) 60 sec., B) 30 sec., C) 10 sec., and D) 5 sec. Results using the LRRM (blue circles) and
NRRM (red squares) are shown. The signal-to-noise ratio of the reference region was set to 50.
Error bars represent the standard deviation of 1000 simulations.
Similarly, the errors in estimating kep,TOI increased as the SNR decreased in these
simuations (Fig. 3.6). The errors in estimated kep,TOI with LRRM were also smaller than errors
with NRRM for fast temporal resolutions of 5 and 10 sec., but the errors with LRRM were larger
than errors with NRRM for slower temporal resolutions. Both the LRRM and NRRM produced
errors in estimated kep,TOI that were dependent on temporal resolution. These results demonstrated
that DCE-MRI with LRRM can produce more precise results for estimated kep,TOI than the
NRRM at fast temporal resolutions, but not at slow temporal resolutions.

62
3.4.2 Experimental
An experimental DCE-MRI study was performed with a subcutaneous mouse model of
MDA-MB-231 mammary carcinoma (Fig. 3.7A). The MR signals increased in the tumor after
the injection of contrast agent, with more signal enhancement observed in the tumor's periphery
than the core (Fig. 3.7B). The average SNR of a single voxel within the tumor was
approximately 5, while the SNR for the average signal for the entire tumor was about 102; the
tumor region was comprised of 221 voxels. MR signals also increased in the muscle near the
tumor, including the selected reference region, which consisted of a 3x3-voxel region with a total
SNR of 52 for the 9 voxels. The eventual decrease in MR signals occurred sooner and faster for
the reference region relative to the tumor (Fig. 3.7D).
The LRRM and NRRM were used to estimate RKtrans, kep,TOI, and kep,RR for ΔR1,TOI(T) (the
average ΔR1(T) for all voxels within the TOI) and ΔR1,RR(T) (Fig. 3.7C,D). These estimates
obtained using LRRM were not statistically different from those obtained with NRRM, because
the confidence intervals of the fittings overlapped. Both algorithms showed a RMSE of 0.008
mM, which showed equal precision of fitting the experimental data. The estimated parameters
were comparable to reported values for other tumor types and muscle (24,27). These results
showed that the LRRM and NRRM performed similarly when fitting data with high SNR,
moderate temporal resolution and moderate injection speed. A voxel-wise analysis was then
performed to construct parametric maps of RKtrans, kep,TOI and RMSE with LRRM and NRRM
(Fig. 3.8A,B). The RKtrans parametric maps for the central slice of the tumor using LRRM and
NRRM showed a tumor core with RKtrans < 1.0 and a tumor periphery with RKtrans that ranged
from 1.5 to 5.0 min.-1/min-1. However, the median RKtrans of all tumor voxels using LRRM was
0.33 while the median value using NRRM was 0.03. The Kruskal-Wallis test produced a value of
p < 0.001, which demonstrated that the two maps were statistically different. The cumulative
histograms of these two maps showed that 90% of the voxels of the RKtrans map obtained with
NRRM had values ≤ 0.91 and 90% of the voxels of the map obtained with LRRM were ≤ 1.8
(Fig. 3.8C).
Additionally, less than 1.0% of the voxels calculated with LRRM have RKtrans < 0.0 while
3.8% of the voxels have RKtrans < 0.0 when the NRRM was used. The differences in RKtrans values
determined with LRRM vs. NRRM are also visualized in the cumulative histogram for the ratio
of RKtrans estimated with each algorithm, which showed that this ratio is less than 1.0 for almost
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all of the voxels (Fig 3.8E). Therefore, under conditions of low SNR that are typical of singlevoxel analyses, the NRRM systematically underestimated RKtrans for many voxels of the tumor
region relative to the value of RKtrans determined with LRRM.

Fig. 3.7. An experimental evaluation of both Reference Region models.
A) The TOI represented a subcutaneous MDA-MB-231 tumor and the RR represented muscle
near the tumor. These regions are shown on an axial image of the tumor before injection. B)
The same slice as panel A at the point of maximum signal, 8 minutes after injection. C)
Estimated parameters by each model using the average signal of the ROI; LRRM: Linear
Reference Region Model, NRRM= Non-Linear Reference Region Model, RMSE: Root Mean
Square Error of the fitting. D) Average ΔR1 for each region. Notice that both models calculate
the same RKtrans at the ROI label, and the error in kep,TOI is only ~ 6 %.
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Fig. 3.8. Voxel-wise determinations of experimental RKtrans values.
Parametric maps of the tumor were determined with A) the LRRM and B) the NRRM. C) A
plot of the normalized cumulative distribution of RKtrans-32 with the LRRM and NRRM shows
that the NRRM calculates more voxels with nonsensical negative values and with very high
values. D) A plot of the normalized cumulative distribution of kep,TOI-32 with the LRRM and
NRRM shows that the NRRM calculates more voxels with very high values. E) The normalized
cumulative distribution of the ratio of RKtrans determined with NRRM vs. LRRM shows that
NRRM calculates lower RKtrans values for 95% of the voxels. The normalized cumulative
distribution of the ratio of kep,TOI determined from NRRM vs. LRRM shows that the distribution
of voxel-wise kep,TOI values is approximately the same for both methods. The normalized
cumulative distribution of the ratio of kepRR determined from NRRM vs. LRRM shows that
NRRM calculates higher kepRR values for 70% of the voxels, with more than a five-fold higher
value for 50% of the voxels. F) The normalized cumulative distribution of the ratio of RKtrans
determined with NRRM vs. LRRM at different temporal resolutions shows that the distribution
of voxel-wise values is approximately the same for both methods with a temporal resolution of
32 seconds, but the NRRM calculates higher values for 25% of the voxels at slower temporal
resolutions.
A similar analysis was performed to evaluate the voxel-wise distribution of the
parametric maps of kep,TOI. Both maps exhibited a similar median kep,TOI (0.10 min.-1 LRRM, 0.12
min.-1 NRRM), but very different means (0.12 min.-1 LRRM, 0.33 min.-1 NRRM). The different
means and the cumulative distributions of the voxel values (Fig. 3.8D) indicated that ~10% of
the voxels determined using NRRM have extremely high values. The comparisons of results with
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LRRM vs. NRRM were also visualized in the cumulative histograms for the ratio of kep,TOI and
kep,RR estimated with each algorithm, which showed that this ratio is greater than 1.0 for 30% and
70% of the voxels for each measurement, respectively (Fig 8D). Therefore, NRRM
systematically overestimated kep,TOI for some voxels of the tumor region relative to the value of
kep,TOI determined with LRRM.
Finally, the effect of temporal resolution (∆t) on the estimated RKtrans and kep,TOI with
LRRM and NRRM was studied. The ∆R1 curves for each voxel and the reference region were
down-sampled from their initial values of 32 sec., to values of 64, 96 and 128 sec. RKtrans and
kep,TOI were estimated with LRRM and NRRM at each temporal resolution. The values estimated
at the slower temporal resolutions were compared with values estimated at 32 sec. using scatter
plots (Fig. 3.9). When LRRM was used, RKtrans and kep,TOI estimated with slower ∆t were highly
correlated with RKtrans-32 and kep,TOI-32, while the NRRM estimated different RKtrans and kep,TOI at
each temporal resolution. These trends are confirmed by the Spearman’s correlation (r, Table 1).
RKtrans-32 was highly correlated with RKtrans-128 when the LRRM was used to estimate the
parameters (r=0.91), while the RKtrans-32 and RKtrans-128 estimated with NRRM showed a lower
correlation (r=0.61). As further evidence, the RMSE of the fittings with NRRM were compared
with the RMSE of LRRM at each temporal resolution (Fig. 3.8F). Although the distributions of
RMSEs for NRRM and LRRM were comparable for a temporal resolution of 32 sec., the NRRM
showed greater RSME relative to LRRM at slower temporal resolutions. These results confirmed
that LRRM is relatively insensitive to temporal resolution, while NRRM is more sensitive to
temporal resolution
3.5 Discussion
Although the Reference Region Model addresses some of the challenges of DCE-MRI
analyses, the NRRM may be impractical for many clinical studies. Our simulations confirm that
the NRRM can only produce accurate and precise results when the temporal resolution is fast,
which may not be feasible in all radiology clinics. Also, NRRM produces inaccurate results
especially when Ktrans,TOI and ve,TOI are both high, which typically occurs for angiogenic tumors
that are intended to be studied by DCE-MRI, which decreases the value of DCE-MRI for clinical
evaluations. Our simulations and experimental results show that NRRM estimates inaccurate and
imprecise RKtrans values when DCE-MRI results have low SNR, which is especially detrimental
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for experimental voxel-wise analyses. The slow calculation speed of the NLSQ algorithm for
NRRM is impractical for most clinical studies, and also problematic for pre-clinical studies.

Fig. 3.9. The effect of temporal resolution on the accuracy of experimental RKtrans and kep,TOI.
Scatter plots compare results with a temporal resolution of 32 sec. with temporal resolutions of
64, 96, and 128 sec. for each voxel in the TOI. Results are shown for A) RKtrans using the
LRRM, B) RKtrans using the NRRM, C) kep,TOI using the LRRM, and D) kep,TOI using the NRRM.
Table 1 reports the corelation coefficients of these scatter plots.
Conversely, our simulations demonstrate that LRRM can produce accurate and precise
results at slow temporal resolutions that are typical in most radiology clinics. Also, LRRM
produces more accurate results than NRRM for angiogenic tumors that have high Ktrans,TOI and
ve,TOI. Our simulations and experimental results show that LRRM estimates accurate and precise
RKtrans values when DCE-MRI results have low SNR, which is especially beneficial for voxel-
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wise analyses. The fast calculation speed of the LLSQ algorithm for LRRM is a tremendous
benefit for pre-clinical and clinical DCE-MRI studies. Relaxing the requirements for temporal
resolution and SNR may be especially helpful when comparing DCE-MRI results between
radiology clinics. This advantage may accelerate the clinical evaluations of new anti-angiogenic
chemotherapies, because standardizing the DCE-MRI protocols among multiple clinics that are
participating in a single clinical trial is very challenging.The LRRM algorithm is insensitive to
injection speed, while NRRM shows a mild dependence on injection speed. Injection speeds are
typically fast during clinical DCE-MRI studies, so injection speed should not be critically
important when selecting NRRM or LRRM for clinical DCE-MRI analyses. Injection speeds are
more variable when performing DCE-MRI studies with mouse models of human cancers.

RKtrans
Δt (sec) LRRM
NRR
Fig. 9A Fig. 9B
32
1.00
1.00
64
0.97
0.78
96
0.96
0.80
128
0.91
0.61

kep,TOI
LRRM NRRM
Fig. 9C Fig. 9D
1.00
1.00
0.94
0.77
0.87
0.76
0.55
0.55

Table 3.1. Spearman correlation coefficients for the graphs shown in Fig. 9.
The type of vessel used for i.v. injection (e.g., tail vein, femoral vein, jugular vein) can
dictate the size of the catheter or injection needle, which can influence injection speed. Fast i.v.
injections can be more difficult to perform by researchers with limited expertise. Therefore,
LRRM may improve the analyses of pre-clinical DCE-MRI studies that are necessarily
performed with slow injection speeds. Although the experimental results of this study confirmed
some of the conclusions of the simulations, additional experimental studies are warranted to test
other DCE-MRI protocols and tumor types. In particular, the LRRM has many advantages for
practical evaluations of clinical DCE-MRI studies, so our current research focuses on the
comparison of LRRM and NRRM for evaluating DCE-MRI results from patients with breast,
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pituitary, and pancreatic cancers. We are also evaluating the utility of LRRM relative to NRRM
for pre-clinical studies of experimental chemotherapies.
3.6 Conclusions
The LRRM can estimate RKtrans and kep,TOI with improved accuracy and precision relative
to NRRM. The LRRM is especially useful for DCE-MRI studies with low SNR and slow
temporal resolution, and DCE-MRI evaluations that are performed on a voxel-wise basis. The
LRRM is insensitive to injection speed while the NRRM has moderate sensitivity to injection
speed. These advantages indicate that this new algorithm, termed the Linear Reference Region
Model, has strong potential to improve clinical DCE-MRI evaluations.
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4.1 Introduction
Angiogenesis is critical for the sustained growth and metastasis of solid tumors (1,2).
Anti-angiogenic therapies are often cytostatic and do not decrease tumor volume, so that
evaluations of vascular permeabilities are often required to assess early therapeutic response
(3). Dynamic Contrast Enhanced MRI (DCE-MRI) has been used to detect changes in vascular
permeability, typically represented by the transfer constant Ktrans, by monitoring the rate of
uptake and/or wash-out of a MRI contrast agent (CA) in the tumor tissue (4). The results from
many DCE-MRI studies have been correlated with microvessel densities (5,6), tumor grades
(7,8), expression of VEGF (9,10) and other angiogenic proteins (11,12), microarray gene
expression analyses (13,14), tumor oxygenation studies (15), interstitial fluid pressure
measurements (16), and biopsies (17).
DCE-MRI has inherent limitations for pre-clinical and clinical cancer studies. For
example, the concentration of a CA in blood plasma must be monitored to provide an Arterial
Input Function (AIF) that is required to determine Ktrans using traditional DCE-MRI analysis
methods. Identifying a suitable artery or vein within the MR image can be challenging,
particularly for DCE-MRI studies of mouse models of human cancers. Motion artifacts and inflow effects can compromise the quality of the AIF. Furthermore, MR images must be acquired
at a rate ≤ 5 sec. per image to accurately capture the AIF for accurate determinations of Ktrans.
Another limitation of DCE-MRI is the inability to account for the exact value of the
hematocrit in the tumor microvasculature. Most DCE-MRI studies assume that the arterial
hematocrit is 40%, which is an acceptable estimate for patients with metastatic cancer (18).
However, the hematocrit decreases as the vessel diameter decreases, so that the hematocrit in
tumor microvasculature ranges between 20-80% of the hematocrit of a typical artery that is
used for blood sampling (19,20). This physiological condition is known as the Fahraeus effect
(21,22). The hematocrit used to calculate Ktrans is linearly and inversely correlated with Ktrans,
so that an overestimation of the microvascular hematocrit directly translates to an
underestimation of Ktrans (23). A low hematocrit may contribute to hypoxia that can stimulate
angiogenesis, increase vascular permeability and lead to high values of Ktrans. Therefore, tumor
regions with the highest Ktrans may have the most underestimated Ktrans values. This
underestimation can be as great as 36%, which may partly explain why a 40% change in DCE-
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MRI measurements is typically required to detect a statistically significant change in tumor
angiogenesis in carefully controlled pre-clinical DCE-MRI studies (24,25).
We propose a new model that addresses these limitations of DCE-MRI. This new model,
termed the Reference Agent Model (RAM), compares the pharmacokinetics of two CAs in the
same tumor tissue, so that one agent may be used as a reference for the second agent. The RAM
does not require measurement of the AIF. Because both CAs in the same tumor location must
experience the same hematocrit, a ratiometric comparison of DCE-MRI of both agents is
independent of the hematocrit. More generally, a ratiometric approach has potential to cancel
other characteristics of DCE-MRI measurements that complicate the interpretation of the
results. Therefore, this ratio of Ktrans, known as RKtrans, should accurately represent the relative
permeabilities of the two CAs. The derivation of RAM, its interpretation and sensitivity to
temporal resolution and signal-to-noise ratio are presented in this report.
To implement RAM, two MRI contrast agents must be selectively detected during the a
single DCE-MRI scan session in the same tumor region for ROI analyses, or within each pixel
within the image of the tumor for pixel-wise analyses. Because two co-injected T1 and/or T2
CAs are difficult to selectively detect with MRI, we have developed 19F CAs and optimized 19F
MRI methods to perform simultaneous 19F-DCE-MRI of two CAs in a mouse model of breast
cancer. The results of this
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F-DCE-MRI were evaluated using RAM and a new multi-echo

sequence recently reported (26,27).
4.2 Theory
4.2.1 Derivation of the Reference Agent Model
As in previous chapters, the notation and symbolic conventions described by Tofts et al.
(28) and Yankeelov et al. (29) will be used. The differential equations that describe the
pharmacokinetic behavior of two contrast agents (CA) within the voxel are defined by Eqs. [1]
and [2].
[1]
[2]
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Where CbCA-1(t) and CtCA-1(t) are the concentrations of one CA (CA-1) at time t in the blood
and the tissue of interest respectively; Ktrans,CA-1 is the transfer constant (min.-1) between the
blood and the Extravascular Extracellular Space (EES) of the TOI for CA-1, ve is the
extravascular-extracellular fractional volume of TOI, and Hct is the hematocrit (fraction of
blood volume occupied by red blood cells). The definitions for the second contrast agent (CA2) are analogous. Eq. [3] relates Cb(t) to the concentration of CA in the plasma, Cp(t), as used
by Tofts et al. (28) and Yankeelov et al. (29),
[3]
Assuming that CbCA-1(t) is equal to CbCA-2(t), Eq. [2] can be solved for Cp(t) (Eq. [4]).
[4]

Substituting Eq. [4] into Eq. [1] eliminates the dependence of the analysis on Cb(t) and Hct
(Eq. [5]).
[5a]
[5b]
Integrating both sides of Eq. [5b] and assuming that the initial concentrations of CA-1 and CA2 are equal to zero yields the working equation for the Reference Agent Model (Eq. [6])
[6a]

[6b]
where RKtrans is the relative Ktrans,CA-1 compared to Ktrans,CA-2 , and kep,CA-1 is the rate constant
(min.-1) between the EES of the TOI and plasma for CA-1. Expressed in matrix form, Eq. [6b]
is equal to Eq. [7].
[7]
where
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[8]

The elements of column two of the vector M in Eq. [8] can be approximated by numerical
integration. Eq. [8] is a system of linear equations, which can be solved for the elements of
vector b using basic linear algebra (30). The Reference Agent Model (RAM) can also be
expressed as a standard linear equation (Eq. [9a]). Thus, RKtrans and kep,CA-1 can be estimated by
simple linear regression fitting of Eq. [9b].
[9a]
where

[9b]

Ktrans is defined by Eqs. [10] and [11] under general conditions known as the flow- and
permeability-limited model. If the flux of the CA across the tumor endothelium has low
permeability relative to flow, then the extraction fraction and Ktrans can be approximated, which
is known as the permeability-limited model (Eqs. [12] and [13]).
[10]
[11]
when P*S << F
when P*S << F

[12]
[13]

where P is the total permeability of the capillary wall (cm min-1), S is the surface area per unit
mass of tissue (cm2 g-1), F is the flow rate of whole blood per unit mass of tissue (mL g-1min-1),
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ρ is the density of tissue (g mL-1), and Hct is the hematocrit (% of vascular volume occupied by
red blood cells). The variable E is known as the extraction ratio.
Many DCE-MRI studies are conducted with large molecule CAs that match the
permeability-limited model (31), such as nanoemulsions of perfluorocarbons (32). If two large
molecule CA are simultaneously detected in the same TOI, their ratio of Ktrans values can be
expressed as RKtrans (Eq. [14]).
[14]
where PCA-1 and PCA-2 are the apparent permeabilities of the TOI for CA-1 and CA-2,
respectively. Because both agents experience the same capillary surface area (S) and tissue
density (ρ), Eq. [19] is reduced to Eq. [15].
[15]
Therefore, RKtrans measured with RAM is the relative permeability of a given tissue for two
different contrast agents permeability-limited conditions.
4.3 Methods
4.3.1 Simulations
Computer simulations were used to study the effect of temporal resolution, a wide range
pharmacokinetic constants, and statistical noise on the accuracy and precision of RAM to
estimate RKtrans and kep,CA-1 First, the arterial input function for the
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F nanoemulsions used in

this study was experimentally measured (see Section 4.3.2.9) and fitted to the following
equation:
[16]
The estimated parameters α and β where then combined with previously reported values for A
and B for nanoparticles of similar size (33,34) in order to simulate the AIF from zero to 30
minutes. The final values for each parameter were A= 24.0 kgl-1; α=16.54 min-1; B=5.5 kgl-1;
β=0.03935 min-1. Next, the CtCA-1(t) and CtCA-2(t) curves of Eq. [17] were then calculated using
the simulated AIF:
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[17]
with Ktrans equal to 8.2x10-3 min-1 and 4.3x10-3 min-1 for CA-1 and CA-2, respectively. These
values assigned to Ktrans are characteristic for 19F nanoemulsions with diameters of 225 and 293
nm in animal models of solid tumors (35,36). The EES fractional volume (ve) was set to 0.5
ml/ml for both curves. Which has been reported previously for human tumors and animal
models of breast cancer (37).
Two sources of systematic error (no noise added) were explored. To test the effect of
temporal resolution (Δt), the AIF, CtCA-1(t) and CtCA-2(t) were down-sampled from their initial
Δt of one second to Δt=0.5, 2.0 and 4.0 minutes. The parameters RKtrans and kep,CA-1 were then
estimated using the simulated data at each new Δt. To test the effect of extreme
pharmacokinetic constants, RKtrans and kep,CA-1 were estimated from simulated data generated
with Ktrans,CA-1 ranging from 0.001 to 0.150 min.-1 in steps of 0.003 min.-1 while fixing Ktrans,CA-2
at 4.3x10-3 min-1 and fixing ve at 0.5 ml/ml. In a similar analysis, ve was changed from 0.10 to
0.9 ml/ml in steps of 0.005 ml/ml while Ktrans,CA-1 and Ktrans,CA-2 were fixed at 8.2x10-3 and
4.3x10-3 min-1, respectively.
The combined effect of signal-to-noise ratio (SNR) and Δt on the accuracy and precision
of RAM was studied by adding Gaussian noise to the CtCA-1(t) and CtCA-2(t) curves at Δt=0.5,
2.0 and 4.0 min. to produce SNRs from 5 to 100. The SNR was defined as SNR=Smax/σ, where
Smax represents the maximum signal of each curve and σ is the standard deviation of the noise
(SD). This process was repeated 1000 times for each condition of SNR and Δt. The accuracy of
parameters estimation was evaluated in terms of the mean percentage error (Eq. [18]), and the
precision was evaluated using the standard deviation of the percentage error (Eq. [19]):
[18]

[19]
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where

is the estimated value of the jth data of the ith parameter,

is the true value of the ith

parameter, and N is the number of data points (1000 for this study).
4.3.2 Experimental
4.3.2.1 Preparation of 19F nanoemulsions
14 mg of dipalmitoyphosphatidylcholine (DPPC), 5 mg of 1,2-dipalmitoyl-sn-glycero-3phosphoethanolamine-N-[methoxy(polyethylene glycol)-2000] (16:0-PEG2000-PE) and 1 mg
of 1,2-dipalmitoylphosphatidic acid (DPPA) were dissolved in 1 mL of chloroform. The
organic solvent was evaporated in a rotary evaporator at 35°C to obtain a thin film, and solvent
traces were removed by maintaining the lipid film under a vacuum overnight. The film was
hydrated with 1.0 mL of PBS buffer using a sonicator (Branson 510, CT, USA) at a 250 W
intensity at room temperature for 10 min.; this mixture was subjected to 10 freeze-thaw cycles
using a liquid nitrogen bath at −196°C and a water bath at 60°C. Next, perfluorinated-15crown-ether (PCE) or perfluorooctane (PFO) was added at 40% v/v to the system, followed by
20 manual extrusions at 60°C through a 100 nm filter (Avanti Lipids, Alabama, USA).
Samples of the resulting emulsions were diluted to 1%v/v in HEPES buffer to measure their
particle sizes using dynamic light scattering (Zetasizer Nano, Malvern, Worcestershire, UK).
4.3.2.2 19F Magnetic Resonance Spectroscopy
All in vitro and in vivo MR experiments were performed at 37oC using a 7T Biospec
rodent scanner from Bruker Biospin, Inc. (Ettlingen, Germany) equipped with a double-tuned
1

H/19F linear birdcage coil (3.2 cm diameter) from M2M Imaging Inc. (Cleveland, OH).

4.3.2.3 19F MR signals and 19F concentration
Phantoms of PCE nanoemulsions that ranged in 0.40 to 25.0 M

19

F concentration were

prepared by serial dilution. Phantoms of PFO nanoemulsions with the same

19

F concentration

were also prepared. These phantoms were used to test the 19F signal detection limit of our MRI
scanner and 1H/19F transceiver coil, and the correlation between the

19

F MR signal and

19

F

concentration. A series of spin echo MR images of these phantoms were acquired using the
following parameters: TR=4000 msec.; TE=8.0 msec.; NEX=2, excitation pulse=90o; FOV=3.5
cm2; matrix=64x64; slice thickness=4.0 mm; number of slices=1. The MR signal for each
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concentration of fluorine was fitted to the linear model [19F]=mS + b; where [19F] is the

19

F

concentration in Molar, S is the MRI signal in arbitrary units, m is the slope and b is the yintercept.
4.3.2.4 Measurement of T1 relaxation time
The T1 relaxation times of PCE and PFO were measured by acquiring a series of spinecho images with variable TR using the following parameters: TR=150, 300, 600, 900, 1500,
2500, 4000, and 8000 msec.; TE=8.01 msec; NEX=4; RARE factor=2; slice thickness=1.0 mm;
matrix=64x64; and FOV=3.0 cm2. The average signal for a region of interest of the sample was
fitted to Eq. [20].

(

$ sin α ⋅ 1 − e−TR /T1
S = A&
−Tr /T1
⋅ cos α
&% 1 − e

(

) ')

[20a]

)(

)

S = A 1 − e−TR /T1 when α = 90o

[20b]

where α is the flip angle and A is a constant that includes the proton density and scanner gain.
We assumed that that TE << T2*.
4.3.2.5 J-modulation and T2 relaxation time
Inspired by the previous reports by Giraudeau et al. (7,8), we investigated the dependence
of the T2 relaxation of PCE and PFO on TE following selective excitation. A multi spin-echo
MRI protocol was used with the following parameters for both agents: TR= 5000 msec.;
TE=15, 20, 25, 30, 40, 50 and 100 msec.; NEX=4; excitation pulse=90o; FOV=3.0;
matrix=64x64; slice thickness=1.0 mm; number of slices=1. To preserve good SNR, only a
maximum of 60 echoes and a maximum TE of 1500 msec. were used. The r2 goodness of fit
coefficient was ≥ 0.95 for all fittings of the average signal to the exponential Eq. [21]:

S = S0 e−TR/T2

[21]
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4.3.2.6 Selective detection of two 19F nanoemulsions
Spin-echo MR images were obtained using phantoms consisting of 100% PCE, 100%
PFO, and a 50:50 mixture of PFO and PCE (v/v). These images were acquired with the same
geometry and parameters used to measure T2 relaxation times, with TE=15 msec.

The

bandwidth of the 90o excitation pulse was varied between 1,000 and 10,000 Hz. The frequency
of the excitation pulse was set to the frequency of PCE, and the bandwidth that maximized the
SNR of PCE while limiting SNR ≤ 5.0 for PFO was considered to be selective for PCE. The
same procedure was used to determine the bandwidth that was selective for PFO. The
bandwidth of the 180o refocusing pulse ramained constant at 1000 Hz during these studies.
4.3.2.7 Animal Model
Five female SCID mice weighting approximately 21 g were housed and maintained under
specific pathogen-free conditions in accordance with the guidelines of the American
Association for Laboratory Animal Care. All experiments met the current regulations and
standards of the U.S. Department of Agriculture, the U.S. Department of Health and Human
Services, the National Institutes of Health, and the University of Arizona Animal Care Facility.
All mice were injected subcutaneously in the right flank with 10x106 MDA-MB-231 cells in
0.1 mL of saline. The tumor was measured every 2 to 3 days using electronic calipers and
allowed to grow for 22-26 days to an average volume of 250 mm3 before initiating

19

F MRI

studies.
4.3.2.8 General Procedure for in vivo 19F-DCE-MRI studies
Five mice were scanned 22-26 days after tumor implantation. Before the MRI scan, a
mouse were anesthetized with 1.5-2% isoflurane in O2 carrier gas, a 27 G catheter was inserted
in the tail vein and physiological monitoring leads were connected to monitor respiration rate
and core body temperature during the MRI session. Each mouse was kept at 37.0 ± 0.2°C
during the MRI studies using warmed air that is controlled by an automated temperaturefeedback system (SA Instruments, New York, USA).
1

H-MRI: Anatomical positioning was performed by acquiring 2D MR images prior to

injecting the emulsions. T1-weighted 1H images were acquired with the following parameters:

79
TR=250 msec; TE=5.0; NEX=1; excitation pulse=90o; FOV= 35 mm2; matrix=128x128; slice
thickness=1 mm; number of contiguous slices=11. Each image set was acquired in 32 seconds.
4.3.2.9 Determination of the AIF using in vivo 19F-DCE-MRI
Four mice with subcutaneous MDA-MB-231 tumors were used to obtain an AIF of a
PCE nanoemulsion. A vial with 100 mL of a 40% v/v nanoemulsion of PCE was placed next to
the mouse as internal control to account for small potential differences in experimental
conditions that may affect 19F signals between MR scans. A series of dynamic 19F-MR images
were acquired using a Spoiled Gradient-echo MRI protocol with the following parameters:
TR=150 msec; TE=2.5 msec; NEX=8; excitation pulse=33.3o; FOV= 35 mm2; matrix= 64x64;
slice thickness= 4.0 mm; number of contiguous slices=3. The location of the three

19

F image

slices was matched to the location of the eleven 1H image slices that were used for anatomical
referencing. Each image set was acquired in 1.28 min., and a series of 25 image sets were
acquired for a total acquisition time of 32 min. After the first image set was acquired, 150 µL of
a 40% v/v nanoemulsion of PCE were injected manually through a tail vein catheter over 20
seconds. The increase in

19

F MR signal was monitored in a 2x2 voxel region in the tail that

represented a tail vein. Results from the four mice were averaged, and the average signalintensity curve was fitted with a bi-exponential model (Eq. [16]) using Matlab (Mathworks
Inc., Natick MA). The values of α and β were used in the simulations (see section 4.3.1).
4.3.2.10 Selective Detection of two agents during in vivo 19F-DCE-MRI
Two mice with subcutaneous MDA-MB-231 tumors were used to test the selective in
vivo detection of PCE and PFO. Two vials each containing 100 µL of a 40% v/v nanoemulsion
of PCE and PFO were placed next to the mouse to serve as internal control for selective
excitation, and to account for potential differences in T1-weighting and spin density that may
affect

19

F signals between MR scans. The selective imaging of each CA was achieved by

setting the transmitter to the MR frequency of PCE or PFO, while using a pulse bandwidth of
2700 Hz for both excitation and refocusing. This imaging scheme was repeated 18 times using
a multi-echo MRI protocol and the following parameters: TR=3000 msec; TE= 25 msec;
number of echoes=20; NEX=2; excitation pulse=90o, refocusing pulse=180o, FOV=35 mm2;
matrix=64x64, slice thickness=4.0 mm; number of contiguous slices=3.
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The location of the three

19

F image slices was matched to the location of the eleven 1H

image slices obtained for anatomical referencing. Each image set was acquired in 3.2 min., and
the selective excitation of PCE and PFO was iterated, so that the effective temporal resolution
for each nanoemulsion was 6.4 min. A total acquisition time of 57.6 minutes was required to
obtain 18 images. Mid-way through the acquisition of the second time point (i.e., the first
selective excitation of PFO), 200 µL of a mixture of the emulsions consisting of 3.5 mM of
PCE and 4.6 mM of PFO were manually co-injected through a tail vein catheter during 45
seconds. After the data acquisition was finished, all of the echoes were summed for each slice
at each time point. Summing the echoes formed a

19

F-DCE-MRI dataset with an increasing

SNR as previously reported (7,8).
4.3.2.11 Data Processing
All the data was processed using customized Matlab functions. First all the echoes for
each slice at each time point were summed, then an ROI for analysis was determined, and its
resulting signal as function of time was fitted to a biexponential function to obtain a smoothed
curve for each nanoemulsion. Finally the resulting curves were used fitted to the reference
agent model (RAM) to estimate RKtrans.
4.4 Results
Simulations of the concentration-activity curves of two nanoemulsions in tumor tissue
were created to assess the systematic and random errors when estimating RKtrans using RAM
(Fig. 4.1). These simulated results were constructed using Ktrans values that have been
previously reported for other nanoemulsions in similar tumor models (36). Unfortunately, these
previous studies did not report the characteristics of the AIF of these nanoemulsions. Therefore,
we experimentally measured the exponential decay rates of the biexponential AIF of PCE in
four mice (α and β of Eq. [16]). Experimentally measuring the distribution volumes of the AIF
(A and B of Eq. [16]), requires careful calibration of MR signals relative to known volumes,
which is technically challenging. Therefore, we relied on previously reported values of the
distribution volumes to construct the AIF for this simulation. We also relied on previously
reported values of the EES fractional volume (ve) to construct the AIF.
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Fig. 4.1 The simulated concentration-activity curves of the tumor for RAM.
The pharmacokinetics of each contrast agent in the tumor were simulated using intervals of 1
sec. and setting Ktrans equal to 8.2x10-3 min-1 and 4.3x10-3 min-1 for CA-1 and CA-2,
respectively. The AIF used for this simulation was based on Eq. [16] using experimental
measurements of exponential decay rates (α=16.54 min-1, β=-0.040 min-1), and reported values
for the distribution volumes (A= 24.0 kgl-1, B=5.5 kgl-1; reference for A and B). The EES
fractional volume (ve) was set to 0.5 ml/ml for both curves (reference).
The systematic error in estimating RKtrans from the RAM was shown to be dependent on the
temporal resolution of the DCE-MRI acquisition protocol (Fig. 4.2A). The systematic error was
greatest for slow temporal resolutions when RKtrans is large, which suggests that the rapid
pharmacokinetics (PK) of one agent cannot be adequately compared with the slower PK of the
other agent when temporal resolution is slow. Yet when the PK of both agents is comparable,
creating a small to moderate value of RKtrans, then a slow temporal resolution accurately
estimated RKtrans with a systematic error of less than 1%. The systematic error in estimating
RKtrans also depended on the fractional EES volume (ve; Fig. 4.3A). However, this error was less
than 1% for all cases in our simulated results.
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Fig. 4.2. Systematic errors as a function of RKtrans and temporal resolution. Concentrationactivity curves were simulated with Ktrans,CA-1 ranging from 0.001 to 0.150 min.-1 in steps of
0.003 min.-1 while fixing Ktrans,CA-2 at 4.3x10-3 min-1 and ve at 0.5 ml/ml. These curves were
down-sampled to 0.5, 2, and 4 min. temporal resolutions. A) Systematic errors in estimated
RKtrans and B) systematic errors in estimated kep,CA-1 are shown as a function of RKtrans (Ktrans,CA-1
/ Ktrans,CA-2).
For comparison, a slow temporal resolution caused a greater systematic error in kep,CA-1
for all values of RKtrans (Fig. 4.2B). A low value of ve also caused a greater systematic error in
kep,CA-1 (Fig. 4.3B). Furthermore, the systematic error in estimating kep,CA-1 was > 1% for all
cases except the fastest temporal resolution, the lowest values of RKtrans, and the highest values of
ve. These results demonstrated that the effects of a slow temporal resolution can be canceled or
reduced by estimating the ratiometric parameter RKtrans, relative to determining the absolute
parameter kep,CA-1. The random error in estimating RKtrans was less than 2% with high SNR
greater than 30:1, and less than 10% with moderate SNR greater than 15:1 for all temporal
resolutions (Fig. 4.4A). This random error represented the level of accuracy that can be expected
when determining RKtrans with RAM. These analyses were performed by adding Gaussian nose to
the simulated signal-activity curves and using RAM to estimate RKtrans, and then repeating this
process for 1000 iterations. The standard deviation of these 1000 random errors represented the
level of precision that can be expected when using RAM to determine RKtrans.
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Fig 4.3 Systematic errors as a function of fractional EES volume and temporal resolution.
Activity curves were simulated with ve ranging from 0.10 to 0.9 ml/ml in steps of 0.005 ml/ml
while fixing Ktrans,CA-1 and Ktrans,CA-2 at 8.2x10-3 and 4.3x10-3 min-1, respectively. These curves
were down-sampled to 0.5, 2, and 4 minute temporal resolutions. A) Systematic errors in
estimated Ktrans and B) systematic errors in estimated kep,CA-1 are shown as a function of ve.

Fig. 4.4 Random errors as a function of Signal-to-noise ratio and temporal resolution.
Simulated activity curves were down-sampled to 0.5, 2, and 4 min. temporal resolutions.
Gaussian noise was added to produce SNRs from 5 to 100 for 1000 data sets. A) The accuracies
of estimating RKtrans are shown by the data symbols, and the precisions of the RKtrans estimates
are shown by the error bars that represent the standard deviation of 1000 trials. B) The
accuracies and precisions of estimating kep,CA-1 are also shown.
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This precision was less than 5% with high SNR greater than 30:1, and less than 10% with
moderate SNR greater than 15:1. These results were similar for all temporal resolutions at
moderate and high SNR. Therefore, the RAM can accurately and precisely determine RKtrans
under conditions of moderate or high SNR. As expected, conditions of low SNR created large
inaccuracies and imprecisions. The accuracy and precision of estimating kep,CA-1 were also
dependent on SNR (Fig. 4.4B). However, the errors in kep,CA-1 caused by noise were an order of
magnitude greater than the errors in RKtrans, as shown by comparing the scales of the y-axes of
Figures 4.4A and 4.4B. These results demonstrated that the ratiometric parameter RKtrans has
advantages relative to the absolute parameter kep,CA-1.

Fig 4.5 19F MR signals. A) The MR spectrum of PCE and PFO shows a single resonance for
PCE in a nanoemulsion and a single resonance for the fluoromethyl group of PFO in a
nanoemulsion. The fluoromethylene groups of PFO have multiple resonances, but these
resonances can be neglected when PCE and the fluoromethyl group of PFO are selectively
detected. B) The MR imaging signal from PCE was linearly related to 19F concentration of the
sample. A spin-echo MRI protocol was used at 37°C. Error bars represent the standard
deviation of signal values from pixels of the image of each phantom. The phantoms were
prepared using serial dilution.
The PCE and PFO nanoemulsions were synthesized using commercially available
reagents and standard procedures. As expected, PCE showed a single MR frequency from 20
magnetically equivalent

19

F nuclei (Fig. 4.5A). PFO generated a MR frequency that was 7.58
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ppm downfield from the frequency of PCE (2275 Hz at 300 MHz magnetic field strength),
which was assigned to the two magnetically equivalent fluoromethyl groups. Due to differences
in density of the perfluorcarbons and fluorine density, the integral of PCE was 2.22 times
higher compared to PFO (the CF3). PFO also showed three MR frequencies at -30.11, -32.3,
and -39.5 ppm upfield from PCE's frequency (9033, 9600, and 10112 Hz), which were assigned
to the fluoromethylene groups. The large chemical shift of these fluoromethylene groups
provided the opportunity to selectively detect the MR frequency of PCE and the fluoromethyl
group of PFO. Therefore, we will refer to the fluoromethyl group of PFO in the emulsion as
“PFO” in the remainder of this report.

Fig 4.6 The effect of J-modulation on T2 relaxation of the 19F nanoemulsions.
The effective echo time is equal to the number of echoes multiplied by TE (the echo time). A)
The T2 relaxation of PCE that is shown by the decay of the agent’s 19F MRI signal is not
affected by TE (the legend lists TE values). B) The T2 relaxation of PFO is affected by TE due
to J-modulation caused by the fluoromethylene groups (the legend lists TE values). C) PCE and
PFO have equal T2 values when TE equals 25 msec.
The 19F MRI signal of PCE was found to be linearly correlated with the 19F concentration
of the PCE nanoemulsion within the tested range of 0.4 to 12.5 M (Fig. 4.5B). The average
standard deviation of 19F signals from pixels of the image of each phantom was 1x102 (based on
arbitrary signal units), which was equivalent to 0.10 M based on the signal-concentration
calibration. This standard deviation had a range of 0.05 to 0.20 M for all samples, which
indicated that this standard deviation was independent of concentration and therefore represented
the scanner noise that was independent of the sample. Therefore, a minimum of 0.60 M of

19

F
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nuclei were required to generate a signal with SNR greater than 1 using our MRI scanner and
1

H/19F transceiver coil. This minimum detection limit equated to a concentration of 0.030 M for

the PCE emulsion and .033 M for the PFO emulsion, based on the number of detected 19F nuclei
(20 for PCE and 6 for PFO) and average concentration per nanoemulsion particle (61 M for PCE
and 71 M for PFO). Although these results established our minimum detection limits, the
detection limit for biomedical studies is higher due to biological noise (e.g., motion artifacts) and
a minimum SNR > 1 needed to achieve statistical significance.
To support the simulations, the AIF of PCE was measured in four mice (Fig. 4.7). A
small 2x2 voxel region was identified in each tail that showed strong 19F MRI signal, which was
assumed to represent a tail vein (Fig. 4.7C). As expected, the 19F MRI signal quickly peaked at 2
minutes after injection, followed by a rapid decrease by 3.2 minutes and a slow decrease
throughout the remainder of the 32-minute scan session (Fig. 4.7A). The

19

F MRI signal was

averaged at each time point for the four mice and fitted to a biexponential function resulting in
values of A=6.11x1018 (with a 95% confidence interval, 95CI, from -3.19x1027 to 3.19x1027) and
α=-16.54 (95CI from -2.72x108 to 2.72 x108) for the first exponential term, and B=9.96x104
(95CI from 8.43x104 to 1.15x105) and β=-0.039 (95CI from -0.049 to -0.029) for the second
exponential term. Although the first exponential term was fit poorly due to poor temporal
resolution relative to rapid signal changes, the inclusion of the first exponential term was
warranted to produce a good fit to the second exponential term.
This analysis was also conducted with the temporal change in 19F MRI SNR (Fig. 4.7B),
which showed the same biexponential behavior. The average standard deviation of 19F SNR for
each time point was 5.2, which was greater than the average standard deviation of SNR
measured with phantoms (Fig. 4.5B). This indicated that biological noise contributed to the
variability in 19F MRI signal. Yet a SNR > 5 observed during and after the initial signal peak was
equivalent to a contrast-to-noise ratio (CNR) > 3√2 (CNR can be considered to be the difference
in experimental SNR relative to a baseline SNR of 1.0). A CNR greater than 3√2 has a >99%
probability of being real, which demonstrates that the

19

F signals used to generate the AIF for

PCE can be assigned to the dynamic changes of the PCE nanoemulsion in the tail vein, even in
the presence of the biological noise (39).
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Fig. 4.4.7. The experimental AIF of PCE.
Four mice with subcutaneous MDA-MB-231 tumors were injected with 150 µL of a 40% v/v
nanoemulsion of PCE. A) The average 19F MRI signal and B) the average 19F MRI SNR was
monitored in C) a 2x2 voxel region in the tail that represented a tail vein. Error bars represent
the standard deviation of the measurements of four mice. The signal activity curve shown as a
solid red line was fitted with a biexponential model (Eq. [16]).
The selective detection of PCE and PFO nanoemulsions was conducted by optimizing the
bandwidth of the 90° excitation pulse while acquiring spin-echo MR images of phantoms (Fig.
4.8A). A bandwidth of 2700 Hz was found to produce the best SNR for one agent while
limiting the SNR of the other agent to less than 5. This design criterion of reducing SNR below
5 for the other agent matched the CNR criterion for statistical significance during our biological
studies of the AIF as discussed above. Therefore, a 2700 Hz bandwidth was used for selective
detection of each agent during subsequent studies. The bandwidth of the 180° refocusing pulse
was found to be inconsequential for selective detection, provided that the excitation pulse was
optimized for selective detection. Yet the bandwidth used for the refocusing pulse in
subsequent studies was also set to 2700 Hz for consistency.
A single mouse model with a subcutaneous MDA-MB-231 tumor was used to perform in
vivo 19F-DCE-MRI and analysis with RAM. A total of 18 multi-echo images were acquired by
iterating the selective detection of PCE and PFO, which produced 9 images of each
nanoemulsion that were unshuffled to show the temporal dependence of the

19

F MRI signals

from each nanoemulsion (Fig. 4.8B). The mixture of the nanoemulsions was injected during the
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acquisition of the second image, so that the first two images showed no significant

19

F MR

signal. Subsequent images showed a consistently increasing 19F MRI signal in the tumor (Fig.
4.8B, 4.9B). For comparison, the MR images of the phantoms of PCE and PFO that were
placed next to the mouse showed no changes in SNR during the

19

F-DCE-MRI scan session

(data not shown).
This validated that 19F signal changes in the tumor were attributed to dynamic changes in
the tumor concentration of the nanoemulsions, and were not attributed to potential changes in
experimental conditions. Notably,

19

F MRI signal was also detected in the center of the

abdominal region of the mouse, which indicated that the nanoemulsions accumulated in other
areas of the body.
The

19

F MRI signal was not detected in the bladder, which indicated that the large

diameters of the nanoemulsions prevented excretion through the kidneys. This result was
expected, as 19F nanoemulsions are typically cleared from the body through the liver or lungs.
These

19

F MRI signals in the tumor were converted to
Ktrans

RAM was used to estimate a value of R

of 1.16 (K

trans

19

F concentrations (Fig. 4.9A). The

of PCE divided by Ktrans of PFO). A

value of RKtrans of ~1 was expected because the relative diameters of the PCE and PFO
nanoemulsions are the same. The root mean square error of the RAM fitting was 2.7x10-2 mM,
which was a ~1% error relative to the magnitudes of the 19F concentrations that were measured.
This small error provided assurance that RKtrans was determined with outstanding precision
using RAM. In addition, kep,CA-1 was estimated to be 9.1x10-3 min-1, which was in the range of
expected kep values for nanoemulsions. Therefore, the in vivo

19

F-DCE-MRI results

demonstrated that RKtrans can be measured with RAM.
4.5 Discussion
The analysis of systematic errors using simulated results showed that RAM can estimate
accurate values of RKtrans. The analysis of random errors showed that RAM can estimate
accurate and precise results for RKtrans. Yet RAM was shown to be unable to produce the same
level of level of accuracy and precision when estimating kep,CA-1. This indicates that RAM is
well-suited for determining the ratiometric parameter RKtrans but is not suited for determining an
absolute parameter such kep,CA-1. Furthermore, RAM was relatively insensitive to the effects of
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temporal resolution and SNR, which may provide technical advantages during pre-clinical and
clinical DCE-MRI acquisition protocols.

Fig 4.8. Selective detection of two 19F nanoemulsions.
A) MR images of phantoms consisting of 100% PCE, 100% PFO, and a 50:50 v/v mixture of
PFO and PCE were acquired with no selective detection, and with selective detections of PCE
and PFO. B) The 19F-DCE-MRI results of a mouse model with a MDA-MB-231 tumor after coinjection of PCE and PFO showed accumulation of each agent in the tumor tissue. The in vivo
MR images represent the sum of 60 echoes, which substantially improved the SNR of 19F MRI.
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Fig. 4.9. Experimental results of the Reference Agent Model.
A) The 19F concentrations of PCE and PFO show a similar temporal dependence in tumor
tissue. B) A 1H MR image provides an anatomical reference for the 19F MRI results, which
demonstrates that a region of the tumor showed substantial 19F MR signal. The chemical
structures of C) PCE and D) PFO show that the relative number of fluorine atoms must be
considered when converting 19F concentration to the concentration of PCE and PFO. Based on
the dynamic changes in concentration of PCE and PFO in tumor tissue, the RKtrans of the tumor
tissue was determined to be 1.16 min-1, kep,CA-1 was 9.1x10-3 min-1, and the root mean square
error of the fitting was 2.7x10-2 mM.
The non-linear Reference Region Model (RRM) has been proposed as an alternative
method for analyzing DCE-MRI results without requiring an AIF (1,2). A linear version of this
model is reported in Chapter 3 of this dissertation. The RRM measures the presence of a single
MRI contrast agent in two tissues (typically tumor and muscle), and therefore has similarities to
the RAM that measures the presence of two MRI contrast agent in a single tissue. Both RAM
and RRM have the advantage of canceling effects that may complicate DCE-MRI analyses by
using a ratiometric approach. For example, both RAM and RRM avoid the need for an AIF.
RAM avoids the effect of the hematocrit by comparing results from two MRI contrast agents that
must necessarily experience the same hematocrit. For comparison, the RRM cannot address the
problem of the hematocrit, because the hematocrit in tumor and muscle tissues are usually
unequal, may have different inequalities for different tumor types, and may have different
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inequalities throughout the notoriously heterogenous composition of a single tumor. Therefore,
RAM has advantages relative to RRM for DCE-MRI analyses.
RKtrans can be most easily applied only to permeability-limited conditions of DCE-MRI
studies, which typically occur with MRI contrast agents that have diameters > 5 nm (40). Under
these conditions, RKtrans reduces to a simple ratio of vascular permeabilities for each contrast
agent (Eq.[16]). Importantly, the effects of vessel surface area and tissue density are canceled
using this ratiometric approach under permeability-limited conditions, which further improves
the physiological interpretation of the results. The traditional DCE-MRI evaluations of Ktrans,
and the improved evaluations with RRM, cannot cancel the effects of vessel surface area and
tissue density from the analyses.
This study used two 19F nanoemulsions that were intentionally designed to have the same
average diameter, so that RKtrans would be expected to have a value of ~1. The experimentally
measured value of RKtrans= 1.16 confirmed that the results of RAM matched expectations. Yet
contrast agents with different average diameters should be tested in future studies. Most
importantly, DCE-MRI has been used to assess relative differences in angiogenesis within the
same tumor or between tumors, and has assessed longitudinal changes in angiogenesis, and
changes in angiogenesis caused by anti-angiogenic chemotherapies (40). To assess these
relative differences and changes in angiogenesis, the value of RKtrans must change from ~1, and
therefore the relative diameters of the two contrast agents must be different for these
biomedical applications.
4.6 Conclusions
In conclusion, RAM can accurately and precisely estimate relative vascular
permeabilities in a tumor. This model provides multiple advantages relative to traditional
analyses of DCE-MRI and advanced analysis of DCE-MRI with RRM. This study also
demonstrated that two perfluorinated MRI contrast agents can be selectively detected in tumor
tissue during a single DCE-MRI scan session. The detection of each

19

F agent is greatly

facilitated by optimizing the excitation bandwidth, summing the signal echoes of a multi-echo
acquisition protocol, and minimizing J-modulation during the multi-echo acquisition by
optimizing the echo time.
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The selective detection of two MRI contrast agents during a single MRI scan session has
profound implications for molecular imaging. As an analogy, selective detection of optical
imaging contrast agents at different color wavelengths has revolutionized molecular evaluations
during biochemical tests, in vitro studies, and ex vivo analyses. Yet optical imaging during in
vivo studies has limited value, because this imaging technique often suffers from poor spatial
resolution and detection sensitivity when interrogating deeper tissues. Selective detection of
two or more MRI contrast agents, such as the two 19F nanoemulsions detected in this DCE-MRI
study, has potential to revolutionize in vivo molecular imaging.
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CHAPTER 5
FUTURE STUDIES WITH THE
LINEAR REFERENCE REGION MODEL
AND THE REFERENCE AGENT MODEL
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5.1 Other possible applications of the Reference Region Model
5.1.1 Introduction
As previously shown in this dissertation, the linear reference region model (LRRM) and
was derived after manipulating and solving differential equations of the general form:
[1A]
[1B]

Where X(t), Y(t) and Z(t) describe the change of quantities X ,Y, and Z as a function of time.
The rate of this change is controlled by rate constants k1, k2, k3 and k4. These types of equations
of are known as coupled ordinary differential equations (ODE), and an extensive literature
exists about their definition, solution and approximation (1). their applications range from
Newton’s Law of motion to the modeling of stock markets (2,3). This generality of ODE
suggests that the LRRM can be applied to the study of other phenomena, depending on how the
model described by Eq. [1] is constructed, which assumptions are made, and how the constants
k1 to k4 are interpreted.
The derivation of the reference agent model (RAM) is the first application of the LRRM.
It was shown in Chapter 4 that when the LRRM is interpreted assuming that both agents are
detected in the same tissue, the LRRM is reduced to RAM and the equations are simplified. In
line with this strategy, the LRRM can be applied to many other events, for example receptor
binding, other dynamic imaging modalities such as Positron Emission Tomography (PET),
Ultrasound Imaging (US) and optical imaging. One example of these applications is proposed
in the following section: the quantitative analysis of enzymatic activity using hyperpolarized
MRI.
5.1.2 Quantitative Measurement of Enzymatic Activity using Hyperpolarized MRI and the
Linear Reference Region Model.
Under normal conditions, the MR signal is proportional to the spin polarization that is
typically on the order of 0.0001% to 0.0005% depending on the nucleus and field. This very
low level of polarization is the cause of the very poor sensitivity of NMR and MRI. In fact,
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clinical MRI is so successful only because the high concentration of protons of water (~84
Molar) and fat in the body overcomes poor polarization (4).
Hyperpolarization refers to a procedure that drives the nuclear magnetization,
temporarily, into a significant redistribution of the ordinary population of energy levels. This
artificially created nonequilibrium condition of the nuclei in a magnetic field can raise the
signal by a factor of 10,000 or more when compared with equilibrium conditions in clinically
available MRI scanners (5). This staggering increase in signal has the potential to substantially
overcome the limited sensitivity of MRI and open the possibility to study physiological process
in vivo and unprecedented sensitivity and temporal and spatial resolutions.
One of the main applications of Hyperpolarized MRI (HP-MRI) is the study of tumor
metabolism by monitoring the transformation of [1-13C]pyruvate to other metabolites during
glycolysis. For example, pyruvate is transformed to lactate by the enzyme lactate
dehydrogenase (LDH); at the same time, alanine transaminase (ALT) catalyzes the
transformation of lactate to glutamate. The reactions catalyzed by LDH and ALT have been
observed to be altered in cancer (6-8), and the LDH-catalyzed interconversion of
hyperpolarized label between pyruvate and lactate was shown to decrease early after
chemotherapy (9). The metabolism of other substrates such as succinate have also been
reported recently (10).
The metabolic flux (ν) of pyruvate (νPyr) and succinate (νSuc) has shown to be very
valuable in assessing the metabolic status of perfused organs (hearts) and cultures of human
cell lines (11,12). But despite the very high temporal resolution of ≤1.0 sec. at which the
metabolism of [1-13C]pyruvate and succinate are monitored in vivo, the metabolic flux of any
of these two compounds has not been reported yet. The main challenge for estimating the
metabolic transformation of pyruvate and succinate in vivo is to include the delivery of the
substrate to the TOI through the blood stream as well as including the effects of T1 relaxation in
the analysis. However, the LRRM can be used to estimate the relative metabolic flux of two
products of the same substrate in the same tissue (R =νPyr / νSuc ) if the LRRM is properly used
ν

to described such dynamic process.
Zacharias et al. recently reported the real-time transformation of hyperpolarized diethyl
succinate (DES) to pyruvate (PYR) and fumarate (FUM) in vivo (10). The authors reported the
dynamic changes in the concentrations of these molecules but no mention is made of their

96
relative rates. A way to adapt the LRRM to this problem is presented in Fig. 5.1 along with the
equations that would describe the process. It is very advantageous to use linear equations in
order to study this type of process because of the relatively low SNR observed during this
experiments. Finally, because both products are formed from DES, it is not necessary to know
the concentration or T1 relaxation time of DES if the equations are solved as in the linear
reference region model to estimate the relative rate of transformation from DES to PYR
compared to the rate from DES to FUM, in other words, a ratio of their catalytic efficiencies.

Fig. 5.1 Extension of the linear reference region model to other dynamic process).
A) Original two-compartment schermatic for the linear reference region model (LRRM) as
described in Chapter 3. B) Equation that describes the LRRM. C) Two-compartment schematic
for the study of the the enzymatic transformation of hyperpolarized diethyl succinate (DES) to
succinate (SUC) and fumarate (FUM), where Ci(T) denotes the concentration of metabolite i as
a funcion of time, and Ki and R1i are the respective metabolic flux and T1 relaxation rates

97
5.2 Extended Reference Region Model
5.2.1 Introduction
As mentioned in the previous chapters of this dissertation, some models have been
recently developed that enable the analysis of DCE-MRI data without having to characterize
the time course of the contrast agent concentration in the plasma (13-15). The new models
presented in Chapters 4 and 5 improve upon these models. None of these ‘reference region’
methods (including ours) do not account for the plasma volume contribution, though several
investigators have pointed out its significance in tumor studies (16-17). The plasma volume in
normal tissue is small and is therefore often ignored in DCE-MRI analysis, on the other hand,
the plasma volume in tumors and other pathological tissue may be quite large, possibly
requiring explicit consideration.
An important study to perform in the future is to determine the effect of the vascular term
on DCE-MRI analysis using a new reference region model. In this work the vascular term
should be explicitly included into the formalism and analyzed, through simulations, and
experimental data its effect on the extracted pharmacokinetic parameters.
By considering the inclusion of a vascular term in both the reference region (RR) and the
tissue of interest (TOI) as the gold standard, the accuracy and precision in the extracted
pharmacokinetic parameters can be studied for different combinations of contrast agents
(different sizes) and temporal resolution. In order to facilitate such future studies, a new
reference region model that explicitly includes the fractional plasma volume is derived next.
5.2.2 Derivation of the extended Reference Region Model
The solutions (15) for the extended Totfs model in the RR and TOI are Eqs. [2] and [3]
respectively:
[2]
[3]
the Laplace transform of Eqs. [2] is:
[4a]
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[4b]

while transforming Eq. [3] results in:
[5a]

C RR (s) = K trans,RR ⋅C p (s) ⊗ ekep,RR ⋅t + v p,RR

[5b]

Dividing Eq. [4b] by Eq. [5b] removes Cp(t) from the model, and results in Eq.[6]:
[6]

which can be rearranged to :
[7]

The Laplace transform of Eq. [7] is the extended reference region model:

[8]
Equation [8] can be solved by non-linear square fitting to obtain the paramters.
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