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Abstract

Positron Emission dmography (PET) is a medical imaging modality offering a
powerful tool for brain reearch, brain ailment diagsie and drug development. Brain
PET enables mapping ofn vivo neurobiological functions such as blood flow,
metabolismgnzyme activity, neuroreceptor binding siensityand occupancy.

Quantification in brairPET can broadly be classified into: 1) the accurate
quantification ofradiotracer distributiorsuch thatimage vales are proportional to the
radidracer concentration in tissueand 2) the accurate quantification of the
pharmacologicalstate of the systerof-interest. his thesis addresses botifi these
aspects for functional neuroreceptor imaging studies of the living brain.

Traditional brain PET studies hawa leasttwo primary limitations. First, they
measure only asingle neuropharmacological aspect in isolation, ickh is often
insufficient for characterimg a neurological conditn. Second, data acquisition is
accompanied byrterial blood samplindpr measuring the input function to the system
of-interest, which is invasive for the subjects. The motivation fa thesis was to
address botlf these limitations and has ledttee developmendf quantitativemethods
for multiple neuropharmacologic&®ET studies performeavithout blood sampling. One
such experimental design investigated walsiatmeasurement inteention study where
the systerof-interest is perturbeduring data acquisitiowith the intent of changinthe
subject 6s pharamiaystenh pagmetess hre estinmaittipse and post
intervention Second was a du#dacer study where two deotracers targeting two
different neuropharmacological systems were injecteselyin time inthe same study.

A major challenge in the data analysis of the multiple pharmacological PET
studies is the statistical noise induced bias and variance inrdmagtar estimates. In this
thesis, methods have been developed for improving accuracy of the neurpharmacological

estimates reducinigias without acorrespondinglecreasén precision.



The thesis also addresses the issue of-sdanner PET image varialylj a major
confound in multicenter studies used to investigate disease progression and in drug
trials. Since various PET centers have different scanner models with different hardware
and software; systematic differences exist in radtiter data. Thishesis develops a
framework to reduce the intecanner PET image variability before nudénter data is

pooled for analysis.
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Chapter 1

Introduction

Positron Emission dmograpy (PET) is a medical imaging modality tludters a
powerful tool for brain research as wellfasclinical diagnosis bvarious brain ailments.
Brain-PET enables the mapping iof vivo neurobiologicafunctions such as blood flow,
metabolismenzyme ativity, neuroreceptobinding sitedensityor occupancyA typical
PET study involves the injectiomf a radiotracer (a compound kdd with a
radionuclidé into the venous bloodstreamof a subject with the intention studying a
particular organ or biogicalsystem. Irthe case of brain studies, after crossing the blood
brain barrier, the radiotracer mighind to neuroreceptors or transmorvesicles, or be
metabolized by endogenous enzymes. An inert tracer, on the other hand, would diffuse
across lte blood brain barrieffree to movein ard out of the brainbut would not be
bound or trappedHappening in parallel to these biochemical processes, is the physical
process of radioactive decay of the radioisotope. The decay of each radionucleus
generatesa positron which annihilageto emit diametrically opposeghotons. The
photons emittedrom the subject are detected by the PET scanner. This emission data
obtained over the duratioof the scans used to reconstruct imagyef the radiotracer
distribution in the tissu®f interest By appropriatelgorithms, including correctiorfer
physical phenomenon such as scatter and attenugqtiantitatively accurateadiotracer
distribution in tissue can be obtained.

Quantification of the biochemical procedsrerest targeted by the radiotracer is
possible byanalyzingthe PET emission data as a function of time. PET emission data is
binned into various time frames and recomstied to obtain dynamic PET image data

which representshe radiotracer distribudh in tissue at speaif time pointsthroughout



the study. Thigemporal evolution of radiotracer concentrationindividual voxels or
regionsof the image volume is called a tiraetivity curve (TAC). These TACs are
useful in quantifying the physiologicée.g. blood flow) and/or pharmacological aspect
(e.g. receptor binding site density, enzyme activity) of the system of interest.

Thus, quantification in dynamic PET studies can be classified into two categories:
first is accurate quantification dhe radiotracer distributiorsuch thaimage values are
proportional to the radiotracer concentration in tissue. SBw®ndaspect is the accurate
guantificationof the particular pharmacological or physiologicalspectof the system
being studied. This thessddresses botbf these aspects of PET quantification with
particular applicatiorto functional neuroreceptor imagingtudiesof the living human

brain

1.1 Motivation

Traditionally, brain PET studies have involved measurement of ordinge
neuropharmacological aspect in isolation followingection of single radiaracer For
quantification of the pharmacological parameters, dynamic PETadqtasitiontypically
needgo be accompanied by arterial blood sampling from the suthjattictsas an input
function to the system of interedthis traditional approach has certain limitatioRBst
in some cases, investigation of only a single neuropharmacologi¢ahsys isolation
may be insufficient forthe har act er i z at iurological donddbn. Secobd, ect 6 s
measurement ahe radiotracer input by drawirgyterial blood samples is invasive for
subjects andequiressubstantialwork for the PET personnel. In addition, errors in
arterial sampling may cause errors in quantificatibthe pharmacologyeing studied
The motivationfor this thesis isto address both these limitat®of traditional PET
studies and has led to the development of improved methods fowltiple
pharmacological measuremsfriom a single PET acquisitiowithout blood sampling.

A major challenge ithe data analysis ohultiple pharmacological PEStudiesis
thenoise induced bia®r variance or bothin the parameter estimates. Noise in the TACs

is primarily due tocounting statisticsThis noiseaffects paameter estimation in single



tracer studies as well, but the effect is accentuated in multiple pharmacological studies.
This problem has also been addressed in this thesis and methods have been developed for
improving accuracyof the estimatesvhere bias in estimatesis reducedwithout an
appreciable increase in variance.

Finally, the thesisddresses thgpecificissue of interscanner variabilitywhich
is a majorimpedimentin multi-center trials. Recently there have been increasingteffor
in the PET regarchcommunityandthe pharmaceuticaindustryto performmulti-center
PET studies idarge cohortsof subjectsto investigate disease progressighere data
from various centermust bepooled together for analysis. Sinite various PET centers
havedifferentscanner model&om different vendorseach havinglifferenthardware and
software systematic differences are present in rredtiter data. As a part of this doctoral
work, a frameworko reduce intescanner PET image vabidity in multi-center éta has

been developednd tested

1.2 Thesis outline and Contribution

Chapter 2 othe thesis gives an overview of kinetic modeling methodology used
to extract pharmacological parameters from dynamic PET studies. Principal component
analysisbased approachor reducing noisénduced bias in Logan analysis for
neuroreceptor density estimation is discussed in Chaptdha primary thesis goal of
noninvasive quantification of multiple neuropharmacological parameters is presented in
Chapters 2 5° and 8. Chapter 7° discussesnethods to reducieter-scanner PET image
variability. Chapter 8presentdhe summary of theesults and list$uture directionsfor
theextension of the work in the thesis

A brief description of the specific projects in this doctoratkne described next.

& This work has been published in thaurnal of Cereb Blood Flow and Metéapril 2008)
® This work ha been submitted to tleurnal of Cereb Blood Flow and Metéhugust 2008)
° This work is to be submitted téeuroimagegSeptember 2008)



1.2.1Logan plot-bias reduction using Principal Component Analysis

Logan plotmethodology(see Section 2.4.Bfor the egimation ofthe distribution
volume ratio (DVR), an index oheurageceptor binding site densjthas become a
stanard in the field obrain PET imaging(Logan et al. 1996) ogan analysiss a simple
linear methodthat gives robust DVR dsnates. HoweverLogan plotbased DVR
estimatesare negatively biasedue to thanherentnoise in the PET timactivity curves
(Slifstein and Laruelle 2000Many methods to reduce the biasLioganbasedDVR
estimation have been promokor arterial sampling approach and for the first time have
been applied for reference region approach invhik. These methods reduce only part
of the bias or reduce bias at the expense of pre¢isidyoth.In this work, we developed
a novel principal component analysBQA) methodfor reducingthe Logan plotbias
using without increasing the variance ofetiDbVR estimategJoshi et al. 2008a)rhe
PCA-based linear model was obtained from the PET data itself. This nevdrdata
methodology for noise reduction in PET TAGdso has application in multiple
neurofarmacological PET studielescribed nex

1.2.2Multiple Neuropharmacological Measures from a single PET scan

The predominant portion of this thesis discusseshods developed for studying
multiple neuropharmacologt aspects of a subjedh a single PET session without
arterial sampling. Wo experimental designs for obtaining multiple
neuropharmacological measuremamsd in this worlare as follows:

The first involves obtaining two measuneens of the sameharmacological
parameteffrom a singletracer PET stdy where a tracas administeredand at a given
point during the acquisitiora pharmacologicalinterventionis given to perturbthe
system Two separateDVR measures were obtainéeéfore and after interventiousing
PCA-based Logan plots.

The secondnultiple measurement methadvolves aduattracer experimental

design wheretwo different radidracersare injected closely in time in the same PET

acquisition Such a designaims to assesstwo different aspest o f a subj ect



neuropharmacological status and has the potentidletiEr chareterizng as ubj ect 0 s

neurological conditiothan when using only a single radiotracer

1.2.2.1Dual-measurementintervention studies

A standardorain PET challenge study involves two PET scans: onalbaseline
measurement and oradter the pharmacologicabr behavioral challengén single-scan
interventionstudies (or duameasuremennterventionstudies as we will refeto them)
described hereatracer is administerednd at some point dimg the PET acquisition an
interventional challenge or perturlatiof the system is made with the intent of changing
biochemical or pharmacological status of the subject and liaa® vivo distribution of
the radiotracer. Two distribution volume ratig DVR) measurementare made using
Logan plots once before andaanafter interventionThe bias and variancencernsn
DVR estimation mentioned in subsection 1.2r8 morepronounced in suclstudies
becausdessdata are available fggarameteestimationusing Logan plotsomparedo a
single measurementase The PCA-based_ogan analysisnethod(Joshi et al. 2008ayas
appliedto reduce the bias in DVR estimates fratnatmeasuremennterventionstudies

and was compared #&xisting biasreduction methods

1.2.2.2Dual-tracer studies

Duattracer PET methodologyrovides an opportunity to characterize two
different neuropharmacological aspects of a subject from a single PET acquisition.
these studiedwo tracersare injectedclosely in time within a single PET scanth the
intention of measurigptwo systemsfanterest nearlysimultaneously

Duattracer PET data analysis present$oanidable challenge as all positron
emitting isotopesised to label PET radiotracesmit photons with 511 KeV energy and
thusit is not possible to separate the signals fromtiveetracers using differing energy

windows. Injecting two tracers simultaneously would make it impossible to separate the



two sigrals; hencedhe tracer injectionsn this work were staggered in time by 203@
min.

The first results of dynamic dudtace brain PET studies in humans usiti@
labeled tracersvere reportedhere at the University of MichigafKoeppe et al. 2001)
These studies, however, used the arteriapfamapproachin thisthesis,we extend this
original workandreport bothsimulation and humascanresults of anon-invasive, dual
tracer PET approacivhere arterial sampling is not requirglbshi et al. 2008b; Joshi et
al. 2008c)

1.2.3Reduction ofinter-scannerPET image variability

This work is partofthemuit e nt er Al zhei mer s Di sease
(ADNI) project, a longitudinal mulisite observational study of healtbgntrols subjects
with mild cognitive impairment (MCI), andhild Alzheimer's dsease patient@viueller et
al. 2005) The project involves ~50 PET centers whigf&]fluorodeoxyglucoséFDG)
PET scanshave been obtained onmore than 400 individuals In spite of the
standardization othe imaging protocol, gstematic inteiscanner PET imagéifferences
have beerobserved due tdifferences in scanner resolutjaeconstruction techniques,
and diffeent implementations of scatt@nd atteuation correctionon the different
scannemodels Before the data from these centesspiooledtogether for analysis, it is
important toaccountfor the differences betwedhe scannerdn this work we developed
methods to reduce these differencesgi$ioffman brain phantom data acquired from the
participating sites. Correction methodologgsdevelopedy comparingHoffman brain
phantomscango adigital Hoffman phantoni.e., the true radioactivity distributiorgnd
was applied to bdt phantom dataand human scans aformal subjects (Joshi et al
2008d).



Chapter 2

Theoretical background oftracer kinetic modelingin PET

2.1 Steps in dynamic PET imaging

wn
= T, <t<T
- E =—.| Reconstruction I—- e
S & ° 2|7 <t<T, £
gl [ o 5% Reconstruction [+ S5 .
5.8 o B = 2|7, <1<T, 24 Kinetic | [Parameter
- —] - = . . '
§ ;—»8 st .% a—bl Reconstruction I_.—b-Es Modeling Estimation
— = = 9
=l [EE| |E& 2
S5 |2% 31
= =)
< -« % L <t<T, = p— |—> ::O .
= I| econstruction T, T, T, Ty

Time (min)

Figure 2.1 Steps in a dynamic PET imagingperiment

Figure 2.1 shows the various steps involved typéal dynamicbrain PET study.
The first $ep is the injection of a shelived radiotracela radiolabeled compound)to
the venos bloodstreamof the subject. The tracer is delivered to the brain by the arterial
flow where the tracer molecules may cross the blo@ih barrier and enter the tissue.
Traces may reverddly or irreversibly bind to receptobinding sites ormay get
metbolized by the enzymes in the brain. While the tracer molecule attains its
biochemical fate, the radioisotope label may decayiting a positron that then
annihilateso emitdiametrically opposefil1l KeV photonsSome of theemitted photons
are then cdlected by the detectors ofa PET scannerThe photon eventsolleced by
detectors withira settiming window (6 nsi 10 ns)acquiredover the duratiomf the scan
(usually 2 hours)are binned into different time frames and corrected for physical

effecs such asattenuation and scatter. The corrected data for each time frame are




reconstructed using an analytical or iterative rettanton algorithm to obtain aimage
of the radiotracerdistribution inthe brainover varioustime intervals The radioactrity
concentration inthe imagevoxels ori't ar g e t eotlidterest €ay ib® tmaced as a
function of time to obtain timactivity curves (TACs)of the tracer in the brainin
general, arterialblood sampling is also performed during data collection ahd t
radioactivity concentration in the arterghsmais considered as input to the systéine
blood samples are obtained through an arterial pun@uoce arecorrected for any
radiotracer molecules that might have undergone metaboésym lfy enzymesn the
plasma orthe liver) to obtain an authentic radiotracer curkFgure 2.2shows the
authentic radiotracer blood curve from a one hour study'®f labeled flumazenil
(abbreviated as-{C]FMZ%). The pharmacological parameters of interast estimatetly

appropriatekinetic modeling of the ACs (seeSection 2.1).

Authentic radiotracer blood curve after
x 10" arterial sampling for an ["C]FMZ study

—
[

=

Blood Radioactovity curve (counts)
o

0 =S = . 4
0 10 20 30 40 50 60
Time (min)

Figure 2.2 Authentic radiotracer blood curve from a 60 mingle tracer’fCJFMZ study

Figure 2.3shows the radiotracer distribution ineorain slice from &0 min
[Y'C]JFMZ PET study. The data collected was binned into 15 frames of different time
durations from 0.5 min to 10 mipand eachime frame was reconstructed to yiedah

average radioactivity distribution imader thatframe. Tine-activity curves (TACs) for

41*CIFMZ is a*'C labeled benzodiazepine antagonist.



three brain regins from the study in Figure 2.3 are shown in Figure Phese TACs

bear information about the neuroreceptor system(s) under investigation.

S
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Figure 2.3: Dynamicsequence of a slice of HT]FMZ study
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Figure 2.4 [M'C]FMZ time-activity curves (TACs)
Let the measured TAC for a voxeln the image volume be represented by the

i

— 1 dend i
vectory, =[¥(T), Y(T),.... Y(T )], wherey, (T‘):tj—m y(t)dt and t),,and

_ ¢
end tstart start

t)  are the start and end tisef thej" frame,N is the number of frames in the study (

= 15 in figures 2.3 and 2.4) arfglis the timepoint representing frame usually chosen
to be the frame midpoint time. Mathematical modeling of these TACs is required to
extract parametric estimates of brain function. For mathematical modeling of the TACs, a
compartmental model for a tracer needs to be selected. This seledtasets on the

biochemical properties of the radiotracer which will be discussed next.



2.2 PET radiotracer

A PET radiotracer is anolecule labeled with a positraamitting radionuclide
The moleculecould be one that is natlisa occurring (endogenous), aroud be a
chemical analogof an endogenous substanoe could be a noendogenous compound
such asa drug. PET radiotraces are injected in very small quantities (nmol
concentration) and are assumed not to perturb the system being ftudied onéy Ot r
the process of interesEach physical or biochemical state that the tracer attains is
assumed to be homogeneous and the rates of transfer of the tracer from one state to
amother are assumed to be constant over the duration of the btudther words, ta
state of the system being measured is assumed to be static over the scan duration.

The radiotracer is meant to target the system of interest being studied. For
example, if a receptor system in the brain is of interest, the radiotracer usually would
havethe property of binding to the receptfrthatsystem For exampld'’C]raclopride
binds to the dopamin®., receptors(Farde et al. 1989Wwhile [*'C]JFMZ binds to
benzodiazapine receptdisoeppe et al. 1991he dynamicPET signad obtained using
thesetracerscan be used to measureith@spectivereceptor densitiesTracers ca also
be used to measure the rateeazyme actionFlurodeoxygluose ([°F]JFDG) (Huang et
al. 1980)is a glucose analogue thatay phosphorylatafter crossing the blood brain
barrier and can be used to measure the rate of glucose consumptionakingit a very
versatilebiomarker for oncologicneurologic and cardiastudies.

Figure 2.5shows a simplified schematic of the processes taking place at the
cellular level after injection o commonly used radiotracét'C]JFMZ. The radiotracer
moleailes (dark blue diamonds) cross ttapillary membranéred) and enter the free (or
nondisplaceable) space (grey) between the blood vessel and the neuronal terminals
(yellow). The tracer is a Ibeodiazapine antagonisand binds reversibly to the
benzodiaepine reeptors (light blue) on the pesynaptic termindl Other tracers may be

designed to Imd to presynaptic binding site shown igreenor presynaptic storage

®an analog is a compound having properties slightly different from an endogenous substance.

" An antagonist is a molecule that has similar receptor affinity as the endogenous substance but opposite
efficacy.

9Various other endogenous neurotransmittetesgs and binding sites are present at any neuronal terminal
but have not been shown in Figure 2.4 for simplicity.
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vesides shown as browmircles (e.g. methylphenidate'iCIMPH) is a tracer that binds
to the presynaptic dopamine reuptake site while dihytesabenzing[''C]DTBZ) binds
to thetype 2vesicular monoamingansporte(VMAT?2) sites on the dopaminesicles)
The dynamic PET signal is a result of the interaction of the tracer with thiskarce
processes over time. These processes can be represeatednyyarimental modesuch
asshown in Figure 2.@vhere the colors signify therse states as those in Figure.2.5

¢ L 4

¢ *

¢ \ 4
L 4

Figure 2.5 Various posdile states of' {C]FMZ tracer molecule@ark blue) blood plasma (red),
interstitial space (greyhenzodiazepine receptara the possynaptic sid€light blue) Thesynaptic
terminalsare shown iryellow. Some other possible targets for a radiotracepeesynapticbinding sites
(green) ompre-synapticstoragevesicles (brown).

2.3 Two tissue compartmental model

c. ) |Cyp @) | Cq(2)

Figure 2.6 Two tissue compartmeaitmodel
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The possible states of‘C]JFMZ as seen in Figure.2can be represented using a
two tissue compartmental mofishownin Figure 2.6as first described for neuroreceptor
PET studies blintun and colleague@viintun et al. 1984)The termCy(t) represents the
tracer concentration in bloo@xp(t) represets the concentration in the nalisplaceable
compartment{free+nonspecifig andC(t) represents the concentration ofibd tracer in
the pecific (or bound) compartment. The kinetic parametéfs () represent the rase
of conversion or transfer of the tracer molecules between the compartments. The ultimate
goal of a PET study is the estimation ether all or at leas a subset of these rate
parametersvhich contain the important quantifiabfgharmacological information ohé
system. For example, fobenzodiazapine receptor imaging usingCI[FMZ, the
parameter of interest ibé¢ nondisplaceable binding potentidBPyp), a commonly used
index of receptor bindg site density. Thiss the ratio of the equilibrium concentration of
ColV)equnprn
Cro (Dequttrian

is thestate at which there is no net transfétracerbetweerthetwo compartments. The

specifically boundo nondisplaceable radiotraceBg,, = ). Equilibrium

parameter of interestan also be defineih terms of the rate parametersdis given by

k . o
BPNDzk—3 (Innis et al. 2007) Thus, estimation of the rate parameters of ridel

4
enabls the calculation of the parameter of interdsiother important concept in kinetic
modeling is distribution volume (DV). It is the ratio of concentration between a

compartment and plasma at equilibrium. For instancedigigbution volumeof thennon

C.(t). .
displaceable compartmerg given byDV,, :M =& Although DVyp is a

Cp (t)equilibrium 2

ratio (hence unitless)t is called a volume as it equals the volume of blooddbatains
the same activity at ml of tissug(Carson 1996)Anothercommonly usegarameter of
interest isdistribution volume ratio (DVR)which is an index of receptor binding site

density. Itis the ratio of the distribution volume ofthe tissue rfondisplaceableand

" Since the plasma concentration is assumed to be known by arterial sampling, it is not classified as a
compartment.
'Ky has units in mi(blod) mr*(tissueymin™, ki ks have units of mir

12



specific compartmentogether)to that ofnondisplaceable compartment which is given
ﬁ+ Klk3

DV, +DV; _k, Kk,

K,

K,

The choice of apecificmodelconfigurationis govened by various factors. First

by DVR= = % Thus DVR = 1-BPyp (Innis et al. 2007)

ND

it depends on the properties of tnacer. If the tracer is inert anedeknot interact with

any receptor system or domet undergo any chemical changet Bimply diffusesinto

and back outof the cells a onetissue compartment modelk{=k,=0) would be an
appropriatemodel. Another aspect of a radiotracer is its retention in the target tissue.
Tracers like }*CJFMZ are notpermanentlytrappedin the boun state and may convert
back to the nospecific state Ky< 0). However, a tracer like"{C]N-methylpeperine
propionate (['CIPMP) (Koeppe et al. 1999b)is metabolized by theenzyme
acetocholinesterase (AChE) and timetabolized state is retained in the tisskg(Q).
Thus, thereversibility of a tracer musbe considered prior to choosing tmeodel
configuration

Alternatively, the tracer might have additional interactions with other systems that
are not of interest-or example, the tracer may bind to some 13pgacific site(say toa
site on the presynaptic terminal) in addition to the specific bindisite In that case, a
three compartment model would better describerthévo process.

However, biologically acaate models may not be practical. A model with higher
complexity may banore accurate biologically, but may have too many parameters, and
henceit would be impossible to accurately estimatecadlthe model parameterSome
models might workwhen statistial noise islow, but yield multiple solutiongor high
noise casesThus, model simplification mape requiredand some bias in parameter
estimates will need to be allowed imder to obtain better precisio® number of
configurationsmight have to be tésd before choosing an appropriate model. For
[M'C]FMZ, a two tissie compartment model (Figure P.Bas been shown to be a
saisfactory mode(Koeppe et al. 1991)

I An example of an inert tracer iSQ]H,O used for blood flow measurement.

13



The transfer of the tracer between the ddfé model compartments can be
mathematally represented using firstder differential equations based on the laws of
mass transfeiThe differential equations for theo-tissue compartment model Figure

2.6are shown below.

Ll oke, k kCo(d G, 21
E=0 =i kG, -22

The totalmeasureatoncentration of the radioligand in the tisagea function ofitne is

given by
C(D=Cp() G() &) IRD. -23

whereA is the convolution operatoand IR(t) is the impulse responseof the
compartmental modelR(t) is a nonlinear funatin of the rate parameters of the two
compartmental modél

The model based TAC can be enumerated myrvaxel i from Equation 2.3 as

— 1 ,Jgnd

C =[C (T, C(TD),.... G (T)], where Cy(T)) o g G (9 dt and
end start @

ti_andt)  are the start and end timef thej" frame,N is the number of frames in the

study andT; is the timepoint representing framg usually chosen to be the frame

midpoint Let the parametsrof the model for ajivenvoxeli be liged invector form as
g =[K, Kk, k,, k,] . The parameter vectéor voxeli can be estimated by minimizing the

difference between the measured time activity curve and the model predicted curve as

follows:

-

G=arg minjw (y -G ﬂz , 24

where, W is the weighting matrix that takes into account the difference in variance

“ IR(t) = Ae™ +Ae?, with &, g, A andA,; being functions of the individual rate parametésto
Ka.
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between different frames of the PET scan. The normalized variance it fifzene is

givenas bllows (Logan et al. 2001)

/
52 - yi (-I-j)eTJ
j tJ _tj

end start

-25

whereT, is the midpoint time for th¢" frame and is the known tracer decay constant

(/ =0.0347 mift for *'C tracers). The weighting matri/ I R" " is a diagonal matrix

with 5—12 along the diagongFaraway 2004b)

]

Direct estimation oBPyp (=ks/ks) or DVR (= 1+BPyp) from equations 2.3 and
24 suffers from thepractical difficulties of arterial blood sampling and the possible
errors associated with.itThe inconvenience associated with the arterial sampling
approach has led to efforts in the PET community to move towardsnwasive

approaches such as the refee region methods deribed in the following section

2.4 Reference region models

Arterial sampling can be avoided if there is a region or tissue in brain that has
negligible specific bindings™ ; ki ; 0,BR ;0) al so call edonlhe or
or 0r ef er e n cimvasive i refesenceegionbadead mapproaches have been
proposed in PET literature where the TAC of the reference region can be used as an
0inputd instead of the arterial furestt i on f
(target region)(Cunningham et al. 1991; Lammertsma et al. 199%)e two tissue
compartment model for the reference region input funajmoroach is shown in Figure
2.7.
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Figure 2.7 Compartmental moddbr reference region approaches

The reference region approastdescribed here relgn two assumptions: (i) the
TACs in the regions with sp#ic binding (target regionstan be expressed as a function
of the TAC ofaregion void ofspecificbindingand the rate parameters and (ii) tago

of rates of transfer of the radiotracer across the blboain barrier is the same throughout
Ky K
the brain(k£7’ E ). This is equivalent to saying that the distribution volume of the
nondisplaceable tissue compartmedifp) is uniformthroughout the brain.
For ["'C]JFMZ, the TAC of its reference region (pons) and two target regions
(thalamiss and occipital cortex) are shown in Figurel. 2Three reference region

approaches that have been employethimthesis areescribed next.

241Two compartment ofull reference

In the case of a reversible sindgtacer two-tissue compament model, thearget
region concentration time courses or tiawivity curves (TACs)an be expressed in
terms of themodel rate constants and reference regiohCs using the full reference
tissue input model equatioshown in equation 2.6 belo@WCunningham et al. 1991,

Lammertsma et al. 1996)

y(=R(y() ay() A& h(x &) .26
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wherey, (t) is thetarget regiorconcentration time course for region or vokely, (t)is

the reference region concentration time courseRand, b, candd aremodelparameters

that are functios of the rate constants of adwissue compartment modéd; i k; and

K/ . The parameteR; in equation 2.6s an index of transport across the blood brain

ref

. K .
barrier R= " L. The full reference tissue model has four unknown parametetseynd
1

can be arranged in a vector form as:

g =[R. k. k, BR] - 2.7
Thus,from equations 2.6 and 2a/target region TAC can be expressed in terms of the

function of the refenece region TAC §. ) and the parameter vectag § plus a residual

error term @) as shown below:

y =1(y.q) +¢. -28

The rate parameters can be estimated by minimizing the difference between the model

predicted and measured TACs, similar to the minimizing step in equation 2.4 as follows:

-

r=argminWw{y -f(y, 9. . 29

2.4.2 Simplified reference tissue mode{sRTM)

The four parameter model in Equation 2.6 can be further simplified and converted
into a three parameter model if the equilibration betweennthredisplaceable and
specific compartmestis rapid ks, ks >> 0) (Lammertsma and Hume 1996)f this
cordition is true, the time activity curves can be expressed as a function of the reference

tissue curve and the threedelparametesfor any voxeli as:

- kot

VO=RY() th L yy & 210
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The parameter vectgrer for each voxel (g =[R, k,, BR,]) can be estimatety a

minimizationstep similar to the one inggation 2.9.

The arterial input based model f6ACs (Equation 2.3), the full reference tissue
model (Equation 2.6) and simplified reference tissue model (Equatiof &.@&Monlinear
functions of rate par amet ehesinimipatbn stepfad@ &1 n p U
the arterial sampling approach (Equation 2a#jd RTM and sRTM (Equation 2.9)
requires nonlinear least squares algorithms which are computationally intensive and may
not converge irthe case ohoisy data Logan plot based parameter estimation, to be
discussed next, is computationally efficient as it requires ordinary least squares

estmation.

2.4.3Reference regionbased Logan plots

Loganplot analysis has bearsedextensivelyin the PET communitpecause of
its simplicity and modetonfigurationindependenced.ogan plot analysis was originally
developed foruse witharterial samplingLogan et al. 1990and later adapted fdhe
norrinvasive reference region apaich (Logan et al. 296) Reference region based
Logan plot analysiss a computationally efficientnethodwhere ordinary least squares
(OLS) can be used to estimatee distribution volume ratio VR). The operational
reference regiovasedLogan equation obtained afteramsformation of dynamic PET
data is shown in equation 2.11
Fod Gl

o -DVRO HNT, -211
C,(T) G(T)

where,INT is an intercept ternil; is the midpoint time of thé th rame andk)' is the
population averagevalue of k, for the reference regionThe plot ofthe dependent

j ’ Cref (T|)
WT (t) dt ﬁ:ref (t) dt+ kref
variable &———) and independent variable®{ 2

C,(T) G (T)

after some tim@ , and the slope of the line is DVR, thegmeter of interesTheblood

) becomes linear
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brainbarrier transportparameter R;, can also be calculated from the regression

- DVR .
—————) and gives the measure of the transport rate of any target
INT 3 k'

region relative to the reference regidiigure 2.8shows the Logan plots for the TACs in

parameters R =

Figure 24, using pons as the reference region.
["C]FMZ Logan plots
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Figure 2.8: Logan plots foioccipital cortex (DVR = 4.3), thalamus (DVR=2.6) arahp (DVR=1.0).

For the dynane slice sequenceshown in Figure2.2, voxelwise estimates ahe

transport and binding parameteallow creation of parametritmages estimated using

Logan plotsaasshown in Figure 2.9

['C]FMZ R, ["C]FMZ DVR

Figure 2.9 R, andDVR images from dynami¢{C]JFMZ.
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However, the DVR estimation using Logan plots suffers from bias due to noise in
the voxel TACs. Minimizing this biaswhile at the same time keeping the parameter
variance low, is essential for the multiple neuropharioggoal measurement studies.

The next chapter discusses the cause of the bias in Logan plots and proposes a PCA

based Logan plot approach to reduce bias without increasing parameter variance.
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Chapter 3
Improving PET receptor binding estimates from Loganplots

using principal component analysis

This chapter introduces a noveprincipal component analysis (PCA) based
approach for reducing bias in distribution volume ratio (DVR)nesties from Logan
plots in PET Logan plot analysis isn ordinary least squares (OL-Based method for
estimation of distribution volume ratio (DVR), an index of receptor binding site density,
for reversiblePET tracers(see section 2.4.3¥his method isisedextensivelyin the PET
community because of its simplicity and modebnfigurationindependenceHowever,
negative bias exists in Logan plodsed DVR estimates owing to noise preserthe
PETtime activity curves (TACs)To reduce the bias in sirgmeasurement PET studies,
various methods have been proposed previously for the arterial sampling apgndach
will be reviewedn Section 3.4Ichise et al. 2002; Logan et al. 2001; Ogden 2003; Varga
and Szabo 2002)n this work, for the first time, these existing methods were applied to
the reference region approach. We founat thhesemethods either removed the bias at
the expense gdrecisionor removed only part of the bias both

This chapterintroducesa novelmethodfor reducingthe Logan plotbias usig
principal component analysiéPCA) without increasing the variaacof the DVR
estimates PCA is a feature extraction technique used to simplify a dataset by reducing
its dimensionality while maintaining its relevant characteristics. PCA has been used
extensively in nuclear imaging, including PET, in the spatial don@arber 1980;
Pedersen et al. 1994;aRfar et al. 2006; Thireou et al. 2008here the investigators
have analyzed the images of the coefficients rmdividual principal components
Frequency analysis of dynamic structures (FADS), where the principal components are
rotated to avoid negatiwaalues has been used in temporal domain in SPEEdkK et al.

1999) In the presenwork, we applyPCA to achieve temporal smoothing of PET TACs
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to reducethe bias in DVR estimatg$ection 3.3) The PCAbased Logan plot approach
is compared with the exiag bias removal methods in batimulation stuges (Section
3.4) and human brain scaf®ection 3.5).

3.1 The cause of lasin Logan plots

In the operationaequationfor reference regioased Logaranalysis(Equation

T
e (Hdt
2.11) the numerators in both the dependent variablle—h) and the independent
C.(T)
: Crer (T)
ﬁ:ref (t)dt+ kfref
variable 2__) have integral terms and are relatively noise free as

C(T)
compared to the denominator¥he presence of the noisy ternC:(T;)) in the
denominators on both sides ofjiation2.11 is the cause of correlated errarsthe
dependent and independent terms of the Logan plot eque#idimg to negative bias in
DVR edimates(Slifstein and Laruelle 2000)This bias is morerpnounced in regions
with high DVR values. Reduction of noise in the measured TACs will assist in reducing
the correlated errors leadj to areduction in the biasWe have developea principal

component analysis (PCA) based approach to achievgdhis

3.2 Existing bias removal techniques

To reduce the bias in single measurement PET studies, various methods have
been proposed previously foretharterial samplindpased Logarapproach(ichise et al.
2002; Logan et al. 200X0gden 2003; Varga and Szabo 200M)e operational Logan
equations for both arterial sampling and reference region approaches have the same
problem of correlated errors in the dependent and independent varididexe the
above mentionednethods thaugh developed fothe arterial samplingmplementation

are alsapplicable tahe reference region approach
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The OLS method accounts only for errors in the dependent varibide TLS
method (Varga and Szabo 2002Zpkes into account errors in both dependent and
independent variables of the Logan plot to estimate DVR. This can be classified as a
method using an alternate cost function. LE@!gden 2003and MA1L (Ichise et al.

2002) can be classified as methods rearranging the ofigiogan plot equation. In
LEGA, a rearrangement of the operational Logan plot equation makes the error term
additive. The problem is then solved by maximum likelihood approach. In MAL,
equation (5) is reaanged to bring the noisy term ¢me side of th equation and DVR is
estimated by taking the ratio of two regression coefficients. GlUo§an et al. 2001)

can be classified as a temporal smoothing method. In this method each noisy TAC is
separated into two segments which are indiviguéitted to one compartment model
using Generalized Linear Least Squaifeésng et al. 1996) The smoothed segments are
pieced together to get a smooth TAC which is then used to obtain Logan DVR estimates.
We havefound that these existing methodsgre either unsuccessful in removingll of

the bias or removed biag the &pense of precision droth The new PCA-based bias
removalapproach can also be classified as a temporal smoothing method where a PCA

based lower dimension linear model is used to reduce the noise in the tissue curves.

3.3 Principal Component Analysis (PCA)for Logan-plot bias reduction

PCA is a feature extraction technique used to simplify a dataset by reducing its
dimensionality while maintaining its important characteristfEaraway 2004a) In
feature extraction, data space is transformed into a ‘feature’ space having the same
dimensions as the data set. This transformation is such that the data set can then be
represented by a reduced number of dominan
intrinsic characteristics of the original data. Using PCA, each original datar \aécto
di menp@tan be expressed asppaodltimegqonalombasia
By Il imiting the numbedonmnmifnadmngts psdatevoacihkieso r (st
represented with a reduced dimensliypahus reducing the noise whijgreseving the
important features in the data. Using PCA, the noise in the PET TAC val@g)Can
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be reduced thualsoreducing the correlated ersoin equation 2.11which arethe cause
of the DVRbias.

The classical model for a PET TAC is a Horear function of rate parameters
(Equation 23). Here we represented dynamic PET data using alfSAd linear model.
Thus, a noisy tissue curve vector for feoxel, ¥, =[Y;(T), ¥(T)..... y (T)I' I R*

from a PET study involving ptémporal frames can be expressed as:

y; =CGx; +¢, -31

where GI R”4 is the system matrix to be constructed using PGA (), X, I R™'is

the coefficient vector an@, I R”* is the vector of residuals. For obtaining the system

matrix, a training set is required. We used the time activity curves from all the voxels in
the PET image volume as the training set.
Let thetraining set contairdd TACs from the dynrddmic

curves can be arranged rawise in the matrix form as follows.

gyl(Tl) 7 W)
x=¢ @ B @ .32
& (T) 7 y(T)

Matrix Xo is obtained by subtracting the column mean vecdtoy from each row

of X. The principal components are the eigenvectors of the sample covariance matrix of
Xo (S:dil X, X)) and are obtained using singular value decomposition (SVD). The

total number of principal componenits equal top, the nunber of frames in the PET

study.These components can be ordered in the decreasing order of their eigenvBlues as

= [f, f,..f,Jwhere f.i R™and Fi R”?. The mean vectoff and a subset of the

principal components (depending on their eigenvalues) is chosen to construct the system

matrixG = [#7 f, f,...f,] (g < p). The coefficient vectok; in Equation 3.¥or each noisy

curve y, can be estimated by least squares minimizaigfollows.

% =(G'G)'G'y,. -33
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The PCAbased fitted tissue curve can then be obtained as shown below.
F =Gk =G(G'G)'G'y,. 34

The process of obtaining the principal components using PCA from the training set has a
closed form expression and hegdorcapariicglar st r ai
tracer is maddrom simulations.Training data and test data are simulated using the
literature range of tracer parameter values and the expected shidg@eaderial input
functi on. The princiopal componentsqgare ob

is seleted to be the minimum number such ta(=[7 f, f,...f,]) is a valid system

matrix for simulated test data.

In human studies, the training data and the test data are the same and include all
the TACs in the PET image volume. Principal compasniénit each subject are obtained
from the training set and sy sq&:lectednfeoinr i x i

simulations. This system matrix is then used to fit the test data.

3.4 Simulations

3.4.1 Simulation Design

Simulations were performed mimicking ethrelatively slowly equilibrating
radiotracer f'C] car fent ani | ( Copidid) agonist. Apartiak bofus bl e €
followed by continuous infusion was simulated for tracer administration (60% bolus and
40% infusion). This was the same bolus to infusion ratio used in the human scans. The
local rates of delivery of the radiotracer and clearance rate of the radiotracer to the
plasma was same for the target region and the reference régienki™ k, = k"),
although this assumption is not required by the reference region method. The training set
was simulated using the kinetic parameter ranges reported preVibaghes et al. 2003)
as shown in Tabl8.1. The training set consisted of 2496 noisy curves (all with unique
kinetic parameter combinations) of a 70 minuié frame scan (4 x 0.5im 3 x 1 min, 2
X 2.5 min, 2 x5 min, 5 x 10 min), which is the same protocol used for human scans at our

institution. The principal components were obtained from this training set.
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The test data consisted of six hypothatiegions (Table 3,Figure3.1): four of
them with receptor binding, having true DVR values of 5, 4, 3, 2, and one without

receptor binding having true DVR = 1 were sampled from the training set. It is possible

Table 3.1: Kinetic pammeters ranges fol'C]carfentanil simulations

Parameter Training Parametefs | Test Parameters
Ky (ml g'min™) [0.1: 0.02: 0.24] 0.2

ks (min™) [0: 0.02: 0.5] [0.1: 0.1: 0.4], 0.7
ks (Min™) [0.08: 0.02: 0.14] 0.1

Ve (Ml/mL) [1.32: 0.27: 1.86] 1.59

(‘[a:b: d Y fromatocin steps ob. " atypical curve)

110

—¥— DVR = 8 (atypical curve)
101 —e—pVR =5

90 H _E_ DVR=4 -
—0—DVR=3
80H —&—pVR =2 1

Activity (Arbitrary Units)

0 10 20 30 40 50 60 70
Time (min.)

Figure 3.1: Noiseless time activity curves (TACs) for simulated test data. The test data comprised five
hypothetical regions with reptor binding having true DVR values of 8, 5, 4, 3, and 2 and reference region
with no binding (DVR = 1). The curve corresponding to DVR = 8* is an atypical curve that is not present
in the training set. Realistic voxkdvel noise was added to these nlgisg curves to obtain 1024

realizations for each DVR value.

for a small region of the brain to have very different kinetics from ttuiserved
elsewhere. Since the proposed PCA method is training set based, its sensitivity to a

region of unusual kinetiasot part of the training seeeded tde evaluated. To examine
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this, a sixth region with substantially greater DVR than any curve present in the training
set was added to the test set (DVR = 8). Noiseless TACs for ilkesgisns are shown

in Figure3.1 Realistic voxelevel noise was added to obtain 1024 realizations for each
of these curveausing thenoise modelin Equation 2.5.The principal components
obtained from the simulated training data were used construct the system matrix and fit
the cuwres in the simulated test data. DVR estimates were then obtained by replacing the
noisy TAC values inthe denominators of Equation 2.%ith the values of the PCGA
based fitted curved., the time beyond which the Logan plot is linemas chosen to be

20 minutes based on the known characteristics of carfentanil. The istegrahe
numerators of Equation 2.Mere calculated using trapezoidal approximati@gden

2003) The curve simulated for the region with specificbinding (DVR = 1) was used

as tle reference region in the Logan analysis.

It must be noted that since no blood samples are measured in reference region
approaches, correction farblood volume componergtascular contribution to the PET
data)is not possible. Not correcting for bloodlyme will introduce a systematic bias in
the DVR estimatesn human scansinrelated to the noise induced big®gan et al.

1996) To check the magnitude of this systematic bias on the proposed and existing
methods, separate simulations were gisoformedwith a blood volune component

using the following model.
C(H)=VoG() €1 )G (D -35

where C(t) is the total radioligand concentration measured in a vokgeis the blood
volume component (chosen to be 3.5%) @g(t) is the blood radioligand concentration.
Data was simulated including a blood volume component as in equation 3.5, but analyzed

ignoring its contribution.

DVR values for the above simulations wegstiméd usingthe following six
methodsand the results are reported in the next subsection
(1) Ordinary Least Squares (OL&)pgan et al. 1996)
(2) Total Least Squares (TL®Yarga and Szabo 2002)
(3) Generalized Linear Least Squares (GL{$)gan et al. 2001)
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(4) Likelihood Estimation Graphical Analysis (LEGA)gden 2003)
(5) Multi-Linear Analysis- 1 (MA1) (Ichise et al. 2002)
(6) Principal Component Analysis (PCA)oshi et al. 2008a)

3.4.2 Simulation Results
The mean vector() and first 3 principal componentsf( f,andf,) obtained

from the simulated carfentanil training data without blood volume component are shown
in Figure 3.2 The first 3 components had eigenvalues @4310°, 278.75 and 7.91

while the next to last and last components had eigenvalues of 36 and <10”,
respectively. This progression of eigenvalues (eigenyvalee eigenvalug indicated
that the firsttew compments are the dominant vectors and capture most of tienear
in the training set.

The box plots in Figure 3.8how the comparison of DVR estimates obtained

using OLS with those estimated by increasing numbers of components for true DVR =5

(PCAnY G=[rf, f,2 f]).Inthe presented PCA approach, fitehe noisy TACs as

a linearcombination of the principal components (16 possible vectors) as well as the
mean vector. In all, 17 PGBased models are possible; the model with smallest degrees
of freecbm is PCAO with the mean vector alorn® €[/7]) and the one with largest
degees of freedom is PCA16 with mean vector and all the 16 principal components (G
=[A 1, 5,2 £,d).

Too few components were insufficient to modeé tdata and yided biased
estimates with high precision, as seen for PCAO which used the scaling of only the mean
vector. As the number of components was increased, the bias was reduced at the expense
of precision (PCA1, PCA2, PCA3). However, as the nemdf components exceeded
three, the bias returned, as the added components bedimadsé in the data. Using all
16 principal components (PCA16), as expected, gave back the original noisy data and the
box plot in this case is identical to the boxtdiar OLS. PCA16 uses 17 vectors (mean
vector and 16 components) while PCA15 uses 16 vectors (mean vector and 15

components) to model the 16 frame data. The mean vector can be expressed as a linear
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combination of the 16 principal components. Since onlyirtpendent vectors are
needed for perfect description of the 16 frame data, PCA15 and PCA16 will give

identical results.

1.5 T T T T T T

0.5

Magnitude

Normalized Mean Vector

—=— Principal Component 1 T
—3¢— Principal Component 2
—— Principal Component 3

1 1 1 |
0 10 20 30 40 50 60 70
Time (min.)

Figure 3.2: Mean vector and first 3 principal components for carferdiltracer simulation studies. The
mean vector is the mean of the entire training data while the 3 principal components are the dominant
vectors obtained from the PCA with the three largest eigenvalues.
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Figure 3.3: Box plot comparisons of DVR estimates obtained with an increasing number of principal
components in single measurethsimulation studies (True D\&#®). The individual boxes have lines at

the lower quartile, median, and upper quartile values. The wkisk¢end from the ends of the box to the

most extreme value within three times the interquartile range in each direction. DVR estimates beyond the
whiskers are marked as outliers (denoted by '+). PYArPCA fit with first n princpal components and

the mean vector. When all 16 components are used (PCA16), the results are identical to the original OLS
estimation.
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PCAl (G=[A ﬁ]) provided the best biasriance trad®ff for true DVR = 5.

This implied that a linear eobination of only two curve shapes could sufficiently
approximate the simulated test data with DVR %5 @). To check the validity of this

finding for all the simulated TACs in the test set, we analyzed the residuals between the

true noiseless TACsY("*) and the PCAfitted TACs (ﬁ.’m, 10 j1024). Forthéd t h

realization, the residual @ t h f r a meresidsa)(Tg ¥ ¥"&T)- FY(T) 1O i

O herep = 16 is the number of frames in the study). These residuals were normalized

by the true tissue curve values to obtathe percenhormalized residuals

_residual (T)
v (T)

residuals must lie close to ze(Garson 1986)Figure 3.4 shows that for TACs with

3100). For a model to be valid, the mean of these pemmamhalized

receptor binding that were part of the training set (DVR, 4, 3 and 2), the mean of
percerinormalized residuals was close to zero (betwe8f). For reference region

® - DVR =8*
—8—DVR=38"
10 —#*—DVR=5
—B—DVR=4
—&—DVR=3
5r z —&—DVR=2

Mean of % Normalized Residuals

0 10 20 30 40 50 60 70
Time (min.)

Figure 3.4: The mean of percemormalized residuals between the PG#sed curve approximations and

the true tissue curves in single measurement simulation studies. The plot indicates that PCA1 model is valid
for TACs with receptor binding that were part of the training set (DVR = 5, 4, 3 and 2). For reference
region curve (IWR = 1) and atypical curve not part of the training set (DVR = 8), however, the model is
not valid as the mean of percemirmalized residuals is significantly different than zero. Including curves
similar to the atypical curve in the simulated training(4&6 of the total curves) improves the fit (DVR =

8".

TAC (DVR =1,k3=0) and for the atypical TAC not included in the training set (DVR = 8)

the mean of the percenbrmalized residuals was significantly different than zero
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indicating that PCA1 was notwalid model for these curves. This makes intuitive sense
as the reference region curve (shown in Figiie DVR = 1) has a more complicated
shape compared to the curves with receptor binding due to rapid clearing of the tracer.
PCA3 (mean vector and #& components) was found to be a valid model for the
reference region. It should be pointed out that the actual reference region TAC used in the
Logan plot calculations is not fitted using PCA, but is the raw TAC. Since the reference
region is not deriveffom a single voxel, but is obtained from a voluofanterest large
enough to have minimal statistical noise, the raw reference region curve can be used for
all DVR estimations without introduction of bias or loss of precision. Furthermore, the
DVR estmates in regions of very low binding were found to be nearly unbiased even
with nonzero residuals resulting for the PCAL1 fit as seen in the last column of3able

The invalidity of the PCA1 model for the atypical curve is also expected as the
succes®f PCA-based approach depends on the diversity of the training set and if a curve
shape is significantly different from any in the training set, the PCA1 model may not be
adequate. However, in human studies the training set consists of all the TACPRE&the
image volume. Thus, a region with unusual kinetics, if any, will contribute curves to the
training set. If we include curves similar to the atypical curve in the simulated training
set (1% of the total curves) tfieimproves as seen in Figure 3@VR = §).

The standard deviations of the percent normalized residuals for -B&s&H
TACs calculated above were approximately 50% of that for original noisy tissue curves.
Thus, from this result and Figure 3we could conclude that PCA1 model was vétid
the curves with receptor binding that were part of the training set and provided TACs

with reduced noise.

More detailed results have been presented for the curve simulated with DVR = 5.
The histograms in Figure 3.5 show the distribution of the DMRegestimated by each
of the existing methods vs. PCALl. A Gaussian kernel with unbounded support was used
to smooth the histograms. These plots were useful for visualizing asymmetries and tails
in the distribution of the estimated DVR values. The uedil l ine denotes th
value. The modes of the histograms of all the existing methods either lie below the true
DVR value, show heavy tails, or both. PCA2 has its mode at the true value but has a

heavier tail than PCA1. PCAL was seen to be saptriall the existing methods
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Figure 3.5: Comparison of distribution of the DVR values estimated by each of the existing methods vs.
PCAL in single measurement simulation studies for true DVR = 5. (diegatop and bottom 2.5
percentiles). TLS, GLLS and LEGA have modes lower than the true value but higher than that for OLS.
MA1 has a heavier tail due to overestimations. PCAL proves to be the best estimator with a narrow
unbiased distribution as compdrto all the methods. The distribution of DVR estimates with PCA2 has its
mode at the true value but has a heavier tail than PCAL.

Figure 3.6 depicts the traadf between precision and bias in the DVR estimates

of the different approaches, again for R 5.
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Figure 3.6: Tradeoff between bias and precision for the existing and proposed bias removal methods in
single measurement simulation studies (discarding top and bottom 2.5 percentiles). Thewsqiescent
absolute bias versus percent standard deviation for true DVR = 5. The original OLS method shows high
bias, which is removed at the expense of some increase in estimation variability by the existing bias
removal methods. If the proposed metheas under parameterized (PCAO) or over parameterized (PCA7,
PCA9, PCA16), bias returned. PCAL1 yielded the best compromise between bias and precision.

An ideal estimator has no bias and minimakiance and would lie near the
origin. OLS (superimposed thi PCA16) is on the far right denoting the bias present due
to noise. TLS removes only a portion of the bias. GLLS, LEGA, MA1, PCA2 and PCA3
reduce the bias but also have poorer precision. PCA1 shows the best performance and is
closest to the origin tmaany other method. Figure 3§hows box plots for DVR
estimates from all methods (DVR = 5). The median and range of DVR estimates using
OLS is below the true value as expected. The bias in the median is reduced only slightly
using TLS with a decrease imeggision. GLLS, LEGA, MA1 and PCA2 reduce the bias
almost entirely but have high variance. PCA1 eliminates bias almost completely and

yields the best precision estimates of any of the methods.
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Figure 3.7: Box plot comparisons of the DVR estimates obtained using the existing bias removal methods
and the proposed bias removal method for single measurement simulation studies (true DVR = 5). TLS
reduces only part of the bias. GLLS, LEGA and PCA2 (with aevinterquartile distance) and MAL (with

large number of outliers) reduce most of the bias but at the expense of precision. PCA1 reduces bias along
with an improvement in estimation precision.

Table 3.2 summarizes the means and standard deviations @sthmated DVR
values in units of percent of true value for all the simulated test curves. Though the trends
for DVR <5 (last four columns) ararsilar to those seen in Figure 3[DVR = 5), bias
for OLS is lower for curves with logr DVR values as expectég8lifstein and Laruelle
2000) The first two columns show statistics for the atypical TAC with bias in the PCAl
estimate of DVR when the atypical curve is not part of thitng set (DVR = 8, column
1) and reduction in bias when atypical curve shapes are included in the training set (DVR
= 8', column 2). Inclusion of curve shapes similar to the atypical curve in the training set
(1% of total curves) improves the fit but doeot remove the bias completely for PCAL.
The representation of atypical curve shapes in the training set was required to be at least
5% for the bias to be completely removed for PCAL. Thus, very small regions with
unusually shaped TACs, if identified prito Logan analysis, could be fitted with PCA2
where bias is removed almost completaly &t the expense of precision.

Figure 3.8 shows the box plot for DVR estimates from all methods for curves
simulated with but not corrected for the blood volume camepo (DVR = 5). The box

plots have similar bmvariance trends as in FiguBe7 apart from theconsistent bias seen
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in Figure 3.8for all methods due to uncorrected blood volume component. This bias is
minimal (< 5%) compared to the noise indddbias inOLS (>10%) for DVR®5 and is

even smaller for lower DVR values.

Table 3.2: Bias, given as percent of true value, and standard deviation in units of percent of true value (n = 1024).

DVR =8 DVR = 8* DVR =5 DVR = 4 DVR =3 DVR =2 DVR =1
OLS 77 (13) 87 (12) 90 (11) 92 (10) 94 (9) 97 (7)
TLS 93 (23) 95 (17) 94 (13) 95 (12) 96 (9) 97 (7)
GLLS 95 (26) 99 (20) 99 (15) 100 (13) 100 (10) 98 (8)
LEGA 100 (19) 105 (22) 102 (16) 102 (13) 102 (11) 101 (8)
MA1L 107 (34) 106 (24) 103 (17) 102 (14) 102 (11) 103 (8)
PCA1 87 (7) 91 (9) 100 (8) 101 (8) 101 (8) 102 (8) 97 (7)
PCA2 98 (19) 99 (16) 102 (16) 102 (14) 102 (12) 101 (10) 98 (7)

A value of 100 represents édno biasbd.
* PCA training set inading curve shapes similar to the atypical curve (1% of total curves
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Figure 3.8: Box plot comparisons of the DVR estimates obtained using the existing and proposed bias
removal methods for single measment studies simulated include a blood volume component, but
analyzed ignoring the vascular contributiprue DVR=5). The trends are similar to those seen in Figure 7
but includea consistent but minimal bias (< 5%) as compared to the noise indasad BLS (>10%).
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Similar trends to those seen in Figu@8 - 3.8 were seen for simulations of
different levels of noise (results not shown).

3.5 Human Studies:

3.5.1 Human Studies design

To apply the proposed approach in single measurement human PET st@dies,
subjects were imaged with"C]JCFN for 70 minutes and binned into 16 frames (4 x 0.5
min, 3 X 1 min, 2 x 2.5 min, 2 x 5 min, 5 x 10 min). All scan were performed on a
Siemens ECAT Exact HR+ scanner. Images were reconstruction following Fourier
rebinning (FORE) using 2BOSEM, 4 iterations 16 subsets and no {postess
smoothing resulting in images with isotropic resolution of approximately 6 mm FWHM.
Injected doses of'fCJCFN were 55866 MBq (1518 mCi) at a specific activity of
>2000 Ci/mmol. CHN was administered as partial bolus followed by continuous
infusion. Subject motion across frames was corrected using Neurostat (University of
Michigan; (Minoshima et al. 1994; Minoshima et al. 1993)Ols, including tle occipital
cortex reference region, were obtained using a standardized VOI template following
reorientation and nelinear warping to the stereotactic Talairach afféalairach and
Tournoux1988)using Neurostat routines. DVR parametric images were obtained by the
proposed andll existing methods. The PCA training set consisted of TACs from all the
individual voxels in the brain volume and was used to obtain the principal components
foreach subject. The system matr gbx pwaisnctilpear
c o mp o n g Gdlested (frdm simulations). All individual voxel TACs in the image
volume were then fitted to the system matrix to obtain smooth TACs with reduced noise.
DVR values were estimated by substituting these smoothed TACs values in place of the
noisy TACsvalues in the denominators ofjtation2.11 DVR estimates were also
obtained employing the existing bias removal methods and compared with the proposed

PCA appoach.
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3.5.2 Human Studies Results

For the 12 human scans in the siAgieasurement case, 8 regions of interest
(ROIs) were placed on the estimated DVR images of each subject obtained from all
methods. The means of DVR values and means of the standardotewaithin these
regions from 12 subjects are reported in T&8 The top 50 percentile pixels in these
ROIs were used to obtain the statistics. The performance of the methods in the human
data was seen to match closely with the performance in siowsttidies. TLS estimates
are higher but quite close to that of OLS for all regions. The estimates of GLLS, LEGA,
PCA1L, PCA2 and PCAS3 are higher than OLS as seen in single measurement simulation
studies indicating reduction in bias. Mean values for MAd f@gher than the other
methods due to the presence of outliers. The means of the standard deviations (across
subject means of the withiregion standard deviations) also follow the same trend as
seen in simulations with PCA1 having the lowest and MAlrate highest variance
compared to the other methods. It is important to note that in general the PCA method

yields the smallest standard deviations, which is a strength of the approach.

Table 3.3: Mean DVR(mean standard deviation) in subjects imaged with the single measurement protocol (n = 12).
Thalamus Dorsal Ventral Anterior Occipital
Caudate Caudate  Amygdala Cingulate Cortex  Cerebrum Cortex
OLS |268(0.23) 2.51(0.48) 2.82(0.42) 256(0.53)  1.79(0.54)  1.52(0.22) 1.68(0.18) 1.10 (0.22)
TLS |274(0.26) 2.55(0.63) 2.92(0.47) 270(0.69)  1.81(0.71)  1.53(0.25) 1.69 (0.20) 1.10 (0.23)
GLLS | 2.83(0.24) 2.62(0.43) 3.05(0.39) 2.85 (0.45) 1.85 (0.39) 1.56 (0.22) 1.73(0.19) 1.12 (0.22)
LEGA | 290(0.37) 2.68(0.68) 3.18 (0.59) 2.98 (0.85) 1.89 (0.83) 1.61(0.34) 1.78(0.34) 1.17 (0.31)
MA1l | 3.13(1.33) 3.44(2.95) 3.25(2.27) 3.15 (3.54) 1.92 (3.69) 1.67 (1.43) 1.78 (1.28) 1.24 (1.10)
PCAO | 264 (0.17)  2.49 (0.21) 2.71(0.17) 2.39(0.24) 1.86(0.14) 1.54 (0.17) 1.78(0.11) 1.07 (0.16)
PCAl | 3.03(0.22) 2.77(0.35) 3.30(0.31) 3.16(0.38) 1.89 (0.31) 1.59 (0.20) 1.77 (0.16) 1.11 (0.23)
PCA2 | 2.87(0.24) 2.64(0.43) 3.06 (0.38) 2.83(0.45) 1.88 (0.44) 1.58 (0.22) 1.75(0.19) 1.12 (0.23)
PCA3 | 287 (0.26)  2.63(0.51) 3.06 (0.45) 2.83(0.59)  1.88(0.55)  1.58(0.24) 1.75(0.21) 1.12 (0.23)

Mean standard deviation is the acrsabject mean of the withiregion standard deviation.
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3.6 Discussion and Conclusion

The negative bias in the DVR estimatesni Logan plots is due to the noise in
the PET TACs that propagates as correlated errors in dependent and independent
variables of the Logan plot equation. While several methods for reducing this bias have
been proposed, these methods either remove godyteon of the bias, or reduce bias at
the expense of precision. Parameter estimation by TLS esnonly a portion of the
bias. TheGLLS, LEGA and MA1 methods are quite effective in removing bias, but
demonstrate poorer precision, especially for intetie@ studies where two DVR
edimates are requireds will be seen in the next chaptein the proposed approach,
fitting the dynamic PET data to a ledvmension PCAbased linear model maintains the
appropriate kinetic shape of the TACs while removing@a@nd hence the source of the
correlated errors in the Logan plot equation. This provides DVR estimates withahini
bias and reduced variancén single measurement simulation studies, the linear
combination of just two curve shapes (the mean vectorfiestdprincipal component)
was successful in modeling the simulated test data curves sampled from the training set
and reduced bias and variance associated with their DVR estimates. If a test data curve
was not part of the training set, PCA1 was insidghtto model it leading to bias in DVR
estimates as seen for the atypical curve (DVR = 8). In human studies, however, TACs
from all the voxels in the image volume are used as training data to obtain tHeaB&d
linear model. A region of unusual kinetigspresent, will contribute to the total TACs in
the training data. Thus, a region of unusual kinetics contribasrigw asd% of the total
TACs to the training data was simulated. By including curve shapes similar to the one
with DVR = 8 in the traimg set (1% of total curves), the bias in DVR estimates was
reduced but not completely removed. Small regions with atypical TACs, if identified
prior to DVR estimation, could be fitted with PCA2 where bias will be removed at the
expense of precision.

Adding another component to the PCA1 model (PCA2) also removed bias, but
increasedhe variance of the DVR estimatesa level comparable to OLShough the
increase in variance between PCA1 and PCA2 is expected due to an increase in degrees

of freedom, the ngnitude of this increase will vary from tracer to tracer and will depend
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upon the particular curve shapes under consideration, and thus needs to be evaluated for
each radiotracer application.

Another source of bias, unrelated to the namskiced bias, asts for reference
region approaches due to lack of accounting for the btmode component of the PET
signal. This was observed to cause a small but consistent bias in all the methods, but was
minor compared to the noise induced bias in OLS.

It should k& pointed out that in both the simulation studies and the human scans,
we used a partial bolus followed by continuous infusion for administration of the
radiotracer. This may reduce the kinetic complexity of the TACs compared to bolus
injection studies, r&d hence limit the number of principal components required to
describe the shape of the TACs. When applying the PCA approach to other PET ligands
or radiotracer administration protocols, the optimal number of components for describing
the TAC shapes needs be reevaluated. However in our experience, the mean vector
plus at most two principal components seem sufficient for modeling standard- single
measurement PET studies for most radiotracers, while the mean vector plus at most three
components are suffent for interventional PET studie®escribed in Chapter that may
have more complex kinetic behavior.

Obtaining the components from training data has a closed form solution and
hence is not computationally expensive. While the simulation studies areeasary
step in the validation of any new proposed approach, the final evaluation must involve
real data. Results in Tabl8s3 clearly demonstrate the utility of the PCA approach in
human data.

The proposed PCA method is simple to implement and catpoally fast. For
relatively slowly equilibrating tracer lik¢ iC]CFN, PCA1 produced DVR images which
had less bias, lower variance, or both compared to existing bias removal methods.

The motivation for this thesis is the measurement of multiple
neurgharmacological aspects of the brain. The noise induced bias in TACs accentuates
the bias problem in the duhbgan intervention studies since a limited number of data
points are available for DVR measuremehtie improvement in Logan plot analysis
shown n this chapter provides the performance necessary for application to dual

measurement studiels the next chapter, weee how the proposed and existing methods
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perform in case ofluatmeasuremenintervention studies where prand posichallenge
DVR estmates are required.
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Chapter 4

Dual-measurementintervention Studies
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Figure 4.1: Dualmeasuremergpproach to measure tire vivo distribution of the radiotracer before and

after perturbation of the system in a single tracer PET study. In the schematic shown in panel A,
perturbation of the system is made 40 mierathe tracer administration decreasihg binding potential of

the targt region by 50% (noiseless case). Logan plots are used to estimate DVR both before and after the
intervention. The grey lines indicate the point at whidperturbation occurs.

PET intervention studies are usedreestigatethe effect of a pharmaamgical or
behavioral challenge on théeiological system of interest. In a traditional PET
intervention study protocol, the baseline pharmacological or behavioral measure of
interest is first obtaied from a singléracerPET scan. The baseline scan isdaled by
the intervention andhenanother PET scan is acquired with the intention of measuring
the effect of the intervention. Typically, each study would also involve invasive arterial
sampling.

In this chapter we propose a singlean intervention studwithout the need for
arterial sampling. In this protocol, the traceadministerednd at some point during the

sameacquisition a perturbation of the system is made with the intent of changimg
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distribution of the radiotracdFigure 41, panelA). Reference region basédgan plots
are used to estimate DVR before and after intervelfi@ure 4.1, panel B).

We have found that theoiseinduced bias in DVR (discussed in Chapter 3) is
more pronanced induatmeasuremerdtudies resulting in higer biasand variancehan
in singletracer PET studies due to the restricted temporal range of data available for
DVR estimation Application of the gisting bias removal techniqués such intervention
studies has not been reported in the literatureefpdor the temporal range of data used,
the procedure for estimating DVR idualmeasurementintervention and single
measurement studies is the same. The Logan plotkiddmeasuremergtudies have the
same noise induced bias associated with them asmgbe measurement studies. Thus,
though the existing methods have been proposed for single measurement studigs, they
applicable to the dual Logan case without any modifications.

In this chapter w appy the PCAbased approach as well as existibigs
reductionmethods(see chapter 3p duatmeasuremenPET for both simulation studies
(Section 4.1and humarscangSection 4.2)

4.1 Simulation studies

4.1.1Simulation studies: Design

Intervertion studies were simulated usirige same input function and eat
parameters ais Section 3.2.1 (Table 3.1putwith a naloxone intervention simulated 40
minutes after initiation of the scan. The simulated data consisted of 100 mirifes
frames scan (4 x 0.5 min, 3 X 1 min, 2 x 2.5 min, 2 X 5 min, 8 x 10 minighvi$ the
same protocobs used forthe human intervention scans. The training set consisted of
TACs with a linear drop irks to 40%, 50%, and 60% of the initikd valueoverthe 10
minute periodafter the intervention to model the lossawvailablebinding sites following
naloxone intervention. The test set was simulated with 50% dré&p ilDVR values
were estimated from L ogan 40plindar geinterseintioy o6 e ar
DVR (DVRye and ol ated data f r onfor poStintenvemionunt i |
DVR (DVRyes) as shown in Figure 4.1, panel(Boiseless case). DVRIis estimated
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from 207 40 min when the Logan plot has become linear. The perturbation at 40 min
(denoted by the vertical grey line) increases receptor occugansyng the Logan plot to
bend (40i 60 min), before becoming linear again around 60 min. Thé 600 min
period can be used to estimate DWR For both DVRe and DVRy.s: estimationsthe
integral terms in the numerators ofjiation2.11are calculateé from the beginning of the
scan

As mentioned before, the existing methods, though proposed for single
measuremenstudies are also applicable thualmeasurementntervention studies.
Though this is true for GLLS as well, some practical difficulties texi® apply the
GLLS method as proposed in Logan et. al, 2001 taltted measurementase, temporal
segments of the TAC before and after intervention may have to be further cleaved into 2
parts each. This, though possible, is not practical due to adimiteber of points in the
TACs (11 preintervention and 6 poshtervention). Thus, we implemented GLLS
without dividing the segments before and after intervention any further. It should be
noted that in order to fairly compare this method to the otheessegments before and

after intervention may need to be separated further (work not done).

4.1.2 Simulation studies Results
Similar analyses as shown in Figuiz81 3.8 were performed for intervention

studies to determine the appropriate number of prihcip@ponents forifting the noisy
data. Figure 4.3hows percent absolute bias versus percent standard deviation in the
DVR estimates for both pient er vent i g<= 5(fibetd symeod anD post
intervent i g3 Opértsymbe)siaaDSinRe the bias in the estimated DVR
values is higher for larger DVR values, in general the bias is higher in,DW¥ian
DVRyest It can be seen that PCA1(pre) and PCA3(post) provide the bestdsiance
tradeoff (by virtue of their proximity to th origin) than all the other methods$n fact

DVR estimates using all PGBased approaches tested (PCA1, PCA2 and PCA3) cluster
close to the originreducingbias while maintaining good precision. All the existing bias
removal methods reduce bias at thgpense of precision.Thus, as for singletracer
studies, the PCA approach appears to be the method of choidedeneasurement
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simulation stdies as well. Next, we validathe method in humadualtmeasurement

studies.

as) ® OLS (pre)
A TLS (pre)
4 GLLS (pre)
*
4

301 LEGA (pre)
MA1 (pre)
Bf o 4 ] W; PCA1 (pre)
B, PCA2 (pre)
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OLS (post)
LK) A TLS (post)
151 - O GLLS (post)
0 ) #r LEGA (post)
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Figure 4.2: Tradeoff between bias and precision for the existing and proposed ibiamulated

intervention studies (discarding top and bottom 2.5 percentiles). The figure shows the percent standard

deviation versus percent absolutesbia DVR,. (filled symbols)and DVRys (open symbolsfor the

simulation studies where the bindingndiéy was decreased by 50% posht er vent i on .- 0True

intervention and poshtervention was 5 and 3 respectively. OLS showed the maximunadiaas seen

in the single measurement studies. All the R8#sed methods (PCA1, PCA2 and PCA3) cluster close to

the origin and reduce bias while maintaining good precision. The existing bias removal techniques reduced
the bias at the expense of increasearance.

4.2 Human data studies

4.2.1Human studies: Design

To apply the proposed approachdimatmeasuremenntervention studiesscans
were performed irfour human sbjectsusing f'CJCFN with a naloxone dose given
starting 40 minutes after CFN administratito block tracer binding. Naloxone was
administered as a 0.004 mg/Kg bolus followed by 0.00004 mg/Kg/min for the remainder
of the study, a dose designed to block approximately 50% of the specific binding sites.
Four control subjects were also imaged weheo intervention was given during the scan,

and thus no change in binding was expect ec
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Data for these 8 subjects were collected as for the singésurement studies except that
scans were acquired for 100 miesitand binned into 19 frames (4 x 0.5 min, 3 x 1 min, 2
X 2.5 min, 2 x 5 min, 8 x 10 min). Except for the temporal range of data used, the
procedure for estimating DVR using the proposed and existing methods in intervention

studies is same as that for dmgreasurement studies as explained above.

4.2.2Human data: Results

Figure4.3shows DVR images obtained from data before and after 40 minutes of
scanning in one of the control subjects where no intervention was given, hengg DVR
and DVR,ostimages shoulde identical. The OLS, TLS and GLLUL8ethodsshowed a
decrease in global D¥ though no receptor blocking wpsesentThe LEGA and MA1
methodsyieldedn oi sy DVR i mages, especially for th
not be used to create parametri@gas in intervention studies. PCALl images stbw
little to no change betwee 6 pr ed6 and 6 p oat exbibitiamyagdefis. a n d
PCA2 and PCA3 images exhibd higher variance, but shaa little to no change
between early and late DVR images.

To quantify these effects, scatter plots of pre and post binding potential estimates
for voxels with receptor bindingDl/R>1) were made for all subjects and the mean
values of correlation coefficient, slope and intercept reported in Tab(e & 4 for both
groups). Since errors exist in both abscissa and ordinate, the regression slopes and
intercepts were estimated using total least squares optimization. For the control cases, the
ideal estimator will have correlation coefficient = 1 and slope = 1 with ingetethe
origin indicating no variance and no change in occupancy. PCA1 behaves closest to the
ideal estimator for the control case. The other methods show lower correlations and
slopes less than 1 indicating higher variance and an apparent changepgnogadue to
hi gher biasodéenrbdlat ®O¥Rt bahi mat es.

Figure 4.4shows DVR images before and after mention in one of the subjects
who received naloxone. Noise properties of DVR images are similar to those in the no
intervention case. 5, TLS and GLLS show the expected decrease but are noisier.

Similar to the results in the control study, LEGA and MA1 images are much noisier and
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would have limited utility for intervention studies. PCALl images show the lowest
variance and exhibit thexpected decrease in DVR values. PCA2 and PCA3 again have
higher variance, but show the expected effects of naloxone on DVR estimates. The
results for scatter plots in the naloxone interventiases are summarized in Table 4.1
(right columns). The PCAased methods have higher correlations than the other methods
and the mean slope for PCA1 = 0.54 corresponds well with the expected ~50%

occupancy of receptor sites at the chosen naloxone dose.

OLS TLS GLLS LEGA MA1 PCAIl PCA2 PCA3

Figure 4.3: DVR images from a representative control subject estimated from data before and after 40
minutes with no intervention. OLS, TLS and GLLS show a decrease in global DVR values despite there
being no intervention. LEGA and MAL give very noisy results. PCikldy images with high precision

for both o6pred and o6postd estimation periods with
the two estimations.

5
)
3
I2
1
0
Figure 4.4: DVR images from a representatigabject from scan data before and after injecting naloxone
(40 minutes after the beginning of radiotracer administration). OLS, TLS and GLLS show the expected
decrease in global DVR values but lack precision in vaisé estimates. As in the controldy, LEGA

and MAL yield images that are very noisy. PCAL produces high precision images for both early and late
data and showed the expected decreases in binding values due to naloxone.

GLLS LEGA MA1 PCAl PCA2 PCA3

OLS TLS

The performance of each method varied little from subject to sudgeseen by

the small across subject standard deviation values for the mean statistics as reported in

46



Table 41. The performance of all methods depends primarily on the noise level in the
TACs (higher bias and variance with higher noise). Since allubgds were imaged
with the same PET scanner; the noise level in all scans was similar and hence, so was the

performance of each method from subject to subject.

Table 4.1: Mean correlation coefficient and @ slope and mean intercept of the sca
plots of the early and la®Pyp estimates in control subjects (n=4) with no intervention
in subjects with naloxone intervention (n=4).

No Intervention (Control) With Naloxone Intervention
Correlation Slope Intercept Correlation Slope Intercept
Coefficient Coefficient
OoLS 0.83 0.82 -0.01 0.75 0.44 0.05
(0.02) (0.06) (0.02) (0.04) (0.03) (0.03)
TLS 0.80 0.81 -0.01 0.73 0.41 0.06
(0.02) (0.08) (0.03) (0.04) (0.03) (0.03)
GLLS 0.84 0.99 -0.12 0.84 0.66 -0.08
(0.01) (0.08) (0.03) (0.03) (0.02) (0.01)
LEGA 0.57 1.41 -0.33 0.44 1.01 -0.38
(0.07) (0.25) (0.17) (0.05) (0.54) (0.43)
MA1 0.28 2.18 -0.96 0.13 0.30 0.22
(0.04) (0.74) (0.59) (0.05) (0.24) (0.25)
PCA1l 0.99 0.96 -0.02 0.93 0.54 -0.15
(0.00) (0.04) (0.01) (0.03) (0.04) (0.04)
PCA2 0.91 0.96 -0.04 0.84 0.51 0.08
(0.06) (0.04) (0.02) (0.09) (0.03) (0.01)
PCA3 0.89 0.93 -0.03 0.80 0.43 -0.00
(0.04) (0.06) (0.02) (0.09) (0.04) (0.04)

The values in thbrackets are standard deviations for the reported statistics. A total le
squares optimization was used to calculate the regression slope and intercept since
exist in both abscissa and ordinate measures.

4.3 Discussion and Conclusion

Dualmeasurerantintervention studies discussed in this chapter make it possible
to measure both baseline gpoistintervention binding site densiti@s a subjecfrom a

single PET acquisitionandwithoutthe need forrterial samplingThe negative bias in
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the DVR etimatesusing Logan plots due to the noise in the PET TA€seen to a
greater extent iduatmeasuremergtudies While several methods for reducing this bias
have been proposed, these meth@dswith single measurement studiegher remove
only a portion of the bias, or reduce bias a¢ thxpense of precision. Pa#asedinear
modek reducebias without increasing variancdso similar to the singldracer case
shownin Chapter 3.

Results presented in Tablel andin figures4.3 and 4.4&learly denonstrate the
utility of the PCAfor intervention studies aBCA is the only approach that produced
voxel-by-voxel parametric images with acceptable noise levels and withdbservable
bias. Figure 4.3hows that for the nénterventiodcase,onyBA1 yi el ded Oear
0l ated DVR values that were of the same ma
similar advantage of PCA1 over the other methods fotierventiord case is seen in
Fig. 4.4 with the expectedaloxoneinduceddecreasen DVR. Scatter plots of pres.
postintervention binding potential estimates show that R28ed methods yield the
highest correlation and have closer to the expected slopes compared to the other methods
(Table 41). These results show both the sengitivand specificity ofthe PCA-based
approach. PCA1l produced unchanged O6earl ybo
was given, and also demonstrated the ability to detect intervention induced changes when
present. PCAL, however, might not have theessary degreesf freedom to model very
large displacements. PCA2 or PCAS3 will capture these ladigplacements, but at the
expense of higher variance.

Thus, a@vantages of the PCA approach were seen not only for standard single
measurement PET studies Chapter 3but were especially impressive when applied to
dual measurement intervention studies where gmd posichallenge DVR estimates are

required.
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Chapter 5

Dual-Tracer Studies: Theory and Simulations

Another multiple neurpharmacological measurement protocol undertaken in this
work is the duatracer study protocol where, two tracers are injected in the same scan
separated closely in time. This and the next chapter stisdavelopment of improved
methods for noninvasive parameter estimation in-thaaker studies and their application
in amulation studies and human scaasjuired without arterial sampling.

A single neurochemical marker isften insufficient to fully chalcterize a
neurolgical disease and information anultiple neuropharmacological systems is of
interest. By studying two different- aspec
tracer PET scan, we may be aldentive abetterunderstanding o& disease However,
sincePET is based on measuring the 511 Kd#Wtonsemitted by positron annihilations
there is no direct wato separate the signals frahe two tracers using differing energy
windows The raditracer signals must be separated basetharacterisits such as half
life, tracer kinetics, or the measurements of the first traaaic€Fl) prior to the injection
of the second tracer (dcerll). Veryearly work on duatracer PET stdiesin phantoms
by Huang et al. (1982describeda technigie for separating tracers with different half
lives. Koeppe et al. (2001)eported the first results of dynamic duicer studies in
humans using’C-labeled tacers. In that work, @aralletmode| simultaneousitting
approach was applied to estimatee tparameters of both traceusing metabolite
corrected arterial plasma input functions. It was shownuhdér many conditions the
statistcal quality of the parameter estimategere nearly as good for dumbhcer as for
singletracer sans. Kadrmas ad Rust (2005)examined the degree of overlap of
informationin duaktracer TACdn a simulation studysing prircipal component analysis

(PCA). They applied a parallel fitting approach similar to thatkioeppe et al. 2001)
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using both arterial input function models and RPRased models. These rapid dtrakcer
methods were explored in simulation studies for measuring hypoxia and bloog@Rilstv
and Kadrmas 200&)nd for tumor characterization usifiu-PTSM and®’Cu-ATSM in
dogs with spontaneoustyccurring tumorgBlack et al. 2008) This existing body of
work on d/namic dualtracer PET described abovequiresarterial blood sampling and
thus has various practical difficulti@s mentioned earliesuch as requiring metabolite
corrections of the arterial blood samples and being more invasive for the subject.

The pasibility of analysis of dualracer studies without arterial sampling was
first exploredby Koeppe et al. 2004 In this work we have extend#® theseoriginal
efforts, reporting two methods to separate the individual tracer signals and estimate
parameter®f interest using referencegionapproaches. The pharmacological indices of
interest estimated by applying the two methods to lsited dualtracer TACs wer®VR
for reversible tracers, ang (the trapping constantior irreversible tracers

5.1 Theory of analysis techniques for noanvasive duattracer studies

The proposed referendessuebased duatracer approach iapplicable tocases
wherethe first tracer injected hastigasue or aegion with negligible receptor binding or
trapping. Wefirst desribe the methods for the case where both injected radiotrandrs b
reversibly and then extentto the case whertne first tracer has reversible binding and
the second tracer has irreversible trapping.

Figure 5.1shows the compartmental model for aaHmacer studyof two
reversible radiotracers consistingtab tissue compartments for each tra@acerl and
II). Each tracer has a unique referetissuethat has anegligible density of specific
binding sites and is assumed to have the samal@quih distribution volume as the non
displaceable aopartment of all other regionfn the case of a reversible singtacer
two-tissue compartment model, tharget region concentration time courses or {ime
activity curves (TACs)can be expressed in tes of the model rate constants and
reference regiorconcentration time coursesing the full reference tissue input model
(RTM) (Equation 2.6).
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The equation$2.61 2.9 are for thesingle tracecase In a dualtracer study, two
tracers are injected; Tracll injected at time = T' after Tracerl. The dualtracer TAC

(y;) can be represented as:

V=Y ® & -5.1

wherey' andy' are he constituent individual tracer signals a@ds the noisevector.
The present work investigated twoethods to estimate the individual tracer
curves (7' andy" ) and their parameter vectorg '(andg' ) from the dualtracer signay :

an extrapolation method (EM) and a simultaneous fitting method (SM).

K’ k! E
L I ! .
o] €l [fmree o
RS k, |
o)) I
P ————————— -
K
: Cf ( f) E Reference Tissue
T ref 1 (Tracer I)
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Ky ey
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I______________________I
C'f (t) Hreff__ - " —=== T
K" !
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k[];ref: Cref (t) E (Tracer II)
2 1 1

Figure 5.1: Two tissue compartmental model for a riowasive duatracer study of two reversible
radiotracers (tracersandll). Each tracer has a unique reference tissue that has a negligible density of
specific binding sites and is asned to have the same equilibrium distribution volume as the non
displaceable compartment of all other tissues.

The primary assumption iboth approacks s thatthe injection protocol for

Tracerl brings itsreference regiofy, ) to steadystate priorto theinjection of Tracetl.

Simply put, the fate of the reference region for Trdcer assumed to be known (and

constant) fromthe injection time of Tracer Il through the end of the scan despite
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fcont ami nat i o nader(Kogppetehat 20849 Theonmork rapidly reversible
Tracerl is, the more likely for this key assumption to hold true.

5.1.1Extrapolation Method (EM)

The extrapolation method is based on the original approach repoKeeppe et
al. (2004) where thesimplified reference tissue modeRTM, section 2.4.2yas used to
extrapolate the first tracelt was seen that the simplifying assumption for sSRTM (rapid
equilibration of free and bound componerks*>0 andk,;>>0) resulted in biases in the
extrapolated tissue curveldence, in this work we have used the fukkference tissue
model (RTM, section 2.4.1) which is a moappropriate model for the tracers used here.
Data exclusive tdracerl is known fort <T'; the injection time of Tracdt. Using this

early data, Tracerl parameter veor for each voxeli (g') could be estimated by

minimizing the cost function showrbelow using anonlinear estimation algorithm

(similar to equation ).
F=argmiwiy 13 0 52

However, this minimization requirgsnlinear estimation of four parametéiesm just 20
min of data which gave noisy estimates. To counter thisl@nobthe parametesf-
interest DVR) for Tracerl, was first estimated by tHfeCA-based Logan anadis (Joshi
et al. 2008afrom theearly data (0<¢ <T'). Additionally, thek, parameter for Tracdr
was fixed to the population average to improve the precision of the estimates. Using the
fixed k, and LogarbasedBPyp estmate (BP\p=DVR-1), ks can be calculated (ks

=ksBPyp). The remaining two unknown elements of the parameter verto(R, k,)
were estimated using nonlinelast squares fromdaation 5.2 Using this parameter
vector and the reference region TAC for Tralgérracerl TACs were extrapolated to the
end of scan using the fulleference tissue modelﬁ(: f(y ,(Jf‘)). The Tracer li
component was isolated by subtracting the extrapolated Tragignal from the dual

tracer TAC for all regions or voxel{ ¥ =y -¥. Theisolated Tracet curves ')
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also includethereference region curvier Tracerll (ﬁ' ) and tence, all the information

to estimate th@arameter vectochj(E“ ) for Tracerll using reference region approaches has

been obtained. The parametdrinterest for Tracetl (DVR), was estimated by?CA-

based Logan analysis.
5.1.2Simultaneous Fitting Method (SM)

A potential drawback of the twstep extrapolation method approach described
above is that errors in parameter estimation of Trafrem limited early data propagate
into parameter estimates of Tradér There may be cases wheeeror in Tracerl
estimaes could propgate in such a wagsto give phydologically improbablegparameter
valuesfor Tracerll. Thus, as an alternative to the tstep extrapolation method, we also
explored a one step approachese the parameters of bdtlacers were estimated thie
same time by fitting the dual tracer TAGsnultaneousliyto the reference tissue models
of both tracers.

This simultaneous fittingnethod(SM) attemptdo estimate the model parameters
for both tracers using oneainimization operation We first applie the extrapolation
method to the dudtacer curve of Tracel reference region alone, to isolate Tratler

reference region curveﬂ‘ ). The tacerl reference region TACY' ) is known byvirtue

of the primay assumptionUsing thereference region curves for both tracéhe voxel
wise parameter vectors rfoboth the traces can be estimated simultaneously by

minimizing the folbwing cost function:
== , _ _ 3 2
@ h=agminwiy 1779 4§ T 53
a

The primary parametef-interest (DVR) for both tracersannow be calculated directly

from the estimated parameter vectcﬁ%mdzjf_' .

However, direct simultaneous estimation of e¢ighodel parameters from
Equation 5.3four for each tracer) was plagued by noise in the-ttaaer TACs, as well
as by norconvergence associated with nonlinear algorithms, leading to low precision in

the binding estimates. To improve the precision, tinaler of parameters was reduced
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to six by fixing thek, parameter for both tracers to the population average. Fortiher
instead of calculating DVR directly from the estimateddelparameters, the individual

TACs for both tracers were separated by stuistg the estimated parameters vectors

(Zf_',_ﬁ}E) and reference region curvesyr'(,ﬁ') into the model equation

(F =1f(y ,E?) ¥ = f(y"Ecﬁ )) and DVR was estimatedybapplying the robust

referenceregion based Logaanalysis to these separated signals.

5.1.3Using an irreversible tracer as Tracerll

The methods described aboveravdor the case where both the tracers injected
bind reversibly, though they can easily beeexted to the case where Tradkrhas
irreversible kinetics. However ithe case of an irreversible tracer, the reference region
based model equations for the TACs will be different from that for a reversible tracer
(Equation 2.5

The differential equatns for an irreversible twdissue compartmenhodel are

given belowm(k, =0 in Figure5.1):

Sl ke, kGl 54
dCS(t) =k,Cyp (D), -55

whereCy(t) is the arterial plasma inpuEnp(t) is the radioligand concentration in the non
displaceable compartmenCg(t) is the radioligand concentration in the specific
compartment, andki, kp, andks are the kietic parameter of the model withks, the
trapping constanheingthe parameter of interest to be estimated from the dynamic data.
In case of the arterial sampling approadte solution for total tracezoncentrationn
tissue Yi(t) = Cnp(t) + Cs(t)) is given below(Herholz et al. 2001)

k t~ (ky +3)(t 1) Kk t
O L LA I ST} 56
0 0
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where C,(f) denotes the arterial input function. Ribe case of an irreversible tracer

like [*'C]PMP, a different type of reference region approachesdedcompared tahat
used forreversible tracers. The irreversible tracer TAC fronegion with an extremely
high ks value (e.g. striatum fof-'C]JPMP) is assumed to equal the time integral of the

arterial input functon multiplied by the transport ratsmnstant of the reference region,

K,* (Herholz et al. 2001; Nagatsuka et al. 2001; Nagatsuka Si et al: 2001)

t
y, () = K/, (¢)d ¢ .57
0

Equation 5.7 was rearranged to get an expression farteealinput function in terms

of the reference region curve as shown below:

1 dy (Y
C (t)= —,
p( ) Klref dt -5.8

The differentiation operation in equation 5.8 was performedirtgrpolating the
reference region curve on a fine grid followed by numeridémintiation. Substituting

the expressiorior C,, (t) obtanedfrom equation 5.8 in equation Sy&lded

_, K K Ldyr(l‘) - (ky 4)(t £ Ky K,
‘ t — 1 2 (ko 43)( )d- ,

which expresseshetargettissue curven terms of the reference tissue curve and the rate
parameters for irrearsible tracersral is equivalent toquation 2.6or reversible tracers

Using the notation derivedor reversible tracers, the TAC for an irreversible

tracer can beexpressed ag = f(y,,q) +¢ where y is the tissueTAC, V. is the

reference region curveg =[R, k,, k. is the parameter vectdor irreversible tracerand

the functionf is reference tissue model efjuations.9.
After signal separation, the parameter of interesttlie irreversible tracerkd)
was estimated by the refereragion based linear least squares method (RLS)

(Nagatsuka et al. 2001)he operational equation of RLS is shown below.
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T

Y(M=ry%(M +5Qy()d & {)d. -5.10

where 7'y, £and 7 ; are the coefficients of the linear model abovelane 7,/ r,.

Next, we will apply the noninvasive duithcer analysis methods described above

to duattracer simulatiorstudies

5.2 Simulation Design

Model parameters for the simulation studies were selected to mimic PET
radiotracers already well characterized at our institutib@]flumazenil ([*'C]FMZ), a
benzodiazepine receptor antagon{$tolthoff et al. 1991; Koeppe et al. 1991)
[*'C]dihydrotetrabenazin@*'C]DTBZ), aligand for the VMAT2 binding sit¢Koeppe et
al. 1999a; Koeppe et al. 199ahd ['C]N-methylpiperidinyl projonate (F'C]JPMP), a
substrate for acetylcholene esterdkeeppe et al. 1999b)jTwo types of simulation
experimentsvere undertakeri) duaktracer scansimicking [**C]JFMZ and[*'C]DTBZ-
like tracerswhere boththe traers injected were reversible amyl dual-tracer scans
mimicking [*'C]JFMZ and [**'C]PMP-like tracerswhere the second tracerjected was

irreversible.

5.2.1[''"C]JFMZ - ["'C]DTBZ dual-tracer simulations

In this studyan 80 minscanwas simulatedvhere a 'CJFMZ-like radiotracer
(Tracerl) was injeted 20 minutes prior to &']DTBZ-like radiotracer (Tracel). Six
hypothetical regions were simulatedth kinetic parametershownin Table5.1. Region
6 with ponslike kinetics and Region 3 with occipital cortbike kinetics act as reference
regionsfor Tracerl and Tracerl respectively (DVR = 1; regions underlined in Table
5.1).

Using the full reference tissue model (equation 2.6) al@]AMZ and
[Y'C]DTBZ reference tissue curves from singtacer human scans; 80 min nofsee
singletracer cuves were simulated on a 0.1 mimervalfor the six regions in Table 5.1.

Thesecurveswerethenbinned into 26 frames (4 X 0.5 min, 3 x 1 min, 2 x 2.5 min, 2 x5
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min, 4 x 0.5 nm, 3 x 1 min, 2 x 2.5 min, 2 x 5 min, 4 x 10 min)skewn in Figure 5.2

match duattraceracquisitionsperformedin human studiesAll the curves in Figure 5.2

are disjpayed with decay correction tbe start of the experiment. Thus Trabdemhich

is injected with a 20 min delay (orf&C half life) after the start of the egpment, has

TACs with twice theapparenmagnitude relative to the case where Trdceras injected

without delg. As required by te main assumption of the methpdscan be seen that the

reference tissue for Tracdr(DVR1 = 1, Region 6)eaches stegestate prior to injection

of the second tracer.

Table 5.1: Kinetic parameters used for simulation of 6 hypothetical regions in atrdgakr study with fC]JFMz-

like and [*C]DTBZ-like reversible tracers.

Region 1 Region 2 Region 3 Region 4 Region 5 Region 6
Tracer I Il I Il I I I I I Il L I
DVR 6.0 2.0 6.0 4.0 6.0 1.0 25 2.0 1.5 4.0 1.0 15
Kl
Kol 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
1
ko 0.30 0.133| 0.30 0.133| 0.30 0.133| 0.30 0.133| 0.30 0.133| 0.30 0.133
ks 0.75 010 | 075 030 | 0.75 0.0 0.30 0.10 | 0.225 0.30 0.0 0.05
Kq 0.15 0.10 | 0.15 0.10 | 0.15 0.0 0.15 0.10 | 015 0.10 0.0 0.10

Regions 6 and 3 are the reference regions for Tiaged Tracell respectivelyParametersf-interest are showt

in bold and reference regions are underlined.

The timeactivity curves for Tracersandll shown in Figures.2 were summed

for each of the six regions to obtain noiseldgaltracer curves. Voxdkvel noise was

then adled to the duairacer curves to obtain 1024 noisy realizations. Noggyizations

of singletracer curves for Tracer and Il were alsosi mul at ed
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100, Function Tolerance = 1P Maximum Function evaluations = 1000The

physiologicallyrelevant box constraints used for the nonlinear estimationk%e:l' [0
1

3], k21 [01] andks i [0 2]. Theks parameter was fixed for each tracer to the population
average (true value in this case) to make the fit robust by regti@nnumber of model
parameters to be estimatet,0.15 for ['CJFMZ-like tracer andk,=0.10 for
[*'CIDTBZ-like tracer).
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Figure 5.2: Noiseless TACs for the six simulated regions for the case where tweositde tracers
mimicking ['C]JFMZ (Tracerl) and ['C]DTBZ (Tracerll) are injected 20 minutes apart. The curves
shown here have been corrected for radioactive decay from the start of the experiment. Regions 6 and 3 are
the reference regions for tracémndll respectively.

5.2.2Simulations ofassumption failures

The primary requirement for the success ofrtbe-invasive duatracerapproach

is that theTracer| reference regioMAC must reach equilibrium before Tracdk is
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injected. Singldracer humarscans showed that it is possible to attain such equilibrium
by appropriate administration protogdloshi et al. 2008c¢) Still, it is important to see
how the results will be altered if this assumption is not satisfied. Additional simulations
were perfomed where the reference region TAC of Trdcéid not reach steady state by
20 min, but linearly increased or decreased by 20% between 28muiithe end of the
scan. The signal separation and parameter estimation was perfassweding that the
referene region had in fact reached steatgte and the magnitude of the induced error
was calculated.

Another simplification in thenethods was fixing the value kf to its population
averagevalue during the nonlinear estimation procedure. To check thet effean
incorrect k; value on signal sepation and parameter estimatddgting was also

performed by fixing to values® 20%different than the truk, value.

5.2.3 [*'C]JFMZ - [*'C]PMP dual-tracer simulations:

Table 5.2: Kinetic parameters used for simulation of 6 hypothetical regions in atrégar study with fCJFMz-

like (reversible) and'fCIPMP-like (irreversible) tracers.

Region 1 Region 2 Region 3 Region 4 Region 5 Region 6
Tracer I Il I Il I Il L Il I Il I 1L
DVR 6.0 - 3.0 - 6.0 - 1.0 - 2.5 - 3.0 -

R 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

ks 030 015 | 030 015 | 030 015 | 030 015 | 030 0.15 | 030 0.15
ks 05 003 | 030 006 | 075 010 | 0.00 0.15 | 0.225 0.25 | 0.30 2.0

K4 0.15 0.0 0.15 0.0 0.15 0.0 0.15 0.0 0.15 0.0 0.15 0.0

Regions 4 and 6 are the reference regions for Ttegnad Tracefl respectively. Parameteds-interest are shown i
bold and reference regions are underlined.

For [Y'C]FMZ i [*'C]PMP dualtracer simulations,is hypothetical regions were

simulated having kinetic parameters shown in Téalf#2e
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Noiseless curves forfiCIFMZ-like tracer were obtained as described for the
[M'C]FMZ - [*'C]DTBZ simulations. For the{C]PMP-like tracer, noiseless curves were
simulated using a true arterial input function from'€]PMP human singkracer scan,
the parameters listed in Tabte2, and equation 5.6 'he noiseless TACs for the six
simulated regions for each tracer arevehan Figure5.3.

The procedure to obtain the noisy dtralcer curves and to separate the dual
tracer signals was identical to that for th&C][FMZ - [*'C]DTBZ simulations described
earlier. The physiologically relevant box constraints for Traqgt'CJFMZ-like tracer)

are same as those described earlier. The constraints for Trg§Fe€]PMP-like tracer)
are: R1 [03], kx| [01] andks i [0 3] (ks= O for irreversible[*'C]PMP-like tracer)
Along with dualtracer simulatns, singleracer simulations were also performed to

provi destaanidgaorlddd f or -tmacemngsw@ts.i son of dual

Region 1 Region 2 Region 3
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Figure 5.3: Noiseless TACs for the six simulated regions for the case where traceickimgmreversible
tracer ['C]JFMZ (Tracerl) and irreversible tracet'fCJPMP (Tracerll) are injected 20 minutes apart. The
curves shown here have been corrected for radioactive decay from the gtaremperiment. Regions 4
and 6are the reference rieys for tracers andll respectively.
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5.3 Results
5.3.1[''C]JFMZ - [''C]DTBZ dual-tracer simulations

The top portion offable 53 summarizeshe results fo[*'CJFMZ - [*'C|DTBZ
simulations where the mean and standard deviation of estimated DVR values for tracers
andll are repated as percent of true value. The abf 100 (0) denotes no bias and no
variance. Row 1 shows the average bias (difference from 100) and standard deviation of
Loganbased DVR estimates obtained using ordinary least squares (OLShdte- s
tracer simulations (Logaet al 1996) which is biased as seerQhapter 3To reduce this

bias,PCA-basedsmoothing approach was usggashi et al. 2008a)

Table 5.3: Bias and standard deviation DVR estimates and mean % error in separated TACS'@FMZ-[''C]DTBZ duattracer

simulations.
Region 1 Region 2 Region 3 Region 4 Region 5 Region 6
Tracer I Il I Il I 1L I Il I Il L Il
DVR 6.0 2.0 6.0 4.0 6.0 1.0 25 2.0 15 4.0 10 15
oLS 88 97 88 95 88 99 94 97 96 96 99 98

~

(single-tracer) (20) (5) (20) (7 | (10) (5) 9) (5) (10) @ 9) (5
PCA 100 102 98 100 99 100 | 100 97 101 101 | 103 101
Bias and (singletracer) (5) (5) (6) (5) (5) (5) (8) (5) 9) (5) (9) (5)
SD in DVR
estimates EM 68 113 68 107 67 126 81 102 85 98 99 98
(23) (13) | (21) (9 | (22 (20) | (@7) (6) | (15) (6) | (20) (6)

SM 98 91 102 88 85 100 107 88 106 86 100 91

27) (11) | (28) (10) | (25 (21) | (28) (1) | (26)  (B) (15 (9

Mean % EM -29 16 -29 9 -30 40 -17 5 -13 2 1 0
error in

TACs SM -1 1 4 -1 -8 11 12 -3 14 -2 9 0

Bias and standard deviation in DVR estimates: a value of 100 denotes n&égasns 6 and 3 are the reference regions for Tta
and Tracell respectively (DVR=1; underlined).

Mean % erroin TACs: A positive (negative) value indicates a positive (negative) systematic bias in the last 8 frames of the

The bias present in the OLS Logan analysis (Row 1) was almost completely
removed by PCAdased Logn analysis along with an improvemémprecision (Row 2).

This PCAbased Logan analysief singletracer simulationscan be used asgold
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standard@ for comparing the results from dd@hcer studies. Rosv3 and 4 show the
statistics for DVR estimation using Logan analysis for the-thagk simulationsusing

the extrapolation (EM) and simultaneoudtihg (SM) method. Though PCAbased
smoothing was required for EM, it was not required for SM, since the smoothing was
achieved by fitting the dudtacer curves to the reference tissue modéiere wasigh
negative bias in DVR values estimated for Trdcasing EM, since 20 minutes of data

was insufficient to accurately estimate DVR. This negative bias in Tractren
propagateds a positive bias in TracdrDVR estimates. In case of SMrekct parameter
estimation and DVR calculation (without using Logan analysis) gave és8irtfzat had

lower bias thanEM but prohibitively high variance (results not showhjowever
estimation ofsix parameterfrom 80 min of noisydatawould beexpectedo give noisy
estimates The variance in DVR estimates from SM was reduced by first separating the
signals using the estimated parameters and then estimating DVR using standard Logan
plot analysis. The results from this approach sirewn in Table5.3 (row 4). The SM
approach gave DVR estimates with reduced bias but without an appreciable decrease in
precision compared to EM.

The accuracy of the estimated DVR values depends strongly on the accuracy of
the estimated target and reference region TAESB.(\dVr' for Tracerl; ﬁ' and ﬁ' for

Tracerll). From the operational Logan plot equation, we know that systematic positive
(negative) bias in a target region TACs would caagmsitive (negative) bias in DVR.
Similarly, systematic positive (negative) bias in the reference region TAC would cause a
negative (positive) bias in DVR. Thus, in order to assess the cause of bias in DVR
estimates seen ihable 53, the systmatic errorin the separateshdividual tracer curves
must be analyzed.

The TACs separated from the noisy dtracer simulations were compared to the
6t r u e-fiee signalssskeown in Figure 5.2 as follows. The error af'tfimme for the
i6t h real i zaacaroh foro f exampler was calculated as:

error/ (T) =Y ™(T) & (T) (1O jp, wherep = 26is the number of frames in the

simulated PETstudy) These error values for each frame were normalized by the true
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TAC value for that frame and averaged over the number of realizatibrs1024) to
obtain mean perceetrorfor eachframe;j:
1N error(T;)

mear® erof =— g (=0
i=1 yil't (-I])

100). -5.11
N ) >

The average othe mean percengérrors for the last 8 eight frames (0@ j26) O
was used as an index of systematic bias in the individual TACs foerEtandll.

The values of this statistic have been shown in the last two rowasbté 53. For
noisy singletracer TACs, this statistic was ~0% in all regions, since the noise in-single
tracer TACs canceled out when averaged over the 1024 realiz@tmnshown inTable
5.3). The singletracer TACs extractedfrom noisy dualracer TACs showed some
systematic bias for most regions. A positive (negative) systematic bias in TrE&€s
was seen toeorrespond t@ negative (positive) bias in TradeTACs. This was expected
since errors in Tracdrand Tracetl TACs need to be in opposite directions for the sum
of the individual TACs to fit the dudtacer curve. Overall, SM separated the signals
more accurately than EM.

For all regions except Regi@) most of the contribution to the deahcer signal
was from Tracetl (see Figure 5.2). Hence for these regions, a large pe@ent error
in Tracerl estimation translated into a comparatively small error in Triiceln Region
3, however, since bbttracers have $fstantial contribution to the dutthcer signal,
mean percent error is of similar magnitude for Trdcand Tracetl (-30% and40% for
EM; -8% and 11% for SM

For EM, the negatively biased DVR values for Tratestimated from limitd 20

min of data Table 53, row 3, Tracel) caused a large negative systematic bias in Tracer

| TACs (Table 53, row 5, Traced). This negative bias in the TrackrTACs (ﬁ)

propagated as a positive systematic bias in TrHc&ACs (f'—' =y -YE) as seen in

Table 53, row 5, Tracedl. This in turn caused positive bias in DVR estimation for
Tracerll for most of the target region$dgble 53, row 3, Tracetl). In the simultaneous
fitting approach, on the other h@nalthough the errors in TACs and biases in DVR

estimatesare still negatively correlated as seen bydpposite signs for the two tracers,
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there is no causal relationship between them since parameters for both the tracers were
estimated simultaneously.

For SM, since reference regions are recalculated #ftesimultaneous fitting
step there was no bias in their DVR estimates in spite of the systematic bias in their
TACs (Table 53, row 4, reference regions underlined). The negative bias in DVR
estimaion for Tracerll using SM can battibuted primarily to the positive systematic

bias is TraceH reference regionliable 53, SM, Region 3; Mean % error = 11%).

5.3.2Effects of failure of assumptions

For simulations where the Tradereference region didot reach equilibrium by
20 minutesbutrose or fell by20% betweertheinjection of Tracell and the end of the
study, we found that the results chathtpg lessthan 5% comparetb thosein Table 53.
This indicates thahoiseinduced bias is more sigicant than bias caused by inability to
bring the reference region to equilibrium early in the study. The precision of the DVR
estimates remained unchanged and was found to be independent of the validity of the
steadystate assumption.

Fixing ks to incorrect values of up td20%, however, caused maximum
difference ofL0% inthe estimated DVR valeis compared to those estimatediking the
ks parameters to their true values. Not fixikg on the other hand caused prohibitively
high variability in thecurve fits for tracer separation as well as in the DVR estimates
(results not shown) Thus, fixing thek, values to the population average was a
compromise between bias and precision in the DVR estimates. Again, the precision of the

DVR estimates was foul to be independent of the actual value khatas fixed to.

5.3.3[''C]JFMZ - ["'C]PMP dual-tracer simulations:

The parameters of interest for the simulafetC]FMZ-[**C]JPMP duattracer
TACs were DVR for Tracel estimated using Logaanalysis andks for Tracer Il
estimated using the referenregion based linear least squares (RLS). The top portion of

Table 54 reports thestatistics ofthe estimated parameters in terms of percent of true
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value. DVR estimation for singtgacer simulations of Tracdrwas performed using
PCA-based Logan analysisvhich yields unbiased bindingstimates (row 1). For the
single tracer simulations of Trackr RLS method caused a bias of greater than 20% for
true ks > 0.1 min™ even for the singldracer case (row 1). This because for higks
values, the two integral terms on the right hand side of equatidhapproach linear
dependence Y, (¢)- ¥, ( ¥). This makes thdinear problem in equation 5.10I-
conditioned leading to negative bias kg estimates. However, it must be noted that
[*'C]PMP target regions (e.g. cortex, thalamus) seltiaweks values greater than 0.1
min™ and hence the bias seen here is not a major impediment to the applicability of RLS

method.

Table 5.4: Bias and standard deviation in parameter estimates and mean % error in separated FAENGZ{'CIPMP dual

tracer simulations

Region 1 Region 2 Region 3 Region 4 Region 5 Region 6
Tracer I I I Il I Il L Il I Il I I
DVR 6.0 - 3.0 - 6.0 - 1.0 - 25 - 3.0 -

ks - 0.03 - 0.06 - 0.1 - 0.15 - 0.25 - 2.00
Single 100 93 100 91 99 87 100 79 101 49 103 -

® (@6 6) @ANn| ® @B | O )| O @y | 13 ()
Bias and SD | tracer

in parameter
estimates EM 71 126 82 94 69 104 98 76 84 47 89 -

(19) @ | (14 (18 | (18 (25 | (&) (200 | (13) (22) | (13) ()

SM 91 89 | 94 8 | 91 9 | 1010 80 | 94 52 | 93 -

(19) () | 14 (23| (200 @5 | @) (32| 14 @G| 15 ()

Mean % EM 25 17 | 17 7 [ 30 17 | -1 o | 15 3 | -18 3
error

in TACs SM -6 7 8 3 | -3 2 6 1 10 0 12 41

Bias and standard deviation in DVR estimates: a value of 100 denotes no bias. Region 4 (DVR=1.0) andkeegi®) &ré the
reference regions for Trackand Tracetl respectively (underlined).

Mean % error in TACs: A positive €gative) value indicates a positive (negative) systematic bias in the last 8 frames of the

Row 2 reports the results for EM dghcer anlysis. As seen in the"{CJFMz-
[*'C]DTBZ case, EM gave negatively biased DVR estimates due to limitecagslable
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for DVR estimation for Tracel; especially for regions 1 and 3. This bias is reduced but
not completely removed by SM (row 3) tlvia slight precisionpenalty For Tracerl;
estimation using EM shows lower bias and variability kgrestimationthan SM for
regions 2 and 3; but this advantagauslified by the bias in TracdrDVR estimates.

The bottom two rows ofable 54 show the mean % error values, an indethef

systematic bias in the estimated TA@and ﬁ' towards the end of the scan (last 8

frames) in all of the six simulated regions. These mean percent error values explain the

trends in DVR and; estimates seen in the top portion of the same table.

5.4 Discussion and Conclusion

This chapterinvestigated two methods for namvasive signal separation and
parameter estimation in simulated dtralcer dynamic PET scans where two tracers are
injected with a delay of 20 min. Dufthcer studies in human brain using arterial
sampling approach have leperformed in the past (Koeppe et al 2001). Recently there
has beermuchinterest in utilizing rapid dugtacer PET for various applications such
hypoxia and blood flowRust and Kadrmas 26Dand for tumor characterizatigBlack
et al. 2008) all of which utilize arterial blood sampling. However, the discomfort of
arterial sampling to the subject and the work load on PET technicians for metabolite
correction of two tracers make the nowasive referenceegion based dudfacer
approach very desirable. The proposed methodology is based on the key assumption that
Tracerl can be appropriaty administered using a bolus followed bganstant infusin
protocol to bring a region with no specific binding or trapping to steady state before the
second tracer is injected. The ability to design such an administration protocol for human
studies is discussed in thmext chapter quattracer uman studies) For the tracers
discussed in this work, only the reversible tracetSC{[FMZ, [*'C]DTBZ) satisfy this
condition and have been evaluated as first tracers. The irreversible traC#PN[P),
which does not satisfy this criteripinas been tested only asetsecond tracer. The
second tracer, however, can be either reversible or irreversible and there is no constraint
on its administration protocol. In this simulation work, we found that small errors due to

inability to bring the reference region of Tra¢do steady state do not cause appreciable
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bias in the estimated binding parameters, and furthermore do not adversely effect
precision of these estimates.

The first approach explored for dushcer analysis was the extrapolation method
(EM) where the knaledge of Tracet prior to the injection of Tracell was used to
extrapolate the Tracérsignal until the end of the scan. This approach, though intuitive,
introduced negative bias in TradeDVR estimates as 20 min of data before Trdter
injection was insufficient for accurate estimation of Trat®VR. A potential drawback
of the twostep EM is that errors in parameter estimation of Tradeym limited early
data propagate into parameter estimates for TlaceAs an alternative to EM, we also
explored a one step parameter estimation approach to avoid the error propagation seen in
EM. In this simultaneous fitting method (SM), where the parameters of both the tracers
were estimated simultaneously by fitting the dual tracer TACs to the refetisaae
models of both traceran improvement over EM in terms of bias in estimated parameters
was achieved, but with a slight decrease in precision.

From the operational Logan plot equation it can be inferred that a systematic bias
in the target regiomr reference region TACs would cause bias in the DVR estimates.
Thus, mean percent error in the extracted TACs was calculated to assess the origin and
effect of the parameter bias. It was seen that the SM extracted TACs frotimadeal
curves that were ober to the true TACs compared to the EM.

To improvethe robustness of the fits using EM and SM, one of the parameters
(ks) for both tracers was fixed to its population average. The simulations showed that
incorrect assumption of this parameter causedesbras but reduced variance in the
estimated parameters. The precision of the parameafénserest was further improved
by first extracting singktracer TACs from dualracer TACs, and then estimagi the
parameter®f-interest by robust linear estithan techniques like Logan plots for
reversible tracergLogan et al. 1996and referenceegion based linear least squares
method (RLS) for the irreversible trad@tagatsuka et al. 2001)

For noisy reversible singlgacer TACs, the bias seen in higher DVR estimates in
reversilde tracers using Logan plots was reduced using-B&%ed Logan analys{doshi
et al. 2008a) Though PCAbased smoothing was required for EM, it was not necessary

for SM, since the required smoothing was achieved by fitting thetchgdr curvesa the
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parallel reference tissue models. For irreversible tracers, we found that bias sedg in the
estimation using RLS was due to theciinditioned nature of the operational RLS
equation at higlks valuesand not the duakracer method itselfSince Igh ks regions are
seldom region®f-interest for irreversible tracers, this bias in not an impediment to the
applicability of RLS.

It is important to note that nenvasive duaktracer methodology is especially
usefuln 6 c hal | en g etlte simutanedusedfect ofnahphysi@ogical challenge
on two different neuropharmacological system®of interest. Using a standard single
tracer approach, four scans would be required to perform such an experiment (two
Obaselinebd scans a nwhichbwowdopéacticalty e Very difficaltt s c an
The dualtracer approach could achieve this goal by requiring just two scans (one
O6baselined and one O6chall enged) .

In concluson, thischapterit was demonstratedhatsingle tracer informatiosan
be extractedfrom noninvasive duakracer PETstudies, and that such studibsar
promise in situations where a single neurochemical maskasufficient to characterize
a neurological conditionln the next chapter the methods developed here will be applied

to human dualtracer data and validity of the methods will be tested.

68



Chapter 6

Dual-tracer studies: Human Studies

This chaptereportsthe fird results from noaAnvasive duatracer PETin humans
where two radiotracers w injected closely in timavithin the same scaand data is
acquiredwithoutarterial sampling These studies yield near simultaneous information on
two different neuropharmacological systems, providing better charatien of a
subject s neur ol apmdachesdr sepaocating the dordgributions oivthe
two tracers,an extrapolationmethod and a simultaneous fittingmethod have been
validated in simulation studig€hapter 5)and wereapplied tothe human dualtracer
studiesreportedin this chapterCombinations of two reversible tracéf$'CJflumazenil
and [*'C]dihydrotetrabenazifeor one reversible and one irreversible tradetCJN-
methylpiperidinyl propnate) were usedPhysiological indices astated from the
studies werehe blood brain barrier transport paramet&)( the distribution volume
ratio (DVR) for the reversible tracers and the trapping conskgnhtdr the irreversible
tracer. Followingeachduaktracer scan, @ g o | d ssihgietratex scdmdas obtained
using one of the two tracefesr comparison othe dualtracer results. Both approaches
provided parameter estimates with irseibject region®f-interest meangypically
within 10% of those obtained from singteacer scansand without ary appreciable
increase in variance.

In this work weinvestigateda nonrinvasive (reference tisst®ased) approach for
analysis of duatracer humanstudies, which, in addition to being convenient for the
subjects since it avoids arterialngaling and multiple scans, is also advantageous as it
eliminates the need fgpolasma metabolite analysfer the two tracers. Dudtacer
met hodol ogy brings promise to O6chall engebd

or behavioral challenge omo different systems is of interest. Such studies normally
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A

would require four singt r acer scans (two Obaselined ar
would require onlytwodual r acer scans (one Obaselined ar
The key assumption in nanvasive duatracer PETas mentioned in Chapten$
that the first radiotracer injected must have a region with negligible density of binding or
trapping sites that by appropriate tracer administration, can be made to achieve (and then
maintain) steadytat concentration levels prior to injection of the second radiotracer.
With this assumption, the radioactivity in the reference tissue is known from the time of
injection of the second tracer through to the end of scan. Two methods fovasive
duattracer analysis based on this assumpti@tdetaikedin theChapter 5They arei) an
extrapol ati on met hod ( Eadtjvity auhves(TACS)f weres t tr
extrapolated over scan duration followed by subtraction fromtiaedr TACs and ii) a
simultaneous fitting method (SM) where reference tissue models for both tracers are
fitted simultaneously to the dutitbicer TACs.
Direct voxelwise parameter estimation in a dai@cer study suffers from poor
precision due to noise in the PET TACkshi et al. 2008b) In this work, we have
attempted to minimize the variance in the parametric images by implementing the
following three steps: a) noise reduction in TACs by an adaptive smoothing approach, b)
reduction in the numbesf parameters to bétted by fixing the k; parameteifor both
tracers to thie population average in the full reference tissue méateleversible tracers
(RTM), and c) application of robust linear estimation techniques to siregler curves

extractedrom duattracer data.Each of thesstepss described in detail iGection 6.4

6.1 Radiotracers

The radiotracers used in this study have been well characterized for traditional
singletracer PET scans at our institution: flumazeftfG]JFMZ), a benzodizepine
receptor antagonistHolthoff et al. 1991; Koeppe et al. 1991Jihydrotetrabenazine
([**C]DTBZ), a ligand for the VMAT2 binding sit&koeppe et al. 1999a; Koeppe et al.
1997; Koeppe et al. 1996and N-methylpiperidinyl projonate ('C]JPMP), a substrate
for hydrolysis by the enzyme acetylcholinester@S€hE) (Koeppe et al. 1999b)Both

[Y'C]FMZ and F'C]DTBZ can be classified as reversible tracers and have been analyzed
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successfully tisg both bolus and bolus+continuous infusion protocot€]PMP can be
classified as an irreversible tracer because the hydrolyzed product cannot be converted
back to authentic PMP and cannot cross the blo@in barrier (BBB).

Figure 6.1: Dynamic dualtracer PET image sequence fOiJJFMZ - [*'C]DTBZ study with a 20 minute

offset. The frame sequence for the 80 min scan was four x 0.5 min, three x 1.0 min, two x 2.5 min, two x
5.0 min, (second tracémjected at 20 min), four x 0.5 min, three x 1.0 min, two x 2.5 min, two x 5 min,
and four x 10 min frames. The second tracer is injected just beforetHfeaf®2. Note that the much

large apparent signal of'C]IDTBZ is in part due to displaying decagrrected data. Hence, the injection

of the same dose of'C]DTBZ at 20 min appeared twice as high relative to th&]FMZ in the early
frames.

Figure 6.1shows the dynamic image sequence frofi'€]FMZ-[*'C]DTBZ
study where f'C]DTBZ was injected aa bolus 20 minutes aftet'C]JFMZ. The second
tracer is injected at the start of thé"feame. The [F'C]DTBZ signal is the dominant of
the two tracers seen by higher magnitude of the frames Af@D['BZ injection, but
one should note that part ofighhigher magnitude idue tothe decaycorrection which
makes the counts for DTBZ appear approximately twichigis due to the halife of
IC. Figure 6.2 shows dual tracemrvesfor four regions from the study shown in Figure
6.1.
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Figure 6.2: Average duatracer curves for four registfirom the study in Figure 6.1
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Figure 6.3: Average timeactivity curve (TAC) for pons, the reference tissae [*'C]JFMZ, from seven
subjects that underwent a 60 min singher {'CJFMZ scan. TACs have been scaled such that the area
under the curve is the same for all subjects to account for differences in absolute radioactivity levels. Error
bars give thestandard deviation of the TACs for the seven subjects and indicate the degree of variability in
maintaining steadgtate conditions.
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6.2 Validation of the key assumption:

The key assumption of achieving steeedy at e i n the first tr
prior to injection of the second tracer needs to hold for the implementation of both EM
and SM approaches. Of the tracers used in this sardy,[*'C]FMZ and ['C]DTBZ
have regions with negligible specific binding; pons and occipital cortex, respeciihely
irreversible tracer'fCJPMP, however, has no region of negligible trapping; thus, only
[*'C]FMZ and }'C]DTBZ were used as the first tracers in this work, whtit€JPMP
was used exclusively as a second tracer.

Figure6.3 shows the average TAC fpons, thereference region for{CJFMZ2)
from seven subjects that underwent a 60 min sitrgieer {'CJFMZ scan. The pons
TAC for each individual subject has been normalized such that the area under the curve is
the same for all subjects. These scdrmsv®d that it was possible to achieve stestdye
in the pons by 20 min into the study and maintain the radiotracer concentration at this
level after the second tracer has been administered thratugiigoremainder of the study.

The infusion protocol (35%o0lus65% infusion) was designed such that steady state was
achieved by 20 min while at the same time reasonable counts were obtained from early
frames.Giving even less as a bolus would allow steatffe conditions to be reached
even sooner; however,ishdecreases the stattgtli quality of the early datahe error

bars indicate standard deviations of the tissue curve values across subjects. A slightly
larger standard deviation was seen towards the end of the 60 min scan, indicating that
S 0me ssurbferencet tibssue TAC may have deviated from stetalg, either
increasing or decreasing slightly over time. However, computer simuldfiosisi et al.
2008b)have showed that the small deviations from stesidie as seen igure6.3 are

not expected to cause appreciable errors in the estimated parameters.

6.3 Data acquisition, reconstruction, and processing:

Dualttracer studies were performed on 37 healthy subjects using the following
two tracer pairs(1) ['*C]JFMZ and [*C]DTBZ, or (2) F*C]JFMZ and [*C]JPMP. Table

6.1 summarizes the detai$ the studiesuch as order in which the tracers were injected,
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the time difference between tracer injections, the tracer administration protocol, and the
singletracer scan that folloveethe duakracer scan.

For [*'C]JFMZ and }'C]DTBZ tracer combinationssince both tracers have
regions with negligible specific binding sites, studies were performed using either as the
first tracer. For studies in whicH'C]JFMZ was injected first, sidies were performed
with two delay windows between tracer injections (20 and 30 min) to assess the
improvement in results with an increase in separation between the tracers. It was not
possible to reliably achieve steastate in the occipital cortex, threference tissue for
[''C]DTBZ, by 20 minutes. Hence studies wheRCIDTBZ was injected first were
performedwith a 30 min injection offset

Table 6.1: Imaging protocol details for duséacer studies.

Dualtracer Time Injection Single Number of
Scang' Difference protocol’ tracer scan| subjects
between following
tracer the dual
Injections tracer scan

Infusion/Bolus FMZ 2
DTBZ 2
20 Infusion/Infusion FMZ 1
[M'CIFMZ/[*'CIDTBZ DTBZ 1
Infusion/Bolus FMZ 1
DTBZ 2
30 Infusion/Infusion FMZ 2
DTBZ 1
Infusion/Bolus FMZ 2
[M'C]DTBZ/[M'CIFMZ DTBZ 2
30 Infusion/Infusion FMZ 1
DTBZ 1
FMZ 5

20 Infusion/Bolus
PMP 5

[M'CIFMZ/[HMCIPMP

FMZ 4

30 Infusion/Bolus
PMP 5

#injection order
P administration protocol for first tracer and second tracer respectively
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The injected radioactivities were approxstely the same for both tracexsith
twelve mCi (444 MB(qY 10% of each tracer administered. Scan dataasgsired for 80
min as a dynamic sequence of 26 or 27 frames for 20 or 30 min offsets, respectively. The
framing protocol consisted of shorter duration frames when there was a rapid change in
the tissue radioactivity concentration (after each tracectioj and longer duration
frames when there was gradual or little change in the activity. The protocol with 20 min
delay between tracer injections was four x 0.5 min, three x 1.0 min, two x 2.5 min, two X
5.0 min, (second tracer injected at 20 min), faud.5 min, three x 1.0 min, two x 2.5
min, two x 5 min, and four x 10 min frames (26 frames in all). The protocol with 30
minute delay was four x 0.5 min, three x 1.0 min, two x 2.5 min, four x 5.0 min, (second
tracer injected at 30 min), four x 0.5 mthyee x 1.0 min, two x 2.5 min, two x 5 min,
and three x 10 min frames (27 frames in allhe dualtracer studies were followed by a
60 min singletracer scan using one of theacers used in thduaktracer studywith
framing the same as the final 60nnof the 20 min delay protocoEach singleracer
scan provided a 06gol with enéoch thadtacerd fromfthe dualc o mp a |
tracer scan. Single tracer studies were not performed for both theoduatracers due to
time andradiationdosimety constraints. The sitgtracer scans were also used to assess
the validity of the key assumption that tfF
state before the second tracer is administésed Figure 6.3)

All PET scans were performed irCB acquisition mode on an ECAT EXACT
HR+ tomograph (Siemens Medical Systems, Inc., Knoxville, TN, USA). Measured
attenuation correction with segmentation anepn@ection were performed from-5
minute duration 2D transmission scans. Images were recanstd using Fourier
rebinning (FORE]Defrise M et al. 1997)f the 3D data into 2D sinograms and ordered
subsets expectation maximization (OSHMudson and Larkin 199€omtat et al. 1998
using 4 iterations and 16 subsetsNo postreconstructionsmoothing was applied
resulting in reconstructed images of approximately-5.8 mm fullwidth and hak
maximum (FWHM) both irplane and axially. Subject motion across frames was
corrected using Neurostat, initially developed at the University of Michiyamoshima
et al. 1994; Minoshima et al. 1993)All scans were orientedncluding nonlinear

warping to the stereotactic Talairach atl§$alairach and Tournoux 1988)sing
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Neurostatroutines.All modeling estimations were performed voxstvoxel, creating

parametric images ahe BBB transport parametdiR;), the distribution volume ratio

(DVR = 14BPy\p; (Innis et al. 2009) f or the reversible trace
parameterks) for the irreversible trace¥olumesof-interest (VOIs) were obtained using

a standardized VOI template defined in Talairach atlas space.

6.4 Robust paramder estimation

To improve therobustness of the parameter estimatiesiterest, following three

steps werémplemented

6.4.1Adaptive smoothing

In this step, a spatially dependent smoothing protocol was implemented to reduce
noise in TACs prior to the signaeparationand parameter estimation steps. The
nei ghbor hoodTAG tinder ¢omsideratioxy¢ Waé searched to identify those
TACs that had shapes similar to thatypfAn average of the TAC under consideration
and the qualifying neighboring TACyielded a TAC with reduced noise. This approach
resulted inlittle smoothing in regions with kinetically distinct voxels, thus preserving
spatial resolution. Tdprocedure is mathematically represented below:

A set of voxel indice®; was selected fahe voxeli under consideration such that:
N=Lay -y, B 6.1

where y, is the TAC of a neighboringoxelj, H Yi- Y, Hzis the L,-norm of the difference

vectorbetweery; andy;, andT is the threshold for thie,-normand waschosen to be 10%

of ||, This search was performed in a 3 x 3 x 3 neighbor{e6B ml) of voxeli.

Oncethe setof TACs was determing@n average TAC was calculatequ(/ G) which has

less noise than the original duedcer TAC (i) and was usetbr curve separation and

parameter estimation
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6.4.2 Population averagek, in the full reference tissue model

Another stepused to improve precision in the separation of the individual tracer
components and hendee estimated neuropharmacological parameters was reducing the
complexity of the full reference tissue model by fixing ka@arameter for each tracer to
its respeave population average value. The rationale for this step is as follows. Our
overall goal was the estimation of DVR (-BRy\p) for each tracer. Sind8Pyp is equal
to the ratio oks/ks, it may seem that using the simplified reference tissue model (SRTM,;
Section 2.4.4). ammertsma and Hume 199&here onlyBPyp is estmated instead dfs
andk, separately, would accomplishe same goaHowever, the simplifying assumption
in SRTM is instantaneous equilibration between free and specific compartments, which
implies very high values for boty andks. This assumption nyabias the shapes of the
individual tissue curves for the tracers used in this work. By fixinkilvalues to thie
respectivepopulation average we reduce the complexity of the full reference tissue
model, as in SRTM, but constrain the individuat&aTACs to more closely approximate
their true shapes. Thiggplification reduce parameter variance thoughth the posible
introduction of some biasdowever,the magnitude of this biasould belesscompared
to that ifsRTMwas used

6.4.3Signal separaton followed byestimation of binding measures

In case of SM, the pharmacological parameters of interest, such as DVR, could be
calculated directly from the individual model parameters of klpeonstrained full
reference tissue model. However, directcakdtions of DVR from the individual
estimated rate constants still lacked precision despite the adaptive smoothikg and
constraint. Instead, the reference tissue model fits to thetrdwal curves were used
only to extract the voxelise TAC compones for each of the two radiotraceras(
elaborated in section 5.}.2 Eac h twisea TAEs and thewr aotresponding
reference tissue curves were then used with robust linear estimation methods to obtain

final parametric images (Logan graphical lges for DVR estimation in reversible
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tracers(Logan et al. 1996and referenceegion based linear least squares (RLS)kfor
estimation in irreversible tracefagatsuka et al. 2001)

For singletracer studies of reversible tracers, the parameters of interest were
estimatedusing PCAbased Logan plot analysidoshi et al. 2008aJ-or the irreversible
tracer, the parametef-interest ks) was estimated using the RLS method. The adaptive
smoothing approach described earlier was applied to single tracer data asiorell p

voxelwise parametric estimation.

6.5 Results

Figure 6.4 shows the parametric images estimated using EM from a
[M'C]FMZ-[*'C]DTBZ duattracer study obtained with the same protocol as shown in
Figure6.1 The parametric images for both FMZ (top twavs) and DTBZ (bottom two

rows) are shown for the relative blood brain barrier (BBB) transportFRa(e ; TOWS

ref !
1

1 and 3) and the distribution volume ratio, DVR (8Pkp; rows 2 and 4). Image quality

for all measured parameseis good.

Parametric Images: ['C]FMZ - ["C]DTBZ scan
(Extrapolation Method)

OOOBS G
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OO0BH O

FMZ DVR
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DTBZ R,

e

DTBZ DVR

Figure 6.4: Parametric images obtained from 'aCJFMZ - [*'C]DTBZ study at six brain levels. The
parametric images shown aRg, equal to the ratidk, / K;® (rows 1 and 3), ahthe distribution volume
ratio (DVR=14BPyp) (rows 2 and 4) for both tracers.
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6.5.1["'C]JFMZ - ["'C]DTBZ studies

Figure6.5 (panel A) shows distribution volume ratio (DVR) images of three brain
slices for studies with the same 20 min FMZ:DTBZ protocol asgur€i6.1 The left
most column for each tracer shows the DVR images obtained from a-sangge scan
(ST). The middle and the rigimost columns for each tracer show DVR images obtained
from the dualracer studies using the extrapolation method (ENQ aimultaneous
fitting method (SM), respectively. Since singtacer scans were performed using only
one of the two tracers used in the dual tracer study, the images seen in the left and right
halves of Figure6.5 (all panels) are from different subject The dualtracer scans
analyzed using EM and SM yielded images very close in quality to those obtained from
singletracer scans. Overall image quality of SM was slightly noisier than EM image as
SM required the simultaneous estimation of six paramétens an 80 min dualracer
study. The image quality tended to improve when the two tracers were separated by 30
min instead of 20 min; since increasing tracer separation improves signal separation as
wasreported for duatracer studies using arteriabgima input¢Koeppe et al. 2001)

The bar graphs in Figur@6 (panel A) show the comparison of the means and
standard deviations of eight regieokinterest extracted fra both singletracer and
duattracer parametric imagesOn average, the EM method showed a positive bias in
DVR for [**'C]JFMZ as compared to ST which can be primarily attributed to the fact that
20 min of data was insufficient to accurately estimate firstacer 6 s transport
parameters. The positive bias was seen in the SM method as well, but to a lesser extent.
As would be expected, the slight positive bias in the DVR estimates of FMZ propagate as
a slight negative bias in DTBZ estimates.helmagnitude of the DTBZ bias iess
pronounced because for this tracer combination, 1@ TBZ signal is the dominant
contributor to the duakacer data (see Figwé.1and 6.2. The intersubject variance of
the dualtracers methods for differentdn regions was only slightly higher on average
than those seen in the singtacer images, indicating that the image quality did not

suffer due to excessive noise propagation in the-tlae¢r approach.

79



A ["C|FMZ DVR ["C]DTBZ DVR

»a pa

EM SM
["C]DTBZ DVR ["C]FMZ DVR

T
<1388
@@@

C ["CIFMZ DVR ["CIPMP k,

B E
SABL:
W&

5.

80

Figure 6.5: Comparison
of parametric images of
three brain levels from
dualtracer with those
from singletracer
studies. The leftnost
column for each &cer is
from a singletracer

study (ST) which acts as
6gold stand
comparison of dual trace
results.

Panel A: f'CIFMZ
injected 20 min prior to
[Y'C]DTBZ.

Panel B: *C]DTBZ
injected 30 min prior to
[Y'CIFMZ.

Panel C: {'C]FMZ
injected 30 mirprior to
[Y'CIPMP.

The extrapolation
method (EM) and
simultaneous fitting
method (SM) show
image patterns and
magnitudes very close ta
those from the single
tracer (ST) studies.



Figure 6.6: Comparison of intesubject means and standard deviations in parametric estimates obtained
from singletracer (ST) and dudtacer studies analyzed using extrapolation method (EM) and
simultaneous fitting method (SMRResults from eightegionsof-interest extracted from parametric images
are shown. Panel A: Comparison afaditracer ['CIFMZ-[*'CIDTBZ studies (n=12) with single tracer
studies (n=6). Panel B: Comparison of duater F'C]IDTBZ-[*'C]JFMZ studies (n=6) with single tracer
studies (n=3). Panel C: Comparison of dtracer ['CJFMZ-['C]PMP studies (n=19) with single tracer
studies (n=10 for'fC]JFMZ and n=9 for {'C]PMP). The regionsof-interest for FMZ are: OCC: occipital
cortex, LAT: lateral frontal cortex, SUP: superiormriptal cortex, TEM: lateral temporal cortex, CAU:
caudate nucleus, THA: thalamus, CER: cerebellar hemisphere, PONS: pons. Theafegitmest for
DTBZ are: PUT: putamen, CAU: caudate nucleus, MID: midbrain, CER: cerebral hemisphere, THA:
thalamus, POR: pons, SUP: superior parietal cortex, OCC: occipital cortex. The regfionterest for

PMP are: OCC: occipital cortex, LAT: lateral frontal cortex, SUP: superior parietal cortex, TEM: lateral
temporal cortex, INS: insular cortex, HIPP: hippocampus, TiHAlamus, AMY: amygdala.
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