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Abstract 

Myocardial blood flow (MBF) and flow reserve (MFR) are important prognostic markers 

for patients with heart disease. By comparing patient scans with a database defining the 

lower limit of normal MBF or MFR, diagnosis may be improved. The clinical standard 

for flow measurement is nitrogen-13-ammonia (13NH3) positron emission tomography 

imaging, necessitating an expensive cyclotron. A cost-effective alternative is the 

generator-produced tracer rubidium-82 (82Rb). 82Rb is commonly used for relative MBF 

imaging; its accuracy for absolute MBF imaging has not been widely assessed. Tracer 

kinetic methods for quantifying MBF with Rb, including compartment and net retention 

models, were developed and validated versus NH3 measurements. Normal population 

databases were created and used for patient evaluation. The results support MBF 

quantification with Rb, and suggest that compartment modeling with NH3 remains 

most precise for quantifying absolute flow, whereas the retention model is most accurate 

for detection and localization of abnormal MBF. 
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CHAPTER 1 - Positron Emission Tomography for Cardiac 
Imaging 

1.1 Introduction 

Positron emission tomography (PET) is a highly sensitive, relatively non-invasive 3D 

imaging modality used to assess physiological function by measuring the activity of 

biological compounds in a specific region of the body, such as the heart. To trace a 

compound it is labelled with a positron-emitting isotope, creating a tracer. The tracer is 

administered to the subject and subsequently taken up into the tissue of interest where the 

isotope decays over a short period of time. Decay events are detected by the PET scanner 

and are reconstructed to form tomographic images of the tracer distribution inside the 

body; these images are representative of biological processes occurring within the tissues 

of interest. 

Due to its functional imaging capabilities, PET has found applications as both a clinical 

diagnostic and research tool, primarily in the areas of cardiology, oncology, and 

neurology. It is also used in pharmacology for the investigation of new drugs. In 

cardiology, PET is used to assess characteristics of the heart, particularly of the left 

ventricle (LV), which is the primary tissue of interest as it is the main pumping chamber. 

Such characteristics include the blood flow to the LV tissue (myocardium) as a means of 

identifying and diagnosing a number of heart diseases. Specifically, PET permits the 

quantitative measurement of absolute myocardial blood flow (MBF) in units of 

-1 -



CHAPTER 1 - Positron Emission Tomography for Cardiac Imaging 2 

mL/min/g. This measurement provides useful information for the management of patients 

with global impairment of LV blood flow and myocardial flow reserve, conditions which 

have been associated with multi-vessel coronary artery disease (CAD), microvascular 

disease, hypertension, hyperlipidemia, and heart failure following transplant. 

At present, the clinical standard for the measurement of absolute MBF is nitrogen-13-

ammonia (13NH3) PET imaging. Due to the short half-life of 13NH3, imaging of this type 

requires on-site tracer production with a cyclotron, a procedure that is both complex and 

costly. As such, a demand for quantification methodology without the need for a 

cyclotron exists. At the University of Ottawa Heart Institute (UOHI), methods are being 

developed for PET imaging using the easily transportable, generator-produced tracer 

rubidium-82 (82Rb). These methods include strontium-82 (82Sr)/82Rb generator 

manufacturing, Rb imaging and analysis [3,4,5,6]. Historically, this tracer has been 

used for relative myocardial perfusion imaging (MPI). Relative imaging methods are 

effective in detecting significant coronary disease in cases where at least one or more 

regions of the heart have normal perfusion, allowing for comparison with suspected 

diseased regions. However, in cases where a normal region is absent, or where mild 

disease may be present prior to symptom development, quantification of absolute MBF 

may help to correctly identify and localize any regional flow abnormalities. Validation of 

the accuracy of absolute MBF measurements with 82Rb has not been widely reported. 

Therefore, the objectives of this research were to develop tracer kinetic methods for the 

quantification of MBF with 82Rb PET, and to validate these methods versus 

measurements made with 13NH3 on the EC AT ART 3D PET system (CTI/Siemens, 
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Knoxville, TN). Following validation of the modeling methods, the goal was to form 

normal population databases defining the lower limit of normal MBF in an attempt to 

further aid in the automated diagnosis and localization of CAD. The results of this work 

are anticipated to support more widespread use of absolute MBF measurements with 82Rb 

PET, particularly in centres without a cyclotron. 

1.2 The Physics of PET 

PET is the leading tool in nuclear cardiology for the non-invasive assessment of cardiac 

molecular function. Using this modality, images of physiological processes can be 

obtained by injecting a subject with either a natural biological compound, or an analog of 

a naturally-occurring substance, labeled with a positron-emitting isotope. This labeled 

compound is referred to as a tracer. The radioactive isotopes used in PET tracers have an 

excess of protons, causing them to decay by positron emission (/3+) into stable forms 

according to the following scheme: 

AX^z*Y + /3++ve (1.1) 

where X/Y are the parent/daughter isotopes with atomic mass A and atomic number Z, and 

ve represents an electron neutrino that is also emitted in this process. For this decay to 

occur, the difference in rest mass energies between the parent and daughter nuclei must 

exceed 1.022 MeV, or 2mec
2, where me is the mass of an electron. The energy remaining 

from this process is shared as kinetic energy between the neutrino and the /3+; root mean 

square (RMS) and maximum positron energies for common PET isotopes are shown in 

Table 1.1. Subsequent to its emission, the positron will travel through the surrounding 
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tissue, losing energy in inelastic collisions with neighbouring electrons until its energy is 

reduced sufficiently; at this point it will annihilate with an electron. Positron ranges in 

water are given in Table 1.1. The /3+/e~ annihilation results in the production of two co-

linear (180°) 511 keV photons, or gamma rays (y), which propagate in opposite directions 

according to the principles of energy and momentum conservation (Fig. 1.1). Note that if 

the residual momentum of the annihilation particles is non-negligible, the resultant 

annihilation photons will not be emitted in exact co-linearity, but will deviate by a 

standard deviation of-0.5° [7]. 

Table 1.1: Positron energies and ranges for common PET isotopes [8] 

Isotope 

18p 

nc 
13N 
1 5 0 

82Rb 

Max Energy 
(MeV) 

0.64 
0.96 
1.19 
1.72 
3.35 

Mean Energy 
(MeV) 

0.250 
0.386 
0.492 
0.735 
1.52 

Max Range 
(mm) 

2.3 
4.1 
5.2 
8.1 
16.7 

RMS Range 
(mm) 

0.35 
0.56 
0.72 
1.1 
2.4 

Once the pair of annihilation photons leaves the body, coincidence detection can be 

performed. To detect the photons, a PET scanner consisting of a ring of scintillation 

crystal detectors encircles the subject. The crystals are coupled to photomultiplier tubes 

that convert incoming scintillation photons to photoelectrons, which can then be detected 

by the system. When the annihilation photons strike separate detectors, the times of the 

events are recorded, and subsequently compared, to determine if both events fell within 

the coincidence timing window. The window is typically on the order of 3 - 12 

nanoseconds, depending on the detector characteristics as well as the imaging 
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application. Any two events recorded at opposing detectors within this window of time 

are considered to be coincident. This method allows for three types of coincidences to be 

recorded: true, scattered and random. True coincidences are the result of recording 

photons that originated from a single decay event and did not undergo any scatter in the 

medium, whereas a scattered event is recorded when one or both of the photons from a 

single decay event are scattered by the medium and subsequently misaligned. Compton 

scattering is the predominant cause of such scattered events in soft tissue due to a high 

probability of interaction per unit distance of [ic = 0.096 cm"1 [9]. Coherent scattering is 

negligible at the 511 keV energy of the annihilation photons, and photoelectric absorption 

has a very small probability of occurring in this medium since fjpe is equivalent to 

0.00002 cm"1 in soft tissue [9]. According to Eq. 1.2, Compton scattering reduces the 

overall energy of the photon {hv")hy transferring a portion of its energy (hv) to a recoil 

electron, and its initial trajectory is altered by 6, resulting in misalignment of the event. 

A V = — - ^ (1.2) 
l + - ^ ( l - c o s < 9 ) 

mec 

The third type of coincidence, random coincidence, is the result of two photons from 

separate decay events simultaneously striking opposing detectors and being registered as 

a coincidence event (Fig. 1.1) [10]. 

A coincident event indicates that an annihilation occurred somewhere along the line 

between the two detectors, implying that the radioactive atom that decayed must also be 

located along that same line of response (LOR) (Fig. 1.1). Using this method, coincident 
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events are recorded in LORs, defined by a particular radial and angular coordinate 

corresponding to each possible detector pair. Data from the LORs can then be organized 

into a histogram, where each bin corresponds to a unique radial and angular location in 

the field of view (FOV). This histogram is referred to as a sinogram since a point source 

of activity maps out a half-sine wave [10]. Events can alternatively be stored in list-mode 

format, where each LOR coordinate, along with the corresponding time and energy of the 

event, are stored as separate entries. A sinogram is then created post-acquisition. To 

obtain an image from the sinogram, image reconstruction must be performed. Prior to 

image reconstruction the data should be corrected to remove the effects of scattered and 

random coincidences. This will be discussed further in a later section. 
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Figure 1.1: Illustration of positron decay, an LOR and the types of coincidences 
detected in PET imaging. Upon radioisotope decay, a positron is emitted, which 
travels through the tissue until it annihilates with an electron. The resultant 
collinear annihilation photons escape from the body and are detected as a coincident 
event, indicating that the decay occurred along the (LOR). Three types of 
coincidences can be detected: (A) true, (B) random, and (C) scattered coincidences. 

1.3 Dynamic Data Acquisition 

Coincident datasets can be recorded during two types of acquisitions: static and dynamic. 

Static acquisitions involve taking a snapshot of the tracer distribution at one instant in 

time following injection. Dynamic acquisitions measure the tracer distribution beginning 

at the time of injection and continuing over a finite time period. PET imaging of 
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molecular cardiac function requires dynamic data acquisition to enable the assessment of 

tracer kinetics for the quantification of parameters of interest, such as blood flow. 

Typically, these dynamic scans are performed at rest and following pharmacological 

stress using a vasoldilatory drug to simulate cardiac response under exercise conditions. 

For instance, at the UOHI, rest and stress dynamic data are acquired on the ECAT ART 

3D PET system (CTI/Siemens, Knoxville, TN) with the following acquisition protocols 

for two blood flow tracers, consisting of N time frames x M frame lengths (seconds): 

13NH3: 12 x 10 s, 2 x 30 s, 1 x 60 s, 1 x 120 s, 1 x 240 s, 2 x 300s, total = 20 min, 19 time 

frames; 82Rb: 12 x 10 s, 2 x 30 s, 1 x 60 s, 1 x 120 s, 1 x 240 s, total = 10 min, 17 time 

frames. Data acquired in this manner are referred to as emission data, since they are 

obtained by imaging a subject that has been injected with a positron-emitting isotope. 

PET can also be used to acquire transmission data, which are obtained using an external 

activity source, similarly to the way an x-ray tube is used on a computed tomography 

(CT) scanner. Transmission data are used to correct for attenuation of the emission data, 

as discussed in the subsequent section. 

1.4 Data Correction and Image Reconstruction 

The acquired dynamic data must first be corrected, either during or following the 

acquisition, for a number of effects in order to obtain a reconstructed image that is truly 

proportional to the concentration of activity at each location in the object. Detector 

efficiency, dead time, random and scatter coincidence, attenuation and isotope decay 

corrections are all generally performed prior to reconstruction. 
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Normalization 

Normalization accounts for non-uniformities that arise in the data due to variations in 

individual detector sensitivity and the variable spaces between detectors resulting from 

the circular geometry of the scanner. To perform this correction, the number of counts 

detected by each coincidence pair of detectors is recorded while all of the detector pairs 

are exposed to the same uniform radiation source placed in the FOV. The inverse of the 

recorded counts is then multiplied by the previously acquired total scan counts in each 

LOR to obtain a normalized dataset [10], thus correcting for detector inefficiency. 

Dead-Time Correction 

Dead-time refers to the time during which a detector is processing an event and is thus 

unable to detect any additional events. This limitation causes the count rate to deviate 

from its expected linear relationship with increasing activity, resulting in an 

underestimation of tracer activity. There are two common models used to correct for 

dead-time losses: paralyzable and non-paralyzable. With the paralyzable method, the 

dead-time is extended if another photon strikes the detector when it is already processing 

an event, whereas the non-paralyzable method completely ignores the strike that occurs 

during the dead-time [10]. 

Random Coincidence Correction 

Random coincidences must be removed as they add a uniform background that distorts 

the true activity distribution in the image. There are two methods to correct for these 

unwanted coincidence events. The first involves calculating randoms from the single 
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event rates for detector pairs on each LOR. The randoms can then be determined using 

the following relationship: 

R = rSlS2 (1.3) 

where T is the width of the coincidence time window, and Si and S2 are the single event 

rates of the two detectors along a particular LOR. The randoms are then subtracted from 

the total coincident events recorded along that LOR. The second approach is referred to 

as the delayed-window method. In this scheme, a second coincidence window that is 

delayed in time from the initial window, and is much wider, is created. Any coincidences 

subsequently recorded in this delayed window are then considered to be randoms since 

the time delay indicates that they cannot have originated from the same decay event. As 

with the previous method, the randoms are then subtracted from the total coincident rate 

for all possible LORs [11]. 

Scatter Correction 

Scattered coincidences are problematic as they increase the background counts in the 

data, resulting in increased image noise and decreased contrast. A number of these events 

can be removed using energy discrimination during data acquisition. With an 

appropriately chosen lower energy threshold, the photons that have reduced energy due to 

Compton scattering can be identified and discarded; however, this method does not 

remove all of the scatter events due to the limited energy resolution of the detectors. The 

most common method of scatter correction involves a direct calculation of the scatter 

distribution, acquired from the intensity of the emitted photons in an emission image, and 

knowledge of the attenuation map, from a transmission image. Using the Klein-Nishina 
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formula to model the Compton scatter interactions from which the scattered coincidences 

arise, the correction algorithm iteratively calculates the single scatter events, forming a 

scatter distribution that can then be subtracted from the total measured coincidences [11]. 

Attenuation Correction 

As annihilation photons travel through the tissue they can be scattered or absorbed, 

decreasing the likelihood that they will actually exit the body and strike a detector. The 

probability that both photons will reach their respective detectors is given by: 

P = e~me'fa2 =e'
f,(Xl+X2) (1.4) 

where fi is the linear attenuation coefficient of tissue for photons of 511 keV energy, and 

xj and X2 are the distances the photons must travel through a uniform tissue before 

reaching the detector. This effect must be corrected for as it can result in the 

underestimation of the tracer activity. Since the total attenuation is not dependent on the 

source location, attenuation factors can be measured accurately using external positron 

sources. This is achieved by acquiring two scans: a blank scan, without anything present 

in the FOV, and a transmission scan with the subject in the FOV. In both cases, data is 

collected while external sources are rotated around the FOV to sample all LORs. 

Dividing the transmission data by the blank data results in a set of probabilities for 

detecting coincident events along each LOR; these probabilities are referred to as 

attenuation factors. To correct for attenuation, the data from the scan of the subject is 

then simply divided by the attenuation factors [10]. Thus, this general correction does not 

require knowledge of the specific }i and x values, and is applicable to any combination of 
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the two quantities. To perform attenuation correction on the ECAT ART scanner at the 

UOHI, transmission and emission scans are performed using a 137Cs source [12]. 

After acquisition of the dynamic data in sinogram form and correction for the above 

effects, image reconstruction must be executed to form tomographic images of the 

volume of interest. Reconstruction is performed using analytic methods, such as filtered 

backprojection (FBP), or iterative techniques, including maximum likelihood expectation 

maximization (MLEM) and ordered subset expectation maximization (OSEM). The 

results of this process are dynamic images of the tracer distribution in the detector plane. 

At the UOHI, PET data are acquired in 3D mode and subsequently rebinned into 

equivalent 2D slices. Photon attenuation, scatter, randoms, and dead-time corrections are 

applied using the ECAT v7.2 software. FBP with a 12 mm Hann window of the ramp 

filter is then typically used to perform image reconstruction on each independent 2D 

plane. After correcting for isotope decay, images are calibrated to yield tracer 

concentration in Bq/cc. 

1.5 Cardiac Image Processing 

Following application of the appropriate corrections and image reconstruction, measured 

PET values in the heart can be obtained from the resultant images. At the UOHI, 

processing is completed using an in-house developed FlowQuant© package. With this 

software, the LV is located in the FOV by fitting partial ellipses to the data in three 
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orthogonal planes: transaxial, vertical long axis (VLA), and horizontal long axis (HLA) 

(Fig. 1.2) [13]. Following this step, automatic reorientation of the images into short-axis 

(SA) sections, taken perpendicular to the long-axis plane, is performed (Fig. 1.3). An 

image of the tracer uptake in the myocardium is formed from the mean of the last few 

time frames. Maximum myocardial activity profiles are then subsequently obtained by 

sampling the uptake image in a combined conical and planar coordinate system, and are 

utilized to define the 3-dimensional shape of the LV (Fig. 1.4). The resulting set of mid-

myocardial coordinates is used to resample the short-axis images into 2-dimensional 

dynamic polar maps (Fig. 1.5). Polar maps are a circular 2D representation of the LV 

myocardium, where the centre depicts the apex and the outermost ring represents the 

base. From the polar maps, the measured myocardial time activity curves (TACs) for 

each sector of the myocardium, Cmeas(t), can be obtained. The arterial blood time-activity 

curve, Ca(t), is obtained from the average of 12 short-axis image regions placed 

automatically in the center of the cavity and base regions of the LV and in the center of 

the left atrium (Fig 1.3). Typical blood and myocardial TACs are shown in Figure 1.6. 

Figure 1.2: (A) Transaxial, (B) VLA, and (C) HLA slices of the myocardium. The 
LV was located in the FOV by fitting partial ellipses to the images in the three 
orthogonal planes. 
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Figure 1.3: Sampling of the SA slices. The myocardium was sampled to define the 
activity in the tissue. The arterial blood TAC was obtained by averaging the last 12 
SA image regions placed automatically in the center of the cavity and base regions 
of the LV and in the center of the left atrium, as shown by the white circles in the 
center of the SA slices. 

Figure 1.4: Sampling of the (A) VLA and (B) HLA. The dotted white lines indicate 
the planes along which the SA slices were sampled. At the apex, conical sampling 
was used as it better approximates the shape of the LV in that region, whereas 
planar sampling was used for the remainder of the LV. The blood pool activity is 
sampled in the cavity (Q, base (B), and atrium (A) regions. 
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Figure 1.5: (A) 2D representation of the LV in polar map format. The centre 
represents the apex and the outermost ring represents the base. The colours are 
representative of the uptake (%) of the tracer in the myocardial tissue, where red 
indicates maximal uptake and blue indicates the absence of uptake. (B) 3D view of 
the data that is presented in the polar map. 

10 12 
Time [min] 

Figure 1.6: Blood and myocardial TACs. The solid red line represents the overall 
blood TAC, which is the median of the TACs from the cavity (magenta dashed line), 
base (cyan dashed line) and atrium (green dotted line) regions. The solid blue line is 
the measured myocardial TAC. 
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In reality, the measured myocardial TAC, Cmeas(t), is not purely the signal measured from 

the myocardial tissue. In an ideal scenario, the intensity of each pixel in a PET image 

would be proportional to the concentration of activity corresponding to that particular 

volume of tissue within the subject. However, due to the finite spatial resolution of the 

PET scanner and organ motion due to the respiratory and cardiac cycles, the PET images 

are blurred, leading to a mixing of activity from adjacent pixels. This effect is known as 

partial volume (PV) averaging [14]. 

The effects of PV averaging are divided into two categories: spillover and PV losses. 

Spillover occurs when the target pixels in the region of interest (ROI) have lower activity 

than the pixels in the surrounding regions and the activity from those regions appears to 

"spill over", or blur, into the ROI. This leads to an overestimation of the true activity 

within the ROI. However, if the converse occurs and the activity from the ROI blurs into 

the pixels of adjacent regions, this effect is referred to as PV loss. PV losses result in an 

underestimation of the true activity in the ROI. This effect manifests itself when the 

object of interest is less than twice the size of the reconstructed image resolution. 

Both of the PV averaging effects are problems for cardiac PET imaging of the 

myocardium. Typically, activity from the arterial blood pool in the cavity of the LV spills 

over onto the myocardium in a PET image, resulting in an overestimation of activity, 

particularly in the first-pass transit through the heart. Additionally, the thickness of the 

LV wall is usually on the order of 8 - 12 mm, while a typical clinical reconstructed image 

has a resolution in the range of 10 - 15 mm, resulting in an underestimation of the true 
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myocardial activity. An example of these effects for the activity in a 10 mm thick 

myocardial wall and 10 mm scanner resolution is shown in Figure 1.7. These problems 

are compounded by the facts that the myocardial wall thickness is not constant over the 

entire LV, and some parts of the myocardium are more susceptible to motion than others. 

This is typical of the apex, which is thinner and undergoes more motion than the 

outermost parts of the LV, resulting in its activity being commonly underestimated (Fig. 

1.8). If left uncorrected, these effects can lead to inaccurate quantification of the 

processes of interest in cardiac PET imaging, such as MBF, potentially leading to 

misdiagnosis of disease in patients [15]. 

To correct for PV averaging, a recovery coefficient (RC) can be used. RC is expressed as 

the ratio of the measured activity to the true activity, as shown in Figure 1.7. In effect it 

quantifies the PV losses. Its value can be estimated for different regions of the 

myocardium using tracer kinetic modeling, or a fixed value for RC can be assumed. Once 

determined, the parameter of interest is corrected by this factor to obtain its true value. 

This concept is further discussed in the context of kinetic modeling in Chapter 2, section 

2.2 and Chapter 3, section 3.4. From the TACs obtained from the processed images, 

tracer kinetic modeling techniques can be applied to quantify the biological parameters of 

interest, such as MBF and flow reserve, which are discussed in the subsequent sections. 
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Figure 1.7: PV averaging in a simulated 10 mm thick uniform myocardial wall with 
10 mm scanner resolution. The line profile shows that the peak activity in the wall is 
underestimated by 24% (RC = 0.76). 

82 Figure 1.8: Rb VLA image of the LV from a normal subject. In a healthy subject, 
uniform uptake should be observed in the entire myocardial wall; however, due to 
PV effects at the apex, it appears that the activity is reduced (black arrow). In 
patients, this could lead to a misdiagnosis of disease. 
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1.6 Myocardial Blood Flow and Flow Reserve 

Determination of regional MBF, or myocardial perfusion, in humans, is an important 

prognostic marker for patients with heart disease. MBF can be determined on both 

relative and absolute scales. On a relative scale, MBF is represented qualitatively as a 

measure of the tracer uptake into the tissue. In absolute terms, MBF is a measure of the 

quantity of blood supplied to a given volume of tissue per unit time, and is expressed in 

units of mL/min/g. By obtaining relative or absolute estimates of blood flow in the 

resting state and under exercise conditions, myocardial flow reserve (MFR) can be 

obtained. MFR is defined as the ratio of maximal blood flow/resting flow in the LV 

myocardium. Assessment of myocardial perfusion and flow reserve can be performed 

using PET with a number of tracers, as described in the subsequent section. 

1.7 PET Tracers for Blood Flow Imaging 

For cardiac applications, tracers can be used to investigate blood flow to the myocardium, 

as well as myocardial viability and receptor function. The most common cardiac PET 

tracers and their uses are listed in Table 1.2. The majority of these PET tracers are 

produced in a cyclotron by bombarding a specific target nucleus with a beam of high 

energy protons, transforming the initial nucleus into a proton rich isotope. In many cases, 

the isotope must then undergo additional chemical reactions to be synthesized into a 

tracer molecule. As this process is complex and expensive, with the short tracer half-lives 

requiring each scanning facility to have an on-site cyclotron, there has been a shift 
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towards developing simpler and more cost-effective alternatives, particularly for blood 

flow imaging. 

Table 1.2: Commonly used PET tracers [16] 

Tracer 

18F-FDG 
nC-acetate 
13NH3 
150-water 
82Rb 

Isotope Half-
life (min) 

109.8 
20.4 
9.97 
2.03 
1.27 

Application 

Metabolism 
Metabolism 
Perfusion 
Perfusion 
Perfusion 

Mode of 
Production 
Cyclotron 
Cyclotron 
Cyclotron 
Cyclotron 
Generator 

For imaging blood flow, the ideal tracer would be one that is freely diffusible across the 

capillary and cell membranes and fully extracted in proportion to blood flow from the 

arterial blood pool into the tissue on the first pass through the heart. Additionally, such a 

tracer should be physiologically retained in the tissue once taken up, and have a long 

enough half-life to permit production and subsequent imaging. Practically however, none 

of the current tracers that are used for blood flow imaging satisfy all of these criteria [17]. 

The clinical standard tracer for quantitative flow imaging is 13NH3. With a relatively long 

half-life of 10 minutes, this freely diffusible tracer passively crosses the capillary and cell 

membranes to enter the tissue, being nearly fully extracted on the first transit through the 

circulation in proportion to blood flow at low flow rates, and is subsequently retained in 

the tissue by conversion into 13N-glutamine. However, the net retention of the tracer in 

1 ^ 

the tissue decreases as flow rates increase [17], and the cost of producing NH3 is quite 

substantial. A cost-effective alternative for blood flow imaging that is the focus of this 
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research is the generator-produced tracer 82Rb. This tracer is the clinical standard for 

qualitative, or relative, myocardial perfusion imaging, with PET. 

82Rb is a first column element in the periodic table that can act as a potassium analog. 

The rubidium cation (Rb+) can replace the potassium cation (K+) in the sodium-potassium 

ion exchange system and thus be actively transported across the cell membrane and into 

the tissue, where it is normally retained. 82Rb is produced using a 82Sr/82Rb generator 

[17]. With a half-life of 25.5 days, Sr can be used continuously over a period of 

approximately 8 to 10 weeks to produce 82Rb by decay. Once formed, 82Rb can be 

directly infused into the patient as RbCl for imaging through the advent of generator 

infusion systems [18]. With a relatively short half-life of 76 seconds, this permits rapid 

turnaround between successive scans in the same patient as the tracer quickly decays into 

stable krypton (82Kr). This also minimizes the radiation exposure to the patient. However, 

82Rb is not as highly extracted on the first pass transit through the circulation as 13NH3, 

making it a less than ideal blood flow tracer [19]. Yet, this tracer is more practical and 

economical. The development of this mobile alternative is permitting centres that would 

otherwise be unable to assess blood flow due to their lack of a cyclotron, to provide more 

thorough non-invasive diagnoses to patients. Relative and absolute methods used for 

imaging of MBF and MFR with 82Rb and 13NH3 are discussed in the following sections. 



CHAPTER 1 - Positron Emission Tomography for Cardiac Imaging 22 

1.8 Relative Myocardial Perfusion Imaging with PET 

Relative perfusion imaging is an accurate method for identifying perfusion defects in 

patients in whom a region of the heart with relatively normal myocardial perfusion exists 

and can be used for qualitative, comparative measures of net uptake and clearance of the 

tracer. Relative perfusion imaging with 82Rb has been demonstrated for the accurate 

detection and localization of single-vessel coronary artery disease (CAD) with PET most 

recently by Bateman et al. [20]. However, patients lacking a truly normal region, such as 

those with disease in all three major coronary vessels, may be incorrectly evaluated or 

misdiagnosed. In these cases, quantification of absolute MBF may be advantageous. 

1.9 Absolute Myocardial Blood Flow Imaging with PET 

Absolute, or quantitative, perfusion imaging is performed using mathematically and 

physiologically appropriate models to describe the biological behaviour of the 

administered radiotracers in myocardial tissue over time. It has been shown in previous 

work that quantification of myocardial perfusion with dynamic PET imaging may 

improve the detection of severe or balanced multi-vessel CAD [21,22]. Absolute flow 

imaging with 82Rb can also be used to measure MFR which may further aid in the 

functional assessment of coronary artery stenoses (narrowings) [23,24]. MFR 

measurements are also effective in defining the extent of microvascular dysfunction in 

various cardiomyopathies, and may aid in the early detection of atherosclerotic disease in 

asymptomatic patients with coronary risk factors such as diabetes, hyperlipidemia, 
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hypertension and smoking, as described in recent reviews by Kaufmann et al. and 

deKemp et al. [16,25]. 

The cyclotron-produced tracers 150-water and 13NH3 are widely accepted for the accurate 

i -) 

quantification of absolute MBF and MFR with PET. NH3 is used clinically for relative 

MPI [26,27], as well as absolute flow quantification via compartmental modeling 

[28,29,30,31]. Compartmental models of 13NH3 have been validated in human studies, 

most recently by Nitzsche et al. [32]. In PET centers without a cyclotron, the generator-

produced tracer Rb is used increasingly to image relative myocardial perfusion, as 

discussed in a review by Di Carli et al. [19]. Quantification of myocardial blood flow and 

MFR using 82Rb PET and compartmental modeling has also been validated in animals 

[33,34] and most recently in human studies using a one-compartment model by Lortie et 

al. [35], and a two-compartment model by Lin et al. [36]. While compartmental models 

are commonly used for flow quantification, they are relatively complex as compared to a 

simpler retention model, which is a robust method that may allow for more routine 

clinical quantification of flow and MFR [24]. As demonstrated by Choi et al. [31] and 

Yoshida and colleagues [24], the net retention method is computationally simple and can 

generate precise flow estimates with both 13NH3 and 82Rb, in normal myocardium. 

Recent work by Santana et al. has demonstrated that stress 82Rb PET images of relative 

myocardial perfusion can be compared with a database defining the regional lower limit 

of normal to aid in the diagnosis and localization of CAD [37]. However, similar 

diagnostic databases defining the normal range of absolute MBF and MFR have only 
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been reported using 13NH3 PET and compartmental modeling [21,22]. The analysis 

methods used in the present study to obtain measurements of MBF and MFR, and to form 

normal population databases with 82Rb are discussed in the remaining chapters. 

1.10 Thesis Overview 

Chapter 2 describes the technique of kinetic modeling for processed dynamic PET images 

and explores the concept of tracer extraction, including a description of the common 

compartmental models used to describe the kinetics of 13NH3 and 82Rb. The development 

of a simplified net retention model for the analysis of the biological behaviour of the 

radiotracers in tissue over time is explored in Chapter 3. The work presented in section 

3.4 on the development of extraction corrections for the net retention model was 

presented orally and published as an abstract for the 2008 Society of Nuclear Medicine 

Annual Meeting [2]. Chapter 4 examines the purpose of normal population databases and 

the use of the net retention model as well as the compartmental models for the formation 

of such databases. The results from section 4.3 were presented as a poster and published 

in a short manuscript in the conference proceedings for the 2007 IEEE Nuclear Science 

Symposium and Medical Imaging Conference [1]. The subsequent use of the normal 

population databases to detect and localize disease in patients is addressed in Chapter 5. 

This includes an analysis of the receiver operator characteristics, sensitivity, and 

specificity of the databases. The concluding chapter summarizes the findings of this 

research project and discusses potential future work. 
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2.1 Principles of Kinetic Modeling 

Dynamic PET studies provide a measure of the activity of an injected radiotracer in the 

body over time. By acquiring this data, information about the behaviour of the tracer in 

the system can be determined and further used to assess specific biological functions. To 

quantify this dynamic process, tracer kinetic modeling is used. 

Tracer kinetic modeling describes the time-varying distribution of a radiotracer in the 

body by imposing a mathematical model on the biological system. Most applications of 

tracer kinetic principles are based on compartment models. Compartmental modeling is a 

mathematical technique that represents systems as a collection of a finite number of 

compartments containing varying amounts of radioactive tracer. The model requires input 

of the TAC of the tracer, which can be determined by sampling the arterial blood cavity 

regions from the measured PET data, as previously described in section 1.5. The output 

of the model is the TAC of the tissue of interest, in this case the myocardium. A 

compartment is defined as a volume wherein the tracer becomes homogeneously 

distributed at a rate that is assumed to be instantaneous, or more practically at a rate that 

is at least more rapid than the rate of tracer exchange between compartments. Each 

compartment is a representation of a separate physical space within the system, such as 

-25-
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the vascular versus the extravascular tissue space, or a unique chemical form or 

pharmacological state of the tracer, such as bound versus unbound receptor ligand [10]. 

Compartments are linked to adjacent spaces by kinetic processes, providing pathways for 

tracer exchange. Tracer kinetics describe the speed at which the tracer is transferred 

between compartments using a set of rate constants. In cases where two compartments 

represent different physical spaces, the rate constants linking them are representative of 

flow or transport across a physical boundary, whereas the rate constants represent 

transformation rates in cases where the adjoining compartments are different chemical or 

pharmacological states. These parameters form the basis of first-order differential 

equations, which follow the law of conservation of mass, and describe the concentration 

of the radiotracer in the compartments as a function of time. A generalized compartment 

model is shown in Figure 2.1 [38]. 

INPUT 

Ca(t) 

OUTPUT (CJt)) 

\ ki 

1 

bound ary 

Ci(t) 

1 
k2 

ks 

C2(t) 

Figure 2.1: A generalized two-compartment model, including two distinct 
compartments wherein, the tracer concentration is denoted by C/t), and three rate 
parameters, ft,-, describing the rate of tracer exchange between adjoining 
compartments [38]. 

This depiction consists of two distinct compartments linked by three rate parameters. The 

arrows that point to the right indicate influx of tracer into the compartments, whereas the 
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down-pointing arrow represents efflux, in units of inverse time (min'1). The input to the 

model is the arterial blood TAC, CJt), and the output is the myocardial TAC, Cm(t), 

which is the sum of the tracer concentration in the first and second compartments. The 

differential equations that describe the rate of tracer exchange between the compartments 

can be expressed as follows: 

dt 

dC2(t) 

= klCa(t)-k2Cl(t)-k3Cl(t) (2.1) 

= *3C,(0 (2.2) 
dt 

where dCt(t)/dt represents the rate of change of tracer concentration in compartment i; 

Cj(t) and C2(t) represent the concentration of tracer in the first and second compartments, 

respectively. The solutions to first-order linear differential equations of this form are 

expressed as exponentials convolved with the input function. As there are two 

compartments in this case, the general solution is a biexponential curve. However, when 

there is no efflux of tracer from the second compartment, as is the case in this example, 

the expression simplifies to the following [28]: 

CJt) = Cl(t) + C2(t) = - ^ e - ^ ' ® C ^ ) + -^^)ca(T)dT (2.3) 

where <8> represents the 1-dimensional convolution operator. By fitting this model to the 

measured tissue TAC, the values of the rate constants can be determined using a non

linear regression technique. Quantitative representations of specific biologic processes, 

including blood flow, can then be obtained either directly from the parameter estimates or 

through subsequent relationships between the parameters and other factors, such as tracer 

extraction [38]. 
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2.2 Tracer Extraction 

A tracer is exchanged between the blood and tissue space via diffusion or active transport 

across the physical boundary of the capillary wall. While tracer uptake from the blood 

pool into the tissue is dependent on blood flow, it is also governed by the extraction of 

the tracer into the tissue. The first-pass unidirectional tracer extraction fraction is defined 

as the amount of tracer extracted from the blood, through the capillaries and into the 

tissue during the initial transit of the tracer through the circulation, without consideration 

of back-transfer from the tissue into the blood. Since tracer extraction occurs through 

capillary membranes, the extraction fraction depends on the surface area of the 

capillaries, S, the permeability of the capillaries to the tracer, P, and the blood flow 

through the capillaries into the tissue (myocardium), MBF. P and S form the 

permeability-surface area product (PS) which is unique to a given tracer [10,39,40]. A 

simple model relating these quantities is the Renkin-Crone model, whereby the capillary 

is represented as a rigid tube (Fig. 2.2). According to this model, the unidirectional tracer 

extraction, E, is represented as: 

E(MBF) = \-e-psimF (2.4) 

However, experimentally measured extraction fractions have been shown to be larger at 

higher flow values than this equation predicts, indicating that the PS product is not 

constant but rather increases with increasing flow due to increased capillary recruitment 

at high flow. Thus, the model was modified to reflect this dependence as follows [17]: 

E(MBF) = 1 - e-
iA+BMBF)IMBF (2.5) 
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where (A+B*MBF) is the flow-dependent PS product, and A and B can be experimentally 

obtained for a particular tracer by fitting this relationship to measured uptake rate data. 

The tracer uptake is then represented as the product of the unidirectional (first-pass) 

tracer extraction and blood flow. 

4 4 4 4 4 

MBF A"! ' ' i «~̂ \ MBF 

i i i i i 
PS 

Figure 2.2: Renkin-Crone capillary model of tracer extraction. The capillary is 
assumed to be a rigid tube with the extraction of tracer from blood to tissue 
described by the permeability-surface area product (PS), and the blood flow 
through the capillary is represented as MBF [10]. 

For most of the physiologically retained tracers used to measure blood flow, the 

extraction fraction is less than unity and decreases with increasing flow due to the 

reduced time for tracer exchange to occur across the membrane at high flow rates. As 

shown in Figure 2.3, while an ideal, freely diffusible perfusion tracer, such as 150-water, 

is nearly 100% extracted at all flow ranges, NH3 is also considered to be essentially 

100% extracted except at high flows, which are generally outside the physiologically 

relevant range; however, 82Rb demonstrates a substantial decline in flow-dependent 

extraction at higher flow values. Therefore, in order to obtain accurate flow estimates for 

such tracers using a compartment model, the uptake rate of the tracer must be corrected 

for tracer extraction. This is accomplished by including the tracer-specific extraction 

fraction, E, in the kinetic model of tracer uptake. This concept is further addressed in the 
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subsequent sections, which discuss the compartmental models used for NH3 and Rb 

cardiac PET imaging, with a focus on those used specifically in this research project. 

0 0.5 1 1.5 2 2.5 3 

MBF [mL/min/g] 

Figure 2.3: Uptake rate of flow tracers in the myocardium as a function of MBF. 
The uptake is the product of the unidirectional (first-pass) extraction and MBF. 
Note that the extraction of 82Rb declines noticeably at high flow rates, whereas that 
of the ideal blood flow tracer, lsO-water, remains consistent at unity, and the 
extraction of 13NH3 drops off slightly at high flow values (adapted from [16]). 

2.3 Two-Compartment Models 

1 3 

Two-Compartment Models for NH3 

The kinetic properties of 13NH3 in the myocardium are commonly described using a 2-

compartment model, as depicted in Figure 2.4 [28]. This method gives a complete 
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physiological description of the kinetics of 13NH3 in the body. The input to the model is 

the concentration of 13NH3 in the arterial blood, Ca(t). Since 13NH3 is rapidly metabolized 

in the liver into the molecular by-products of urea and glutamine, the arterial blood 

activity is actually a combination of 13NH3 and its metabolites. Therefore, to obtain a 

correct estimate of the model parameters, the arterial blood component must be corrected 

for the presence of ammonia metabolites in the system. A metabolite correction of the 

form: 

Ci(t) = e-H2Ht-0AS)/6(,9xCa(t) 

can be applied to the measured blood curve Ca(t) to obtain Ca(t) [41,42]. 

(2.6) 

INPUT 

K, 
4-+. Extravascular 

space 
CE(t) 

Capillary wall 

OUTPUT 

k3 Metabolically 
bound 
CG(t) 

Myocardium Cm(t) 

k2 

13* Figure 2.4: Two-compartment model describing the uptake and retention of NH3 

in myocardial tissue. K/ represents the exchange of ammonia between the arterial 
blood and the extravascular space. k2 reflects the washout of ammonia from the 
extravascular space, and kj describes the rate at which 13NH3 is metabolized into 
glutamine [28]. 

The first and second compartments in the model comprise the total concentration of 

13NH3 in the myocardial tissue, Cm(t). This volume is further broken down into the 
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extravascular space, CE(0 and the metabolically bound space, CG(0. The extravascular 

space represents the concentration of intracellular and extracellular 13NH3 in the 

myocardial tissue of the heart, while the metabolic space describes the intracellular 

concentration of metabolized 13NH3 (glutamine) in the myocardium. The parameters Ki, 

k2, and £j are rate constants describing the tracer movement between compartments. Kj 

expresses the rate of 13NH3 uptake into the tissue (mL blood/g tissue/min), and serves as a 

direct estimate of MBF since the unidirectional extraction of the tracer across the 

capillary membrane is near unity over a wide flow range [27]. The parameter &? describes 

the rate of ammonia washout from the tissue (min"1), and £3 characterizes the rate at 

which metabolized 13N-glutamine is formed (min"1) [43]. Note that K; is denoted with an 

uppercase K as the units of this parameter are different than the other rate constant units 

of min"1. 

The model compartments and rate constants can be characterized by a set of first order 

differential equations: 

= KxCa(t)-k2CE(t)-kiCE{t) (2.7) 

= *,C*(0 (2-8) 
at 

1 "\ • • • • 

This system describes the rate of change of NH3 concentration in the myocardial tissue 

over time for each compartment of the model. The solution of these equations describes 

Cm(t), the concentration of 13NH3 in the myocardial tissue as a function of time [28], and 

is expressed in Eq. 2.3, with the exception that Kj is capitalized in this case. 

dCE(t) 
dt 

dCc(t) 
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To account for the issues of spillover from the blood pool and partial-volume recovery, 

the following geometric model is used: 

Cmeas(t) = FaCa(t) + (\-Fa)Cm(t) (2.9) 

where Cmeas (t) is the measured myocardial tracer concentration, Fa is the fractional blood 

volume spillover and (1 - Fa) is an equivalent estimate of RC, thus it corrects for regional 

partial-volume loss in the myocardium [15]. By fitting these equations to the blood and 

myocardial tissue TACs, the model parameters (Kj, k,2, ks, Fa) are estimated using a 

weighted least squares method [44] with weights equal to the square-root of the frame 

lengths. This method ultimately provides a direct quantitative representation of perfusion 

(Ki), which is the primary parameter for the assessment of disease severity in cardiac 

studies. 

A variation of this model is the constrained method, where fo is set to a constant fraction 

of Kj. This stabilizes the values in the low-flow regions by reducing the number of 

parameters to estimate simultaneously [45]; however this results in a trade-off in the 

precision versus the accuracy of the parameter estimates and as such this model is not 

commonly utilized. 

An alternate two-compartment model that can be used for the evaluation of MBF with 

13NH3 [30], is depicted in Figure 2.5. In this model, the freely diffusible 13NH3 in the 

vascular and extravascular spaces is represented as one compartment (freely diffusible 

space), and the second compartment represents the same metabolically-trapped N-

glutamine (trapped space). However, unlike the previously described two-compartment 
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model, the rate constants, K] and fo, represent the influx and efflux of tracer between the 

two compartments, rather than between the arterial blood and the tissue compartments. 

The concentrations of tracer in the freely diffusible and metabolically-bound 

compartments are denoted by Cp(t) and Cj{t), respectively. Ca(t) is the arterial blood pool 

tracer concentration (Bq/cc) and DVis the volume of distribution for 13NH3 (mL/g). DV 

is the ratio of the tissue and blood tracer concentrations when the concentrations have 

reached a state of equilibrium, i.e. when the net tracer flux between the two 

compartments is zero. While the name may seem to be a misnomer as it is stated to 

represent a ratio of concentrations, it is called a volume as it is equivalent to the volume 

of blood that contains the same activity as 1 g of tissue. Furthermore, since the net 

exchange of tracer is zero at equilibrium, DVcstn also be expressed as: 

k, 
(2.10) 

This parameter is useful since it is often easier to solve for DV in the model fitting 

algorithm rather than attempting to estimate its individual component parameters [46]. 

INPUT OUTPUT 

Capillary wall 

Figure 2.5: Alternate two-compartment model for 13NH3. Ki and fo reflect the 
transfer of tracer between the freely diffusible and trapped compartments [30]. 
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The following equations characterize the rates of change within the model [30]: 

dCF (t) _ [{K, + MBF) x CF (t)] 

dt DV 

dCT(t) _foxCf(0) 

[ + k2xCT(t) + MBFxCa(t) (2.11) 

dt DV 
k2xCT(t) (2.12) 

The biexponential solution to this set of equations is expressed as [34]: 

= [MBFx(Kl+k2-A)]c_Axt [MBFx{B-K,-k2)] Bxt 
mK> B-A B-A K ' ) 

where 

A,B = a+^a2~4b-, (2.13a) 

(2.13b) 

(2.13c) b = 

MBF 
DV + K.+ 

MBF 
DVxk2 

K 
and 

As in the previous two-compartment model, the measured concentration is expressed 

using the geometric model, which is combination of the arterial blood and myocardial 

concentrations, corrected for PV losses and spillover (Eq. 2.9). However, this model has 

added complexity since an additional parameter (MBF) must be determined during the 

model fitting, in addition to the other parameters (K/, k2, DV, Fa). Furthermore, in this 

model it is assumed that the reduction in 13NH3 extraction at high flows is non-negligible 

due to slow metabolic conversion of the compound, thus Kj must be corrected for tracer 

extraction in order to obtain a true estimate of MBF according to [26]: 
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K, = MBF x E(MBF) = MBF x [1 - 0.607e_125,MBF ] (2.14) 

Finally, rather than use the full blood and myocardial TACs, this model uses only the first 

90 seconds, removing the need for a metabolite correction of the arterial input, Ca(t). 

Two-Compartment Model for Rubidium-82 

A two-compartment model for 82Rb that is equivalent to the alternate model for 13NH3 

has also been developed (Fig. 2.5) [33,34]. As in the alternate 13NH3 model, DV is the 

distribution volume in the first compartment and Ca(t) is the arterial blood concentration. 

In contrast to the previous model, CF(0 and Cj(t) are the tracer concentrations in the 

vascular and intracellular spaces, respectively. The blood flow is represented by MBF. 

The solution to the model is given in Eq. 2.13, and the measured concentration follows 

Eq. 2.9. Use of this model has, however, been limited since large estimation errors arise 

when: 1) the model parameters are left free to be determined independently during the 

fitting, and 2) noise is present in the data, which in realistic terms is always the case. In 

light of these significant limitations, a simulation study was conducted in which it was 

determined that a simple one-compartment model was adequate for detecting differences 

in MBF [47]. 

2.4 One-Compartment Models 

Another method that can be used to assess the kinetics of 13NH3 is the one-compartment 

model (Fig. 2.6). This model is a simplification of the two-compartment model in that it 



CHAPTER 2 - Tracer Kinetic Modeling 37 

disregards the metabolically bound space (fo = 0) and it only uses the first four minutes of 

TAC data as input [29]. As in the initially presented two-compartment model, Kj 

provides a direct estimate of MBF in mL/min/g. 

INPUT 

K] 

OUTPUT 

Myocardium Cm(t) 

Extravascular 
space 

cm 

Capillary wall k2 

Figure 2.6: One-compartment model describing the uptake and retention of 13NH3 

in myocardial tissue. K, represents the exchange of 13NH3 between the arterial blood 
and the extravascular space, and k2 reflects the washout of ammonia from the 
extravascular space [29]. 

The single differential equation that describes this model is expressed as: 

dCm(t) 

dt 
KxCa(t)-k2CE(t) (2.15) 

The solution to this first-order differential equation is as follows [35]: 

k-J 
Cm(t) = Kle-*®C.(t) (2.16) 

Similarly to the two-compartment model, the measured myocardial concentration follows 

Eq. 2.9, and a metabolite correction is applied to the arterial blood concentration. 

As an alternate formulation of this model, the distribution volume parameter DV (Eq. 

2.10) can be used, whereby the myocardial concentration is: 
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Cm(t) = Kxe-^IDV)t ®Ca(t) (2.17) 

With this method, only Kj and DV are required to be estimated during the model fitting. 

This method has been called the one-compartment DV model. As an additional measure 

to simplify model fitting, DV can be set to a constant value, with the method then 

becoming the one-compartment constant-DV model, which requires solving for Ki only. 

Similarly to 13NH3, MBF can be quantified with 82Rb using the same one-compartment 

model depicted (Fig. 2.6) over the full time course of the scan (10 minutes) rather than 

the first 4 minutes only. To obtain accurate MBF estimates, Kj is corrected for tracer 

extraction using the modified Renkin-Crone technique (Eq. 2.5). The following PS 

function determines the unidirectional extraction of tracer from blood to tissue [35]: 

PSi2 RbKi (MBF) = 0.63 + 0.26MBF (2.18) 

Additionally, as Rb is not metabolized, a metabolite correction is not applied to the 

arterial blood concentration. This model was recently validated for the quantification of 

MBF in human subjects [35]. Finally, as with 13NH3, the one-compartment DV and 

constant-DV models can also be used to describe the kinetics of 82Rb, with the exception 

that a metabolite correction is not required. 

2.5 Implementation of Compartment Models 

For the purposes of this research, the two-compartment model [28], one-compartment 

DV and one-compartment constant-DV models were used to generate estimates of MBF 
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with 13NH3. Similarly for 82Rb, the one-compartment, one-compartment DV and one-

compartment constant-DV models were employed. These models were chosen as they 

were considered to be the most robust of all the variations. Additionally, the 13NH3 two-

compartment model was used as the gold-standard for validation of the MBF 

measurements obtained from the other 13NH3 models and the 82Rb method, as it 

characterizes the true physiology and is the current quantitative clinical imaging standard 

[48]. The selected models were implemented in MATLAB according to the model-

specific equations discussed above, and incorporated into the FlowQuant© software. The 

parameters of the models (13NH3: Kh k2 or DV, k3, Fa;
 82Rb: K,, k2 or DV, Fa) were 

estimated iteratively using a non-linear weighted least squares technique [44] with 

weights equal to the square-root of the frame lengths. 

The determination of solutions to the full compartment models often requires numerous 

iterations. This is a computationally intensive process that is not amenable for immediate 

interpretation and does not always result in convergence to a valid solution. It is for these 

reasons that the previously discussed simplified kinetic models were developed. 

However, these reduced kinetic models may still require a lengthy iterative process 

before reaching a final solution. This is undesirable for clinical use where the data of 

multiple patients must be processed daily. A more robust method is one that can be 

evaluated directly, in an analytical fashion, such as the simplified net retention model that 

is explored in the following chapter. 



CHAPTER 3 - Development and Validation of a Simplified Net 
Retention Model 

3.1 Principles of the Simplified Net Retention Model 

The net retention model is a simple first-pass method that is used to estimate the net 

retention rate (R) of a tracer in the myocardium by capturing the early tracer kinetics 

(Fig. 3.1). It is based on the assumption that all of the tracer is extracted from the blood 

into the tissue on the first transit of the tracer through the LV. This model is a 

simplification of the one-compartment method presented in the previous chapter; it 

assumes that washout, or back-diffusion, of tracer from the tissue does not occur, thus fe 

= 0. Substituting this value into the solution of the one-compartment model (Eq. 2.16), 

and recognizing that the rate parameter linking the arterial blood pool in the myocardium 

is R (mL/min/g) rather than Ki, the following expression describing the myocardial 

concentration is obtained: 

Cm{t) = R®Ca(t) (3.1) 

Note that this expression is also evaluated at a particular time T, a further simplification 

from the compartment model. The parameter of interest, R, can then be computed 

directly, without the need for least-squares fitting, by rearranging Eq. 3.1 as follows [24]: 

R = Cm(T)/RC =ExMBF ( 3 2 ) 

\Ca{t)dt 

-40-
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where Ca(t) is the arterial blood concentration integrated from zero to time T. The 

parameter RC has also been added to correct for partial volume losses. Using this 

relationship, the net retention values can then be corrected for extraction (E) as indicated 

to acquire an estimate of MBF. 

INPUT OUTPUT 

Capillary wall 

Figure 3.1: Simplified net retention model describing the uptake and retention of 
activity in myocardial tissue. R represents the uptake of tracer from the arterial 
blood pool into the myocardial tissue. 

This model is advantageous as it gives a physiologically relevant description of both the 

microvascular spaces within the tissue and the kinetic behaviour of extracted tracers, 

making it well suited for the analysis of MBF with Rb and NH3. Additionally, the 

method is simple and easily applicable in routine clinical use [24]. The development and 

implementation of this model for use with Rb and NH3 in this project are descnbed in 

the proceeding sections. 



CHAPTER 3 - Development and Validation of a Simplified Net Retention Model 42 

3.2 Determination of a Correction for Partial Volume Losses 

To correct for myocardial partial volume loss, a single RC parameter was used. The RC 

value was determined using a cardiac motion simulation program. In brief, this program 

performed a convolution of the one-dimensional activity distributions (or profiles), 

defined with an arbitrary activity concentration of 1.0, with the point spread function 

(PSF) of the scanner to generate a simulated PET image. This was accomplished by 

modeling the LV as an ellipsoid with 10 mm myocardial wall thickness at end-diastole, a 

sinusoidal LV volume curve and a Gaussian PSF with a 15.6 mm full width at half 

maximum (FWHM) [49]. Using this simulation, the RC value was determined to be 0.66. 

3.3 Optimization of the Arterial Blood Integration Time 

The integration time, T, for the arterial blood concentration was determined by 

comparison with a modified gamma variate fit to the first-pass blood input curve. This 

method was first suggested by Thompson where he demonstrated that the transit time of 

the tracer in arterial blood following a bolus injection could be modeled using the 

probability density function representing a modified gamma variate relationship [50]: 

Ca{t) = ~-^-—At-rf-X)-e-^lp (3.3) 
p xT(a) 

In this expression, A represents the area under the arterial blood input curve up to an 

endpoint corresponding to 50% of the peak blood activity value, a and /3 are distribution 

parameters that are determined during model fitting, T is the delay time between the time 
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of injection and the initial rapid rise in uptake of the tracer into the blood, and T is the 

gamma function. 

The gamma variate was used for the integration as it closely approximates the shape of 

the sharp peak of the blood input curve, which is typical of the case when the tracer is 

injected as a bolus; however, there are certain cases where the tracer infuses slowly rather 

than being a true bolus. Thus, a method that works reliably in both situations was 

required. A 'fixed-time past the peak' integration method was developed, as expressed in 

Eq. 3.1, where T is set to a fixed time past the time of the peak activity of the arterial 

blood input curve. To validate this method, the net retention model was implemented in 

the FlowQuant© software with both of the arterial blood integration techniques. The 

model was then applied to the rest and stress 13NH3 data from 14 healthy volunteers first 

using the gamma variate integration of the blood input curve to determine the R values 

for each subject. The gamma variate was fit to the blood input curves using a non-linear 

least squares algorithm, which estimated the distribution parameters a and /3 and 

subsequently fit the model, expressed in Eq. 3.3, to the data to obtain the blood integral. 

An example of the gamma variate fit to the data of a normal subject is shown in Figure 

3.2. The arterial blood curves which were best approximated by the gamma variate were 

then selected from the group of 14 subjects and the mean retention values across the 

group were tabulated. 



CHAPTER 3 - Development and Validation of a Simplified Net Retention Model AA 

3.5 

3 

2.5 

CD Z 

< 
1 

0.5 

0 
[ 

x10" 

) 2 4 6 

-

. 

-

-

8 1 
Time [min] 

Figure 3.2: Gamma variate fit to the arterial blood input curve of a normal subject. 
The gamma variate fit is shown in green, with the endpoint indicated by a magenta 
block. The blood input curve is displayed in red, while the myocardial TAC is 
shown in blue. 

The fixed-time integration method was subsequently applied to the selected group of 

subjects with an explicit integration of the arterial blood input curve, as shown in Eq. 3.2. 

The times tested were 1.1, 1.15, 1.2 and 1.4 minutes past the arterial blood peak. These 

times were chosen based on the average of the gamma variate endpoint, as tabulated from 

the selected group of subjects. To determine the arterial blood integral value, integration 

was performed on the arterial blood TACs from the cavity, base and atrium of the LV. 

The three integrals were then averaged to obtain a single value for [ Ca (t)dt that was 

fully representative of the overall arterial blood activity in the interval of 0 to T, as 

displayed in Figure 3.3. The myocardial concentration was evaluated at the end 

integration time, T. The R values obtained for the subjects using this technique were then 

averaged for each integration endpoint. 
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Uptake Mean = 1.13155e+006 [Bq/cc] 
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Figure 3.3: Net retention model output for 82Rb. Arterial blood TACs (solid red 
lines) are shown for the (A) cavity, (B) base, and (C) atrium regions of the LV. The 
dotted red lines in each regional plot indicate the shape of the blood TACs in the 
other regions. The period of integration from 0 to time T is represented by the green 
lines. The value of the blood integral is given by BLint in units of min-Bq/cc. 
Averages of the curves from the three regions as well as the myocardial TAC (dark 
blue line) are depicted in (D). The cyan line denotes the time at which the 
myocardial TAC was evaluated. 

Comparison of the mean retention values at rest and stress between the groups evaluated 

at different integration times (Table 3.1), indicated that a time of 1.1 minutes gave the 

most similar results to the gamma variate method. Therefore, for 13NH3 data, the net 

retention model was applied with an integration endpoint of 1.1 minutes past the peak of 
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the blood input curve. For 82Rb, the net extraction is lower and the blood pool clearance 

is slower than 13NH3, therefore a longer blood integration time of T - peaktime + 1.4 

minutes was determined using similar methods. 

Table 3.1: Mean retention values derived from retention for the gamma variate and 
the fixed-time past the peak integration methods for 13NH3 

Retention 

Rest 
Stress 

Gamma 
variate 

0.66 
1.57 

Integration times past the peak (min.) 
1.4 1.2 1.15 1.1 

0.59 
1.32 

0.62 
1.39 

0.63 
1.41 

0.64 
1.43 

3.4 Development of Net Extraction Corrections 

To obtain an accurate flow estimate with the retention model, R must be corrected for less 

than 100% extraction of the tracer from blood into the myocardium; this typically occurs 

at high flow values as discussed in Chapter 2, section 2.2. Thus, the extraction correction 

is a function of flow and it is expressed using a modified Renkin-Crone model (Eq. 2.5). 

This function is also used as a method of standardizing the R estimates to the flow values 

from the compartmental models. 

In order to determine the PS products that characterize the tracer-specific extraction 

functions for 13NH3 and 82Rb, estimates of the constants A and B were required. To 

perform this estimation, Eq. 2.5 was fit to the median rest and stress values of R in 14 

healthy volunteers versus the corresponding MBF data from the one-compartment model 

for 82Rb, and versus the MBF results from the two-compartment model for 13NH3. 

However, the curves gave extraction values that were greater than 1 at low flows, which 
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is physiologically impossible. The reason for this was postulated to be an underestimation 

of the arterial blood integral due to recirculation and subsequent uptake of tracer after the 

first-pass through the heart. To correct for this underestimation, the derived extraction 

curve for 13NH3 was compared to the accepted curve of Schelbert et al. [26] that was 

determined in dogs. At a typical resting flow value of 0.7 mL/min/g, the published curve 

gave an extraction fraction of 0.9. The ratio of the two extraction curves at this value was 

then taken and was determined to be 1.15. Thus, to obtain the same results with the 

retention values derived in this study, it was determined that a multiplicative factor of 

1.15 was required to correct the underestimated arterial blood integrals, as follows: 

R.cmmxc*us) (34) 

0 

To retain consistent methodology between the two tracers, the factor of 1.15 was also 

used when applying the net retention model to 82Rb data. Once this factor was 

determined, the retention method, as expressed in Eq 3.4, was reapplied to the healthy 

subject data to generate revised estimates of R. Then, by fitting the extraction model to 

this data, the corrected PS functions characterizing the tracer-specific net extraction for 

the retention model were then found to be: 

PSS2RbR (MBF) = 0.74 + 0.083MBF (3.5) 

and 

PSa m R {MBF) = 1.55 + 0.1 \MBF (3.6) 
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The net extraction functions and net retention curves are shown in Figure 3.4. The net 

extraction curves (Fig. 3.4 A) demonstrate a good fit to the median rest and stress R 

versus MBF data for both 82Rb (r2 = 0.96) and 13NH3 (r
2 = 0.87). Similarly accurate fits 

are shown for the net retention (E x MBF) curves (Fig. 3.4 B) for the two tracers (82Rb r2 

= 0.87 and 13NH3 r2 = 0.86), indicating that the regression line is representative of the 

data. From this figure it is evident that 13NH3 is more highly retained than 82Rb as flow 

increases, as expected. 

The extraction fractions corresponding to these derived PS products were used to 

determine MBF values for each subject from the R estimates with the aid of a lookup 

table. A lookup table uses an array of data to map input values to output values. Given 

input values, the function performs a 'lookup' operation to retrieve the corresponding 

output values from the table. If the lookup table does not define the input values, the 

output values are estimated based on interpolation of neighbouring table values [51]. In 

this case the table is formed by evaluating the extraction correction function at various 

MBF values, from 0 to 5 mL/min/g, to obtain net retention rate values. Then, by inputting 

an experimentally determined net retention rate, the corresponding MBF value is 

determined by looking up the R value in the table. 
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MBF (mL/min/g) 

MBF (mL/min/g) 

Figure 3.4: (A) Derived extraction curves for I3NH3 retention (R) model (dark blue) 
o2~ as compared to the Rb retention (R) model (teal). (B) Net retention (E x MBF) 

curves for the 13NH3 retention (R) model and the 82Rb retention (R) model. The dots 
represent the mean individual subject values for the 14 healthy volunteers. 
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Figure 3.5 shows the difference between 82Rb and 13NH3 extraction in the myocardial 

time-activity curves at stress for an individual subject. At a flow value of 2.2 mL/min/g 

(mean of MBF derived from retention for 82Rb and 13NH3 in that subject), the ratio of the 

tracer activities late after injection (relative retention) (65%) is similar to the ratio of the 

net retention fractions (Fig. 3.4 B) (72%), further demonstrating the concurrence of our 

derived extraction functions with the measured data. 

Time (min) 

Figure 3.5: Comparison of 13NH3 and 82Rb net retention at stress for an individual 
subject showing that the ratio of the myocardial TACs for 13NH3 (dark blue dashed 
line) and 82Rb (teal dashed line) is similar to the ratio between the net retention 
functions for the two tracers. Myocardial time-activity curves were normalized to 
the area under the respective blood time-activity curves as shown (13NH3 - dashed 
red line; 82Rb - solid red line), to remove any variability due to differences in 
injection rates. 
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3.5 Validation of Net Extraction Corrections 

To determine the applicability of the derived extraction corrections for 13NH3 and 82Rb in 

all cases, not just in normal subjects, the curves required subsequent validation. The net 

extraction curves were verified in a group of CAD patients consisting of 13 male 

subjects, 39 - 78 years old, with evidence of CAD documented by coronary angiography 

or relative myocardial perfusion imaging. Subjects underwent both rest and stress 82Rb 

and 13NH3 PET imaging. Images were acquired and processed as detailed in Chapter 1. 

The retention model was then applied to the processed data to generate estimates of R for 

each patient. To obtain estimates of MBF, the previously described 82Rb one-

compartment model and the NH3 two-compartment model were used. To account for 

the inhomogeneous measurements in the CAD patients due to the presence of disease in 

certain regions of the LV, the retention rate and MBF polar maps were divided into 17 

segments, as described in Appendix A, and average R and MBF values were computed 

for each segment. 

The segmental R estimates were plotted versus the segmental MBF estimates for each 

tracer and the extraction model was fit to the two datasets according to the methods 

discussed in the previous section for the normal population extraction curves. The 

resultant fitted functions are shown in Figures 3.6 (A) and (B) for 82Rb and 13NH3, 

respectively. Also displayed are the extraction curves derived in the normal subjects, as 

well as their corresponding 95% confidence bounds and 95% non-simultaneous 

prediction bounds. 
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Figure 3.6: Extraction curves for CAD patients compared with the curves from 
healthy volunteers for (A) 82Rb and (B) 13NH3. CAD segmental R values (red points) 
are plotted vs. MBF values obtained with the one- and two-compartmental models, 
respectively. The solid green line is the best fit to the CAD data. Solid black lines 
show the healthy subject curves; dashed black lines are 95% confidence bounds and 
dotted black lines are non-simultaneous prediction bounds for these functions. 
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As demonstrated for 82Rb, the extraction curve that was independently fit to the CAD 

data falls entirely within the confidence bounds on the function estimated from the 

healthy volunteer data, and the majority of the individual subject values fall within the 

non-simultaneous predictions bounds. For NH3, the CAD extraction curve strays 

slightly outside the confidence bounds for the healthy volunteer curve at high flows. This 

is likely explained by the presence of some outliers at high flows caused by convergence 

difficulties encountered by the optimization algorithm in certain segments when 

attempting to fit the 13NH3 two-compartment model to the CAD data. Nonetheless, these 

results indicate that the extraction curves derived from the healthy subjects can be used to 

describe the relationship between the retention rate and compartmental MBF values 

obtained from the CAD subjects. Consequently, this validates the use of the extraction 

curves obtained in normal subjects to estimate MBF values in all subjects using the 

retention model. 

3.6 Discussion 

A modified methodology for the net retention model has been developed. Accordingly, 

tracer-specific extraction corrections for 82Rb and 13NH3 were derived using this model in 

healthy subjects, and were subsequently validated in CAD patients. A limitation of this 

method is that the net extraction functions are specific to the derived values of RC and T. 

However, the same methodology was used for both tracers; peaktime accounts for 

variability in the scan start time, and T accounts for differences in blood clearance rates 
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between the tracers. The RC value was comparable to the median PV correction (/- Fa) 

value of 0.60 obtained from the 13NH3 and 82Rb compartment models. 

As compared with previous studies, the net extraction curve derived in this project for the 

net retention model for Rb is slightly higher than the previously published curve (Fig. 

3.7) of Yoshida [24], implying that Rb may be more highly extracted and thus may have 

better uptake imaging properties than previously shown, particularly at rest. The function 

derived by Yoshida was determined using a similar retention model to the one presented 

in this study, however it included a myocardium-to-blood spillover factor not contained in 

the present work. Additionally, our integration endpoint of T = peaktime + 1.4 minutes 

differs from the 1 minute integration time used by Yoshida [24], demonstrating 

dependence of the model on the chosen integration time. It is also significant to note that 

the function derived by Yoshida was based on TACs collected from external probes in 

open-chest dogs, whereas the function determined in this case was derived from human 

PET data. These differences in methodology may account for the discrepancy between the 

net extraction curve of Yoshida and the one presented in this work. 

Conversely, the results obtained in the present study for 13NH3 using the same retention 

model methodology in the same subjects suggest that net extraction of this tracer may be 

slightly lower than previously published [26,45,52-54]. The net extraction functions 

previously derived by Schelbert [26] and Gewirtz [45] were determined using a variation 

of the two-compartment model utilized in this study, where Ki is an estimate of the net 

retention rate rather than flow. Also, their functions were derived using canine and swine 
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data, respectively. The "exponential" integration approach used by Bellina [52], where a 

gamma variate was fit to the in-vivo PET data and an exponential was used to describe the 

downslope of in-vitro data, differs from the explicit integration over the blood input curve 

used in this study, indicating that the measured extraction function is also dependent on 

the type of integration used. Additionally, the integration endpoint of T = peaktime + 1.1 

minutes used in this study differs from that used by Nienaber [53] of 1 minute, further 

demonstrating dependence of the model on the chosen integration time. Regardless of this 

limitation, the net retention model has been shown to generate precise flow estimates [24]. 

The utility of this model for the formation of a normal population database is discussed in 

the subsequent chapter. 
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Figure 3.7: Comparison of extraction curves from previous studies in animals and 
the present study in humans. 



CHAPTER 4 - Criteria and Construction of Normal 
Population Databases 

4.1 Purpose and Utility of Normal Population Databases 

Computer-aided interpretation programs are commonly used in nuclear cardiology to aid 

in the diagnosis of CAD, particularly with relative perfusion single-photon emission 

computed tomography (SPECT) imaging. Patient perfusion data is compared with a 

normal population database, which is a polar-map defining the regional lower limit of 

normal blood flow. From this comparison, regions of abnormality in the LV can be 

detected and localized. However, diagnosis of coronary disease and microvascular 

dysfunction may be improved by comparing myocardial perfusion scans with a database 

defining the lower limit of absolute normal MBF and MFR. To date, such diagnostic 

databases have only been reported using 13NH3 PET and compartmental modeling [21]. 

In practice, the measured normal range of flow is determined both by the true 

physiological variability as well as the uncertainty in estimating the model parameters. 

To determine the normal flow range, the mean and standard deviation of flow values 

from healthy subjects are required. Normal limits are then typically defined as the regions 

representing two standard deviations (SD) below the population mean. In patients, sectors 

of the myocardium that fall below this normal range are considered to be abnormal and 

thus representative of disease. 

-57-
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The purpose of this research was to determine if the use of the simplified net retention 

model would reduce the apparent range of normal flow as compared to the 

compartmental models, potentially enhancing the ability to identify regional flow 

abnormalities in patients. The next sections detail the development of these databases and 

the results of their comparisons. 

4.2 Database Development 

Fourteen healthy volunteers (7 men, 7 women; 23 - 44 years old; mean ± SD age = 31 ± 

6 years) were enrolled to acquire data for database formation. The likelihood of CAD was 

less than 5% in all cases [55] and all resting electrocardiograms were normal. Each 

subject underwent rest and stress imaging with both 13NH3 [56] and 82Rb [3]. Scans were 

performed in a randomized order within a 2-week period (median period = 2.5 days). 

Subjects were instructed to fast for a minimum of 6 hours and to abstain from products 

containing caffeine for no less than 12 hours prior to imaging, as caffeine is the antidote 

to the pharmacologic stress agent. Maximal stress flow was induced with dipyridamole 

(0.14 mg/kg/min x 5 min). Stress scans were started 3 minutes after dipyridamole 

infusion; the antidote, aminophylline, was administered 4 minutes afterward to reverse 

the vasodilation. 

13NH3 and 82Rb had similar infusion profiles, with an infusion time of 30 s and a total 

delivered activity of 220 MBq. NH3 was injected with a syringe pump while Rb was 

administered with a custom infusion system that delivered the tracer at a constant activity 
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rate [17,57]. The activity and infusion rates were chosen to limit detector dead-time to 

less than 50% so that the peak first-pass blood activity could be measured accurately in 

the LV cavity for later quantification purposes. 

The dynamic rest and stress PET data were acquired in 3D mode according to the 

protocols for Rb and NH3 discussed in Chapter 1, section 1.3. A 4-minute Cs 

transmission scan was performed prior to the rest scan to correct for attenuation during 

the rest study. For imaging with 82Rb, a second 4-minute transmission scan was 

performed immediately following the stress scan to correct for attenuation during the 

1 "\ 

stress study. For NH3 imaging, the second transmission scan (4 minutes transmission, 4 

minutes emission contamination) was performed prior to dipyridamole injection. An 

interval of 50 minutes between 13NH3 infusions allowed for isotope decay. Images were 

corrected, reconstructed and processed using the FlowQuant© software as discussed in 

Chapter 1, sections 1.4 and 1.5. 

For scans performed with 82Rb and 13NH3, MBF was quantified using the retention 

model, one-compartment DV, and one-compartment constant-DV models. Additionally, 

for 82Rb the one-compartment model was used, and for 13NH3 the two-compartment 

model was used as the gold standard method. Polar maps representing rest, peak 

dipyridamole stress, and myocardial reserve (stress/rest) for R, Ki and MBF, as well as 

their associated SDs, were generated for all tracer and model combinations as 

appropriate, forming normal population databases. From the polar maps, the median 

global values were calculated for each subject. Global (LV-median) and regional (polar 
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map) population mean ± SD% values were used to evaluate the lower limit of normal 

flow (mean - 2SD). Global values were determined using the LV-median of the rest 

flow, stress flow, and MFR polar maps for each subject. For each model, the means and 

SDs were then calculated across subjects to obtain the global results. The regional values 

were determined by first computing the mean and standard deviation polar maps of the 

rest flow, stress flow, and MFR estimates across all subjects. The average values of the 

mean and standard deviation polar maps were then computed to obtain the regional 

results. The values are reported as normal population mean and SD. 

Normal ranges and lower limits of normal were compared between the tracer and model 

combinations to assess the ability of each database to detect and localize disease. Mean 

retention rate and flow values from the compartment models were compared using the t-

test. The variability associated with the databases was compared using the F-test. The 

variability is presented as SD/mean to adjust for the differences in the means between the 

parameters for the individual databases. A difference was considered statistically 

significant if the/? value was less than 0.05. Additionally, the regional uniformity of the 

databases was assessed using the coefficient of variation (COV). 

4.3 Results 

The global LV-median results for the 82Rb and 13NH3 databases are provided in Table 

4.1. Comparison of the MBF and MFR data between the MBF models indicates that the 

mean values are generally similar, as expected. For the compartment models, the regional 
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normal ranges (SD) are shown in Table 4.2 and all are increased in comparison with the 

global values (Table 4.1). This is due to the increase in variability (+1 to +14% SD) in the 

estimates from added regional noise compared to the global LV-median values. This 

suggests that disease localization (with the regional database) may be less sensitive than 

disease detection (with the global database) alone. In contrast to the compartment model 

analysis, the regional variability for the net retention rates (Table 4.2) remained 

essentially unchanged as compared with the global values (Table 4.1), suggesting that the 

net retention values are more uniform over the entire LV than the results obtained with 

the compartment models. 

Table 4.1: Global (LV-median) normal ranges and lower limits of normal for the 
retention and compartment models 

Parameter 

S2RbR 
82RbKi 
82Rb Ki - DV 
82RbKj-DV const. 
13NH3R 
82RbMBFR 
82RbMBFK1 
82RbMBFK}-
82RbMBFK1 
13NH3 MBFR 
13NH3MBF-
13NH3MBF-
13NH3MBF 

DV 
•DV const. 

DV 
•DV const. 

REST 
mean± 
SD (%) 

0.47 ± 9 

0.48 ±12 
0.49 ± 20 

0.48 ± 20 
0.63 ± 13 
0.71 ± 20 
0.71 ± 22 

0.73 ± 37 

0.73 ±35 
0.70 ±17 

0.65 ±18 

0.61 ± 15 
0.71 ± 13 

mean 
-2sd 

0.38 
0.36 

0.29 

0.29 
0.46 

0.43 
0.40 

0.20 

0.22 
0.46 

0.41 

0.42 
0.52 

STRESS 
mean± 
SD (%) 

0.83 ± 14 
1.10±15 
1.05 ±10 

1.03 ±11 
1.35 ± 16 
3.01 ±38 
2.88 ± 23 

2.67 ±16 

2.60 ± 18 
2.96 ±42 

2.26 ±16 

2.28 ± 16 
2.79 ± 19 

mean 
-2sd 

0.60 
0.77 

0.83 

0.80 
0.92 
0.72 
1.56 

1.80 

1.68 
0.49 

1.54 

1.53 
1.74 

STRESS / REST 
mean± 
SD (%) 

1.78 ± 15 
2.32 ±21 

2.19± 17 

2.17 ±18 
2.16 ±15 
4.26 ±34 
4.21 ±33 

3.86 ±26 

3.78 ±30 
4.14 ±40 

3.61 ±23 

3.78 ± 21 
3.97 ± 21 

mean 
-2sd 

1.25 
1.33 

1.47 

1.40 
1.50 
1.32 
1.45 

1.82 

1.54 
0.84 

1.95 

2.17 
2.27 
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Table 4.2: Regional (polar map) normal ranges and lower limits of normal for the 
retention and compartment models 

Parameter 

S2RbR 
82RbK, 
82RbKi-DV 
82RbKi-DV const 
13NH3R 
82RbMBFR 
82RbMBFKi 
82RbMBFKi-DV 
82Rb MBFKi - D V const. 
13NH3MBFR 
13NH3MBF-DV 
13NH3 MBF - D V const. 
13NH3MBF 

REST 
mean± 
SD (%) 

0.47 ± 12 
0.48 ±18 

0.46 ±19 

0.45 ± 19 

0.61 ± 14 
0.71 ± 26 

0.73 ±31 

0.68 ± 32 

0.64 ±31 
0.68 ±19 

0.65 ±22 

0.61 ± 19 

0.72 ± 20 

mean 
-2sd 

0.36 
0.31 

0.28 

0.27 
0.44 

0.34 

0.28 

0.25 

0.25 
0.43 

0.36 

0.38 

0.43 

STRESS 
mean± 
SD (%) 

0.82 ± 15 
1.11 ±24 

1.01 ±16 

1.01 ± 17 

1.32 ± 17 

2.95 ± 41 
2.96 ± 37 

2.54 ± 25 

2.53 ± 26 
2.86 ±43 

2.25 ±21 

2.25 ± 22 

2.81 ± 27 

mean 
-2sd 

0.57 
0.58 

0.68 

0.67 

0.87 

0.55 
0.76 

1.26 

1.20 
0.4 

1.30 

1.26 

1.31 

STRESS / REST 
mean± 
SD (%) 

1.78 ± 16 
2.35 ±27 

2.26 ± 23 

2.34 ± 24 

2.17 ±16 

4.26 ±39 
4.32 ± 42 

4.08 ± 36 

4.30 ±37 
4.15 ±40 

3.64 ±29 

3.79 ± 27 

4.04 ±32 

mean 
-2sd 

1.19 
1.08 

1.23 

1.22 

1.46 

0.98 
0.69 

1.16 

1.09 
0.83 

1.52 

1.78 

1.48 

The normal ranges and the lower limits of normal (mean - 2SD) vary substantially 

between the models, as well as between the tracers, particularly in the regional databases. 

For both tracers, the net retention values had smaller normal ranges (R mean SD = 15% 

[12-17%]) than the corresponding compartment model uptake rates (Ki mean SD = 23% 

[18-32%]). The uptake rates from the one-compartment DV and constant-DV models 

had similar normal ranges to the net retention rate method (Ki-DV,Kj- DV const, mean 

SD = 17%). For 13NH3, the normal flow ranges derived from retention (13NH3MBFR SD 

= 34% [19-43%]) were generally higher than those of the standard two-compartment 

model flow (13NH3 MBF SD = 26% [20-32%]), and the flow values from the one-

compartment DV models {13NH3 MBF - DV, 13NH3 MBF - DV const. SD = 23% [19-

29%]), due to the non-linear extraction correction applied to the retention rates. In 

contrast for 82Rb, the normal ranges of flow derived from retention (82Rb MBFR SD = 
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35% [26-41%]) showed minimal change compared to the compartment model-derived 

flows (82Rb MBFKI,
 82Rb MBFK1- DV, 82Rb MBFK1- DV const, mean SD = 33% [25-

42%]), due to similarity in the respective extraction corrections. On average, the 82Rb 

normal flow ranges (82Rb MBFR, 82Rb MBFK1,
82Rb MBFK1- DV, 82Rb MBFK1- DV const. 

SD = 34%) were the same as the 13NH3 retention-derived flow range (13NH3 MBFR SD = 

34%), but were larger than the 13NH3 compartmental flow range (13NH3 MBFK, SD = 

24%). For both tracers, the one-compartment model DV variants exhibited smaller 

normal ranges and thus higher lower limits of normal flow than the other compartment 

models for both tracers. From these results, it can be concluded that the net retention 

model may have similar ability for detecting and localizing defects using 82Rb and 13NH3, 

prior to the application of an extraction correction to obtain absolute flow estimates, since 

this method demonstrates lower variability than the standard compartment models. 

A visual comparison of the uniformity within the databases is provided in Figure 4.1. 

Polar maps for each database of the uptake rate or flow, depending on the specific 

database, are shown at rest, stress and reserve. From this perspective it is evident that the 

compartmental models show some improved uniformity at the apex due to the estimated 

partial volume correction that is incorporated into the method. However, the net retention 

rate method results in more uniform polar maps overall. 
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Rest Stress Reserve 

(mUrnin/g) (mUrnin/g) 

Figure 4.1: Regional polar maps of the normal population mean (A) Rb retention 
rate (R), (B) 13NH3 retention rate (R), (C) 82Rb one-compartment constant-DV (Ki), 
(D) 13NH3 one-compartment constant-DV (Kj), (E) 82Rb one-compartment model 
(Ki), and (F) 13NH3 two-compartment model {MBF). Note that the normal apical 
reduction in tracer retention is normalized by the geometric partial volume 
correction included with the compartmental models; however, the compartmental 
models exhibit a wider normal range. 

The normal MBF values are similar between the 82Rb one-compartment and 13NH3 two-

compartment models; however, the MBF estimates obtained with the one-compartment 

DV and constant-DV models for both tracers appear to be lower in comparison. Regional 

estimates of K\ generated by the Rb one-compartment model and its DV variants 
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provided a slightly reduced variability (Kj mean SD averaged over rest, stress and reserve 

decreased by -5.6%) compared to those for 13NH3 from the standard two-compartment 

model (Ki = MBF), yet the derived estimates of flow tended to be more variable with the 

one-compartment model {MBF mean SD increased +10.3%), due to amplification of 

noise by the non-linear extraction correction. In contrast, the MBF variability was 

actually overall slightly lower with the DV models (MBF mean SD decreased by -3%); 

this is likely due to the increased model stability afforded by the use of the DV 

parameter. Similar results were observed for the DV models with 13NH3. Therefore, it 

appears that the 13NH3 two-compartment model still provides the most precise estimation 

of absolute normal MBF and MFR. 

Based on these results, a more detailed analysis focused on the databases providing the 

smallest normal ranges and best lower limits of normal, including the: 82Rb R, 82Rb 

MBFR,
 13NH3 R, 13NH3 MBFR,

 82Rb Kt - DV constant, 82Rb MBFK1 - DV constant, and 

13NH3 MBF - DV constant databases. Analysis of the difference between the regional 

mean retention rate at rest, stress, and reserve, versus the flow values derived from the 

compartment models, was completed using f-tests, the results of which are shown in 

Figure 4.2. The comparison of the variability in the regional databases using F-tests is 

shown in Figure 4.3. 
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Figure 4.2: Comparison of the mean values from the retention and compartmental 
model databases for (A) 82Rb and (B) 13NH3. 
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Figure 4.3: Comparison of the variability from the retention and compartmental 
model databases for (A) 82Rb and (B) 13NH3. 
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By design, the flow values from the net retention method for 82Rb are not significantly 

different than those obtained from the compartment models. However, the retention rate 

values and the uptake values (AT/) are significantly lower than the derived flow values, as 

expected. Similar results were observed with 13NH3, with the exception of the rest results 

where a significant difference was not noted between the retention rate and the flow 

estimates. This is presumably due to the high extraction of 13NH3 from the blood into the 

tissue at low flow rates. The evaluation of the variability between the databases 

demonstrated a significantly lower variability with the retention rate method as compared 

to the flow-derived methods for both tracers. Again, this suggests that the retention rate 

may be preferable for the detection of CAD. 

As an additional consideration, the precision on the SD measurements for each of the 

selected databases was assessed. This metric is representative of the regional uniformity 

of the database polar maps, which is an important criterion when selecting a database for 

routine clinical use. To determine the regional uniformity, the standard deviations of the 

SD polar maps for each database were calculated and normalized by the mean of the 

corresponding database, providing COV measurements that were indicative of the 

distribution of the SD measurements across the polar maps. The results of this analysis 

are expressed as percentages in Table 4.3. The most useful clinical metrics are the stress 

and reserve values; thus, considering the stress and reserve flow parameters (82Rb MBFR, 

82Rb MBFKI - DV constant, 13NH3 MBFR, }3NH3 MBF - DV constant) it is evident that 

they are much less uniform across the polar map than the uptake databases (82Rb R, 82Rb 

Kj - DV constant, 13NH3 R). This is due to the extraction correction that has been applied 
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to obtain the flow values, which adds a large amount of variability to the regional 

database polar maps. This may suggest that the MBF databases formed with tracer 

extraction corrections are not suitable for localizing disease because the uniformity, and 

hence the regional lower limits of normal, are quite variable. 

Table 4.3: Regional uniformity of the database polar maps 

Database 

*2BbR 
82RbKi-DV const. 
I3NH3 R 
82RbMBFR 
82RbMBFK1-DV const. 
13NH3 MBFR 
13NH3 MBF-DV const. 

Standard Deviation of SD polar 
(%COV) 

Rest Stress 
1 3 
5 7 
2 5 
7 38 
16 28 
5 56 
4 16 

-map/Mean *100 

Reserve 
5 
12 
7 

39 
38 
49 
24 

To determine the precision of the SD polar maps from a sample of healthy volunteers as 

used in this study (N = 14), the variance of a normal distribution was considered. This 

was done to determine how precise the SD estimates were for a given population size to 

obtain an indication of the relevance of the sample size of 14 used in this study. To 

generate the estimates, random numbers, x, from a standard normal distribution with a 

mean, \K, of zero and a variance, a2, of 1, characterized by the probability density function 

expressed in Eq. 4.1, were used [58]. 

/feO,l) = 1 L e ^ (4.1) 
V2;r 

This distribution was considered appropriate for comparison with the population of 

healthy subjects based on the postulate of the central limit theorem, which states that if a 
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sample size is sufficiently large then the mean of the sample tends to the normal 

distribution [58]. In this case it was assumed that even if the recruited population was not 

normally distributed, the mean values of the sample would be, thus making it appropriate 

to compare those values to the ones generated for a standard normally distributed 

population. Sample sizes varying from 14 to 2500, consisting of 10,000 sample sets were 

generated. The standard deviations of the resultant distributions were subsequently 

computed to obtain measures of precision. The results of this analysis are expressed as 

SD percentages in Table 4.4. 

Table 4.4: Sample standard deviation of random normal distributions 

Sample size 

14 
20 
25 
50 
100 
200 
300 
1000 
2500 

SD% 
19 
16 
15 
10 
7 
5 
4 
2 
1 

For a sample size of 14, the random normal distribution has a better precision than that 

determined for all of the flow databases using the SD polar maps. Again, this can be 

explained by the application of the extraction corrections causing greater non-uniformity 

than would be observed in a normal randomly distributed sample. In comparing the 

results for the sample sizes of 100 and 200 (Table 4.4) with the SD polar map results for 

the 13NH3 and 82Rb net retention rate databases (Table 4.3), it can be interpreted that 

these databases have uniformities that would be equivalent to having sample sizes of 100 
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and 200, respectively, since the reserve %COV values (5%, 7%) match those of the SD% 

for the random normal distribution. This is due to the low population and regional 

variability in the retention databases for both tracers (82Rb R and ;5/V//? R in Table 4.2). 

Consequently, these results further support the finding that the net retention rate 

databases have an overall greater uniformity than the flow-derived databases. 

4.4 Discussion 

Normal population databases were developed representing the normal range of 

myocardial blood flow and MFR, measured using 82Rb and 13NH3, with compartmental 

modeling and a simple net retention model. The absolute flow values derived using the 

retention method, were not significantly different than those obtained from the 

compartment models. However, the retention rate values and the uptake rate values (Kj) 

were significantly lower than the derived flow estimates, as expected, but also 

demonstrated significantly lower variability. The study suggested that the detection and 

localization of absolute flow reductions should be best achieved using 13NH3 with 

compartment modeling, since it yields the smallest normal flow range (SD%), both 

globally and regionally. 

However, it is important to note that detection and localization of disease do not require 

absolute flow quantification, a-priori. This study demonstrated that the net retention rate 

(i?) consistently decreases the measured normal range at rest, stress and stress/rest 

compared to the compartmental model uptake rate {Ki) for both 82Rb and 13NH3. The 
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retention model had the lowest global SD% values (9-16%), indicating that this model 

should be best suited for the initial detection of global flow reductions in patients with 

CAD. Furthermore, the normal range of R was almost equivalent for the regional 

measurements (+1-3% vs. global), whereas the regional range of Kj was increased (+6-

11% vs. global). This was further demonstrated by the evaluation of the precision of the 

SD measurements, which resulted in the highest regional uniformity for the retention rate 

databases, suggesting that the net retention model is also advantageous for disease 

localization. Together, these results suggest that the net retention model is optimal for the 

establishment of an absolute scale normal database for both 82Rb and 13NH3 due to its 

decreased population variability and improved regional uniformity over the 

compartmental models. 

Figure 4.4 shows an example of the 13NH3 net retention rate (13NH3 R in 4.4 A, B) 

database compared to the derived flow database (13NH3 MBFR in 4.4 C) applied to the 

polar maps of a patient to detect and localize CAD. The 13NH3 R database identifies a 

much larger abnormal region (dark blue on stress and reserve (stress/rest) imaging) than 

the derived flow database (34.86% of LV vs. 8.98% of LV), demonstrating improved 

disease detection. In addition, the retention-derived flow scale (MBFR) has been added to 

the retention colour scale in Figure 4.4 B, showing the thresholds of abnormal stress flow 

(MBFR < 1.5 mL/min/g) and flow reserve (stress/rest < 2.3) that correspond with the 

normal limits of net retention. This derived normal limit of flow reserve is markedly 

1 "\ 

improved (higher) compared to the regional normal value obtained with the NH3 

compartment model (stress/rest < 1.48), suggesting again that the net retention method 
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should be more sensitive for disease detection. To validate this observation, further 

studies in patients with CAD were required to determine the most appropriate thresholds 

for disease detection and to assess the accuracy of disease detection and localization 

using this method, as discussed in Chapter 5. 

restAmmonia - ^ ^ siressAmmonla £ i£M* stress/test 
082 • ! 13 • 2.8 

MB Fit 

3.1 

Figure 4.4: Rest, stress and stress/rest polar maps in a subject with CAD. (A) 13NH3 
net retention rate (13NH3 R). (B) and (C) show the abnormal sector maps (dark blue) 
for the 13NH3 R and the derived flow values (13NH3 MBFR) more than 2 SDs below 
the regional normal population mean. The decreased variability of the 13NH3 R 
database results in the identification a larger abnormal region as compared to the 
13NH3 MBFR database, indicating that the 13NH3 R database is more sensitive for 
detection and localization of absolute flow reductions. 



CHAPTER 5 - Evaluation of Patients Using Normal 
Population Databases 

5.1 Characterization of the Patient Population 

To evaluate the performance of the normal population databases, the normal limits and 

criteria for detection of MBF abnormalities were validated in a preliminary study 

consisting of a small group of 26 patients. This group included two sub-populations: a 

low-likelihood of disease (normal) population and a population with known CAD, as 

documented by coronary angiography. The normal group consisted of 14 subjects (7 men, 

7 women; 20 - 45 years old; mean ± SD age = 34 ± 7 years), and the CAD group 

included 12 subjects (10 men, 2 women; 41 - 80 years old; mean + SD age = 62 ± 14 

years). Note that this group of normal subjects was independent from the population that 

was used for the formation of the normal databases, and the CAD group was not the same 

cohort that was used for the validation of the extraction functions. 

Both groups underwent rest and stress dynamic Rb imaging. Scans were acquired on the 

EC AT ART PET system following the protocol listed in Chapter 1, section 1.3. Images 

were reconstructed and processed according to the methods described in Chapter 1, 

sections 1.4 and 1.5. The retention and one-compartment constant-DV models were 

applied to the processed data for each subject to obtain retention rate, uptake rate (Ki) and 

MBF values. Clinical angiography reports were used as a truth standard for comparison 

with the PET findings for the CAD group. The threshold for a significant stenosis 

-74-
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(narrowing) in one or more of the major coronary arteries was defined as 70% or greater 

in diameter. The regional and global results of abnormality were organized in a truth 

table of actually-positive cases (areas with disease) and actually-negative cases (areas 

without disease) to facilitate comparison with the PET findings. To determine if the net 

retention rate was indeed the optimal method for use in relative and absolute databases 

for detection and localization of disease in patients, receiver operating characteristics 

(ROC) were evaluated for the models listed. 

5.2 Receiver Operating Characteristic Analysis 

The common metric used to assess the accuracy of any diagnostic test is the ROC 

technique. An ROC curve is a plot of the sensitivity (SEN), or true positive rate (TPR), 

versus 1 - specificity (SPC), or the false positive rate (FPR), of a method. The sensitivity 

and specificity are defined as follows: 

SEN = TPR = — — — (5.1) 
TP + FN 

TN 
SPC = 1-FPR = — (5.2) 

FP + TN 

where TP is the number of true positive results, i.e. the number of regions that were 

identified to be abnormal and were truly abnormal; TN represents the true negative 

results, i.e. regions that were identified to be normal and were truly normal; false positive 

results, denoted by FP, are regions that were identified to be abnormal but were truly 

normal; and false negative results, FN, are regions that were truly abnormal but were 
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identified as normal. Each point on the ROC curve represents a specific 

sensitivity/specificity pair, referred to as an operating point. By fitting a curve to the 

operating points, the dynamics of how the TPR and the FPR vary together can be 

visualized. Examples of typical ROC curves are displayed in Figure 5.1. A diagnostic test 

with perfect accuracy will have 100% sensitivity at each FPR, indicating that the test 

does not generate any false positive or false negative results. A moderately accurate test 

will have a monotonically increasing sensitivity that rises with the FPR values until 

reaching 100%. A test that generates a point along the chance diagonal line indicates that 

the diagnostic method is unable to discriminate between presence and absence of disease 

and is hence not very useful; a test with an ROC curve of this nature would be equivalent 

to guessing a diagnosis. The chance diagonal line divides the ROC space into areas of 

relatively accurate versus inaccurate diagnostic abilities. Points above the diagonal line 

indicate useful results, while points below the line indicate relatively false results. The 

use of ROC curves provides a complete assessment of the performance of a diagnostic 

test over a range of decision-making thresholds, rather than determining the sensitivity 

and specificity for a single cutoff. However, it is often of use to determine a particular 

operating point, describing the optimal cutoff to use for achieving the maximal sensitivity 

and/or specificity when applying a given method; for example, a diagnostic (rule-in) test 

requires an operating point with high sensitivity, whereas a screening (rule-out) test 

necessitates high specificity. 
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Figure 5.1: ROC curves for a perfectly accurate diagnostic test, a moderately 
accurate test, and the chance diagonal representing a test that is unable to 
discriminate between healthy and diseased states [59]. 

ROC analysis was performed for the model databases on a relative scale to determine if 

the sensitivity and specificity results compared to the values reported in literature for 

82Rb relative MPI databases. The relative analysis was complemented by an evaluation of 

the databases on an absolute scale to determine the incremental value of the absolute 

quantification method in detecting or localizing disease, which has not been fully 

characterized in any previously reported studies. 

13> 
As this was a retrospective group, the study at the time was not designed to include NH3 

imaging; hence the analysis in this chapter is limited to evaluation of the 82Rb databases 

only. For each patient in the CAD population, the retention rate, uptake rate (Kj) and flow 

82T values at stress were compared with the corresponding Rb database parameters at SD 
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thresholds of 1.5, 2, 2.5 and 3. Note that only the stress values were used since the stress 

scan is typically interpreted to diagnose CAD. The resultant percent of LV myocardium 

with abnormal sectors at each threshold level was termed the defect size. The defect sizes 

for each parameter were determined globally (i.e. over the whole LV), as well as 

regionally for the three territories corresponding to the major coronary arteries: the left 

anterior descending coronary artery (LAD), the left circumflex coronary artery (LCX) 

and the right coronary artery (RCA) regions (Fig. 5.2). For the global analysis, the data 

from the normal population was also included to generate specificity values, as 

calculation of this parameter requires knowledge of the TN fraction. 

Figure 5.2: Division of the polar map into three vascular territories: LAD, LCX, 
and RCA. 

By comparing the defect sizes obtained at the different SD thresholds to the truth table of 

coronary angiography findings, defining the actually-positive and actually-negative cases 

for each region and over the entire LV, sensitivities and specificities can be determined 

and used to perform ROC analysis. Using the global and regional data for each SD 

threshold, ROC curves were generated for global and regional assessment with the 

ROCKIT program from the University of Chicago [60]. Binomial ROC curves were fit to 
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the percent defect size data from the whole LV, as well as the three territories, by 

calculating maximum-likelihood estimates of the parameters of a conventional binormal 

model for the input data. This model assumes that two normal probability densities form 

the basis of the ROC curve: one for actually-negative cases (f(x\n)), and one for actually-

positive (f(x\p)) cases [61]: 

f{x\n) = -j=e"% (5.3) 

U -(bx-af/ 

f{x\p) = -?=e A (5.4) 
V2;r 

f(x\n) has a mean of zero and an SD of 1, sn&f(x\p) has a mean of a/b and an SD of 1/b, 

where a and b are the parameters that determine the form of the ROC curve. The variable 

x is the decision variable. The FPR and TPR of a point on the ROC curve are given by the 

probability that the outcome of x from actually-negative and actually-positive trials is 

greater than a critical value xc, which is the cutoff value of a particular point on the ROC 

curve. The FPR and TPR for a particular point are thus expressed as: 

FPR(xc) = 0(-xc) (5.5) 

TPR(xc) = 0(a-bxe) (5.6) 

where $ represents the standard normal distribution function [61]. Input data was 

automatically organized to choose percent defect size cutoffs for each SD threshold, 

thereby generating a useful spread of operating points on each ROC curve [62]. 

For each database, the area under the ROC curve at each SD threshold was tabulated for 

the whole LV and the three vascular territories, according to [61]: 
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f \ 
4=0 -fJ=r (5.7) 

The resultant area under the curve (AUC) values were plotted versus the corresponding 

SD thresholds for the relative and absolute databases, as shown in Figures 5.3 and 5.4, 

respectively. Note that the results for the flow derived from retention database (82Rb 

MBFR) are not shown. This is due to the fact that ROC curves, and consequently the 

AUC values, could not be generated for this database as the dataset was deemed to be 

degenerate, meaning that there was not a large enough spread in the defect size data to 

determine relevant operating points to fit an ROC curve. This is due to large variability 

associated with this database, which prevents it from correctly detecting or localizing any 

significant number of defects at any of the SD thresholds. Also, for certain databases at 

the extremes of the SD thresholds, mainly 1.5 and 3 SDs, an AUC vs. SD point is not 

shown as the data was found to be similarly degenerate in these cases. This has been 

reported to be a problem for fitting a conventional binormal model to datasets containing 

only a small number of test results, or in cases where the data cannot be divided into a 

large enough number of categories and the categories are distributed over a small range 

[61]. 
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Figure 5.3: Whole LV and regional AUC versus SD threshold values for the relative 
82Rb databases. The net retention model consistently demonstrates the highest AUC 
values. 
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Figure 5.4: Whole LV and regional AUC versus SD threshold values for the 
absolute 82Rb databases. The net retention model generally has the highest AUC 
values. 
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The databases that generated the highest AUC values were selected both globally and 

regionally, since tests with larger AUCs have higher overall accuracy. For the relative 

databases (Fig. 5.3), the retention method provided the largest AUC values on both global 

and regional levels, with SD thresholds of: 2.5 (whole LV), 2 (LAD), 2 (LCX), and 1.5 

(RCA). On an absolute scale (Fig. 5.4), again the retention database generally gave the 

largest AUC values globally and regionally, with SD thresholds of: 2 (whole LV), 2 

(LAD), 2.5 (LCX), and 1.5 (RCA). Note that for the LCX region, the one-compartment 

constant-DV Kj method provided a slightly higher AUC value at an SD of 3 than the 

retention model at an SD of 2; however, upon further examination of the set of ROC 

curves from the one-compartment constant-DV Kj database in the LCX region, the fitting 

was deemed to be suspect as the curves did not follow the expected trade-off pattern of 

decreasing sensitivity versus specificity with increasing SD threshold, as displayed in 

Figure 5.5. Similar investigation of the ROC curves for the retention model in the LCX 

region at SD thresholds of 1.5 and 2 showed uncharacteristic curve shapes, indicating that 

the fitting algorithm likely had difficulties in converging to an appropriate solution. Thus, 

while the AUC was largest with the retention model at an SD threshold of 2, the 

threshold of 2.5 was selected as the ROC curve fit at that cutoff appeared to be more 

reliable. 
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Figure 5.5: Characteristic pattern of regional ROC curves at varying SD 
thresholds. As the SD threshold changes, the trade-off between the sensitivity and 
specificity is altered. 

From these results it is apparent that the retention database is the most effective for 

disease detection and localization as previously hypothesized, with SD thresholds ranging 

from 1.5 to 2.5 SDs. These results also suggest that the optimal sensitivity and specificity 

are obtained using different SD thresholds in each region. However, it is evident from the 

plots of AUC versus SD threshold that in many cases there is not a large difference 

between the AUCs at the varying thresholds. Furthermore, for ease of interpretation when 

applying the databases to evaluate patient scans in routine clinical application, it would 
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be most useful to have one SD threshold level for all regions. This would prevent 

discrepancies in interpretation at the regional boundaries of neighbouring territories 

where differing extents of disease may be detected using inconsistent SD thresholds. For 

the relative retention database, the regional SD threshold can be selected at 2 SDs as it is 

the threshold with the highest AUC in most regions. If 2 SDs are selected rather than the 

region-specific SD thresholds, this will not have a large impact on the resultant sensitivity 

and specificity. For example, changing the SD threshold to 2 from 1.5 in the RCA region 

of the absolute database results in a change in AUC of-5.5%; this may or may not be an 

insignificant loss of accuracy, but cannot be fully evaluated here due to the small sample 

size. Globally however, while changing the SD threshold to 2 from 2.5 would only result 

in a AUC reduction of 2.5%, the optimal SD threshold of 2.5 should be used to maintain 

the highest sensitivity for disease detection, as detection is the first and foremost goal; if 

disease cannot be detected, localization to one of the three territories becomes a null 

point. 

For the absolute retention databases, an SD threshold of 2 was chosen for the LAD 

region, as well as for the whole LV, since the AUCs were highest at this threshold. For 

the RCA region, an SD threshold matching the global LV and LAD could not be selected 

as an ROC curve was not measurable at an SD of 2. Additionally, in the LCX region, the 

ROC curve fits at SDs of 1.5 and 2 did not follow the expected pattern demonstrated in 

Figure 5.5. Therefore, for consistency between the RCA and LCX regions, an SD 

threshold of 2.5 was selected. Changing the SD threshold to 2.5 from the optimal value of 

1.5 in the RCA region of the absolute database results in an AUC reduction of only 0.7%. 
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Thus, these SD threshold selections maintain the high level of accuracy for detection of 

disease, but may complicate interpretation at the regional boundaries due to the varying 

regional SD thresholds. 

The regional and whole LV ROC curves corresponding to the chosen SD values were 

then used to determine the optimal operating points globally and regionally, representing 

the optimal SD threshold and percent of minimum defect for use in evaluating patients 

with the database. The operating point was selected by determining the percent defect 

size cutoff with the highest average sensitivity and specificity. The resultant minimum 

percent defect sizes with their corresponding sensitivities and specificities are given in 

Tables 5.1 and 5.2. The corresponding ROC curves are shown in Figures 5.6 and 5.7. 

Table 5.1: SD thresholds and minimum percent defect size cutoffs with 
corresponding sensitivity and specificity for each region using the relative retention 
database 

Region 

Whole LV 
LAD 
LCX 
RCA 

SD 
threshold 

2.5 
2 
2 
2 

% defect size 
cutoff 

7 
24 
37 
28 

SEN 
(%) 
92 
92 
95 
73 

SPC 
(%) 
93 
90 
87 
99 

Mean (SEN, SPC) 
(%) 
92 
91 
91 
86 
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Table 5.2: SD thresholds and minimum percent defect size cutoffs with 
corresponding sensitivity and specificity for each region using the absolute retention 
database 

Region 

Whole LV 
LAD 
LCX 
RCA 

SD 
threshold 

2 
2 

2.5 
2.5 

% defect size 
cutoff 

2 
9 
3 
6 

SEN 
(%) 
91 
80 
77 
79 

SPC 
(%) 
81 
89 
74 
70 

Mean (SEN, SPC) 
(%) 
86 
84 
76 
74 

Q. 0.5 4 

0.4 
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0 

a=2.86 b=1.00 Az=0.9784 Global reten. rate SD 2.5 
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a=3.02 b=1.24 Az=0.9710 LCX reten. rate SD 2 

a=1.49 b=0.39 Az=0.9175 RCA reten. rate SD 2 
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— I — 
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Figure 5.6: Whole LV curve at an SD threshold of 2.5, and regional ROC curves at 
an SD threshold of 2, for the relative 82Rb databases. 
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Figure 5.7: Whole LV and LAD ROC curves at an SD threshold of 2, and LCX and 
RCA ROC curves at an SD threshold of 2.5 for the absolute Rb databases. 

The relative regional percent defect cutoff sizes were similar (24-37%), and larger than 

the whole LV threshold (7%). Similarly, for the absolute database the cutoffs for the 

LAD (9%) and RCA (6%) regions were larger than the whole LV (2%), while that of the 

LCX was more similar (3%). From the tables, the overall detection sensitivity and 

specificity of the relative and absolute retention databases can also be obtained by 

considering the whole LV region. The relative retention database has an overall 

sensitivity of 92% for detection of disease and a specificity of 93%, whereas the absolute 

database has a similar SEN of 91% and a lower SPC of 81%. For the relative databases, 
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the overall Mean(SEN, SPC) for the regions is similar to the global value, with the 

exception of the RCA which is slightly lower, suggesting that the ability to localize 

disease is similar to the disease detection ability. In comparison, for the absolute 

databases, while the global and LAD Mean(SEN, SPC) values are similar, the overall 

values in the LCX and RCA are lower. This is also evident from the plot of the ROC 

curves (Fig. 5.7), which may be an indication that a non-optimal SD threshold was 

selected in those territories. Also, in considering the Mean(SEN, SPC), it is observed that 

the relative databases have an apparent higher overall accuracy as compared to the 

absolute databases. This is also seemingly perceptible from the ROC curves for the 

relative databases, which are located closer to the top-left corner, in the more accurate 

region of the plot. However, the differences between the relative and absolute whole LV 

ROC curves were not found to be significant using a univariate z-score test comparison 

of the AUCs (p = 0.55); this is likely due to the small sample size. 

5.3 Discussion 

The stress normal limits and criteria for abnormality were evaluated for relative and 

quantitative 82Rb normal population databases. Net retention rate, flow derived from 

retention, one-compartment, one-compartment DV, and one-compartment constant-DV 

databases were assessed. Validation was performed by comparing the results of global 

and regional determinations of disease in patients using the 82Rb databases versus the 

results of the gold standard method of coronary angiography using ROC analysis. This 

was done to determine the most accurate 82Rb PET databases to use for the detection and 
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localization of CAD. This study was limited by the robustness of the fitting algorithm 

used to determine the ROC curves. The fitting routine was unable to determine an 

appropriate solution in a number of regions and SD thresholds, limiting the selection of 

the optimal cutoffs, particularly for the absolute databases. This may be partially 

attributed to the percent defect size data, which was sparsely distributed over the range of 

SD values. However, it is likely due to the small sample size (N = 14 normal subjects, N 

= 12 CAD patients) that was used to start with, suggesting that a larger population may 

be necessary. These methods form a framework that can be used for more extensive 

evaluation of the databases in much larger patient populations in which these limitations 

should be overcome. 

The results of this analysis indicate that the relative retention database, with a global SD 

threshold of 2.5 and minimum percentage defect size threshold of 7%, has the greatest 

sensitivity (92%) for detection of disease and the highest specificity (93%). These values 

are similar to those determined in previous studies using Rb relative perfusion imaging 

and expert visual analysis, as shown in Table 5.3. The average sensitivity for detecting 

CAD is 91% (87% - 100%), with a corresponding average specificity of 84% (73% -

100%). Most of the available data was obtained with dedicated PET cameras, as in this 

study, with exception of the two most recent studies by Santana [37] and Sampson [63], 

where PET/CT was used. 



CHAPTER 5 - Evaluation of Patients Using Normal Population Databases 91 

Table 5.3: Summary of literature regarding the accuracy of Rb databases for 
detection of CAD [19] 

Reference Scanner Sensitivity Specificity 
Santana et al. [37] 
Sampson et al. [63] 
Bateman et al. [20] 
Marwick et al. [64] 
Grover-McKay et al. [65] 
Stewart et al. [66] 
Go et al. [67] 

PET/CT 
PET/CT 

PET 
PET 
PET 
PET 
PET 

93 
93 
87 
90 
100 
83 
93 

75 
83 
93 
100 
73 
86 
78 

The work by Bateman et al. was performed using a similar PET system to the one used in 

this study. The sensitivity (92%) determined in this study is higher than that found by 

Bateman (87%), while the specificity (93%) is identical at a relative global SD threshold 

of 2.5. Regionally, Bateman et al. found the following sensitivity and specificity values: 

87% SEN and 91% SPC in the LAD, 71% SEN and 91% SPC in the LCX, and 74% SEN 

with 100% SPC in the RCA [20]. It is interesting to note that the values obtained in the 

RCA in the present study (73% SEN, 99% SPC) are very similar to the ones presented by 

Bateman; however, the overall sensitivity and specificity values obtained for the relative 

retention database in this study (Table 6.1) are higher than the results of Bateman. It is 

worth mentioning that if the data is evaluated at a global SD threshold of 2, the resultant 

sensitivity (85%) is more similar to Bateman's and the specificity (95%) remains in the 

same range. Some of the differences in the results between this study and Bateman's may 

be accounted for by the different methodology used to obtain the sensitivity and 

specificity measures; Bateman's results were obtained using visual analysis as opposed to 
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the automated database method used here. Therefore, this comparison indicates that the 

automated technique may outperform the method of visual analysis. 

In contrast to the other groups, the results presented from Santana were obtained using an 

automated database similar to the technique used in this research. In the present study, a 

similar sensitivity (92%) and higher specificity (93%) were achieved as compared to the 

results of the database developed by Santana et al. In that study, a global SD threshold of 

2.5 was used in combination with a defect size threshold of 3%, which is similar to the 

2.5 SD cutoff and 7% defect size used in this study. The larger defect size threshold used 

in this study may account for some of the differences in the two specificity values. On a 

regional level, the three territories were subdivided by Santana et al, resulting in SD 

thresholds varying between 2.5 and 3 and a defect size threshold of 10% within each of 

the regions. Using those thresholds, they reported sensitivity and specificity values of: 

76% SEN and 70% SPC in the LAD, 79% SEN and 82% SPC in the LCX, and 76% SEN 

with 93% SPC in the RCA [37]. Overall, these values are lower as compared to those 

obtained using the relative retention database in this study (Table 5.2). This is likely a 

product of the varying SD thresholds used within the three major territories by Santana. 

Consequently, these observations suggest that the technique used in the present study 

may be preferable for accurate disease localization. 

In considering the absolute databases, the retention rate also appears to be the most 

accurate method, with an SD threshold of 2 and a minimum percentage defect size cutoff 

of 2%. This operating point corresponds to overall sensitivity and specificity values of 
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91% and 81%, respectively. This sensitivity is much higher than that obtained in a 

previous absolute database formed with 13NH3 PET and a 2-compartment model by 

Muzik et al. [21] (73%), while the specificity is similar (80%). However, in comparison 

to the relative database formed in the present study at a 2.5 SD threshold, these results 

suggest that the absolute database may be slightly less specific for disease detection and 

localization; though, it is notable that the sensitivity is improved as compared to the 

relative database evaluated at a 2 SD cutoff (85%). 

The resultant incremental value gained from the quantitative databases remains to be 

fully determined. For example, Di Carli et al. [19] have suggested that measurements of 

absolute MBF and MFR can be used to correctly identify the presence and degree of 

stenoses in multiple coronary vessels. This would overcome the limitation of the relative 

perfusion databases, which only detect the most severe stenoses, while being unable to 

distinguish others that may be present. While no multi-vessel or balanced CAD patients 

were available for this work, an example of the potential quantitative benefit is shown in 

Figure 5.8. Polar maps are displayed for a patient from the population previously 

described, with known disease in the RCA as determined from coronary angiography, 

evaluated with the relative retention database at an SD threshold of 2.5 and a defect size 

cutoff of 7% (Fig. 5.8 A), and the absolute retention database at SD and defect size 

cutoffs of 2 and 2% (Fig. 5.8 B), respectively. 
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Figure 5.8: Polar maps showing the evaluation of a CAD patient with the retention 
database on a (A) relative scale (%) at an SD threshold of 2.5 and (B) on an absolute 
scale using an SD cutoff of 2. For the absolute evaluation, the colour-bar shows the 
retention rate scale on the left and the corresponding flow values on the right. The 
top polar maps are the same, and show that the same patient stress map that was 
used for evaluation in both databases. The bottom polar maps are the results of 
applying the databases to the patient map. The regions in dark blue are the areas 
that were identified as abnormal. 

As can be observed from the figure, a larger region of abnormality is detected using the 

absolute database. Most importantly, on the absolute scale (Fig 5.8 B) the level of disease 

detected globally is significant at 15.85% of the LV, since this defect size is greater than 

the minimum percent defect threshold of 2%. In contrast, on the relative scale (Fig. 5.8 

A) the region of disease would be considered to be in the normal range as the extent of 

3.52% of the LV is less than the global threshold of 7%. This suggests that quantitative 

database analysis may improve the assessment of the anatomical extent of CAD in some 

patients, allowing for more accurate identification of patients with severe disease, 

requiring aggressive intervention. Additionally, quantification may be of added utility in 



CHAPTER 5 - Evaluation of Patients Using Normal Population Databases 95 

diagnosing other patient populations, such as those with early atherosclerosis and 

microvascular disease without evidence of coronary artery stenoses, and those with 

hypertrophic cardiomyopathies. In both cases, reduced MFR has been observed [16]; 

hence, quantitative databases evaluating this parameter would be useful for determining if 

the MFR reduction is significant and indicative of disease, or if the MFR value still fell 

within the normal range. Further evaluation of patients in these populations is required to 

assess the true advantage of the absolute MBF databases. 



CHAPTER 6 - Conclusion 

Using compartmental modeling and a simple net retention model, Rb has been shown to 

provide similar MBF and MFR values to the measurements obtained with the gold 

standard 13NH3. A modified methodology for the net retention model was developed to 

provide a simple and robust quantification technique. As part of the development, tracer-

specific extraction corrections for 82Rb and 13NH3 were derived using this model. 

Compared to previously published curves obtained in animal studies, the derived 

extraction fraction in humans was found to be higher at rest and similar at stress flows for 

82Rb, while 13NH3 extraction was shown to be similar at rest and lower at high flows. 

These results imply that 82Rb and 13NH3 extraction may be more similar than previously 

reported, further suggesting that 82Rb may have better flow imaging properties than 

initially indicated. 

The derived extraction corrections were used to obtain flow estimates from the net 

retention model for both 82Rb and 13NH3 that were comparable to the compartment model 

flows, but demonstrated more population variability. However, consideration of the net 

retention rate prior to extraction correction demonstrated considerably lower variability 

and improved regional uniformity, suggesting that the net retention model may be 

advantageous for the establishment of an absolute scale normal database for both 82Rb 

and 13NH3. 
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The net retention model and the compartmental models were used to form population 

databases from a group of healthy volunteers. From these databases, lower limits of 

normal flow (mean - 2SD) were established for both tracers. Comparison of global and 

regional values of the lower limits of normal flow indicated that the net retention rate had 

the smallest variability for 82Rb and 13NH3, indicating that the retention model may be 

favourable for the detection and localization of flow reductions with both tracers. In 

contrast, the compartment model for 13NH3 showed the smallest range of absolute flow 

values, confirming that this model yields the highest precision in quantifying absolute 

flow and myocardial flow reserve in normal subjects, which is consistent with previous 

studies. Consequently, when CAD detection is the primary objective, a robust and 

sensitive method is required, such as 82Rb or 13NH3 net retention. If however, accurate 

absolute flow quantification is desired, NH3 should be used with compartmental 

modeling. 

Through the evaluation of patients with documented CAD using the model databases, it 

was confirmed that the retention method is best for disease detection and localization on 

both relative and absolute scales. It was determined that the optimal SD threshold for 

establishing the lower limit of normal flow should be 2.5 globally for the relative 

database, and 2 for the absolute database. At this level of variability, the best combination 

of sensitivity and specificity for disease detection and localization was achieved. 

Future work should include further validation of the derived extraction corrections for 

the net retention model in an independent group of normal subjects. To assess the true 
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ability of the retention model to provide accurate measures in all patient populations, 

evaluation of the model's limitations, specifically the fixed recovery coefficient and the 

integration time, should be performed in a group of CAD subjects with scar and after 

acute myocardial infarction since these conditions may lead to different physiological 

behaviour in the myocardium. Development of a method to incorporate the estimation of 

the RC value by modeling, rather than setting a fixed value, may be necessary to account 

for these cases where the thickness of the myocardium is not constant over the entire LV. 

Additionally, the 13NH3 databases should be evaluated in the same manner as the 82Rb 

databases once appropriate normal and CAD populations are imaged with 13NH3 PET. 

Furthermore, the databases formed from the kinetic models should be further evaluated 

using patient reserve polar maps as MFR may be a more accurate measure for detecting 

early coronary disease and multi-vessel disease. Finally, the robustness of the absolute 

databases should be assessed in a larger patient population using the established analysis 

framework to confirm their utility and added diagnostic benefit. 



Appendix A - 17 Segment Model 

Segment models are used to divide the LV into smaller anatomical territories to enable 

regional quantification of MBF and localized assessment of disease. The segment model 

used in this work was the 17 segment model, where the LV was divided into 17 smaller 

regions within the basal (outermost on the polar map), mid and apical (innermost on the 

polar map) territories, as depicted in Figure B.l. The names of the regions corresponding 

to the numbers displayed on the polar map are listed below. 

Figure A.1: Polar map of the 17 segment model. 

Segments: 

1. 
2. 
3. 
4. 
5. 
6. 
7. 
8. 
9. 

Basal Anterior 
Basal Anteroseptal 
Basal Inferoseptal 
Basal Inferior 
Basal Inferolateral 
Basal Anterolateral 
Mid Anterior 
Mid Anteroseptal 
Mid Inferoseptal 

10. Mid Inferior 
11. Mid Inferolateral 
12. Mid Anterolateral 
13. Apical Anterior 
14. Apical Septal 
15. Apical Inferior 
16. Apical Lateral 
17. Apex 
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