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Mathematical modelling of misfolded protein aggregation in
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by Alexander WHITTINGTON

Positron emission tomography (PET) is an imaging modality widely used in
the study of neurodegeneration to image the accumulation of the misfolded
proteins such as amyloid-3 (A3) and tau. The aims of this thesis were to inves-
tigate A5 accumulation in Alzheimer’s disease (AD) using mathematical mod-
elling and perform kinetic modelling of the novel tau radiotracer ['*F]-AV1451
in corticobasal degeneration (CBD) and traumatic brain injury (TBI). The main

contributions of this thesis are:

Ap - Modelling the spatiotemporal distribution of A5 in AD

The spatiotemporal distribution of A in AD was modelled using a network
diffusion model and a four-parameter logistic growth model. Results suggest
the spatiotemporal distribution of A3 in AD results from properties of the local

tissue environment rather than long-term spreading from seed regions.

Ap - Amyloid Load
Using parametric images derived from the logistic growth model, a new out-

come measure, amyloid load AS;, was defined for a single ['8F]-AV45 A3 PET


HTTP://HTTPS://WWW.IMPERIAL.AC.UK/
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scan. It had greater sensitivity than the currently used mean cortical SUVr out-
come measure and will improve the power to detect signal changes in future

trials of novel anti-A 3 therapeutics.

Tau - Kinetic modelling of [1*F]-AV1451

Dynamic [8F]-AV1451 PET data from a CBD study was effectively modelled
with a reversible two-tissue compartmental model, the simplified reference tis-
sue model (SRTM) and standardised uptake value ratio (SUVr). SRTM was used
to quantify ['®F]-AV1451 uptake in a TBI study consisting of 32 subjects. There
were no differences between patients and controls at the ROI level and the voxel
level analysis revealed heterogeneous radiotracer uptake amongst patients. It
is impossible to tell whether increased PET signal is due to tau or off-target

binding.
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Chapter 1

Magnetic resonance imaging and

positron emission tomography

In vivo medical imaging is wide-ranging field which forms an integral part of
both clinical and investigative medicine. By visualising both anatomy and bi-
ological processes occurring in the body, medical imaging can aid diagnosis,
monitoring of disease pathology and understanding of anatomy. Molecular
imaging can be defined to be the “noninvasive, visualisation of biochemical
events at the cellular and molecular level within living cells, tissues, and /or in-
tact subjects” (James and Gambhir 2012). There are a range of imaging modal-
ities which can be used in molecular imaging which give complementary in-
formation. In this chapter, I introduce two imaging modalities; magnetic reso-
nance imaging (MRI) and positron emission tomography (PET). I describe how
the strengths of both can be combined to quantify concentrations of a molecular
imaging targets in vivo. The imaging techniques presented in this chapter are
used throughout this thesis to quantify molecular imaging targets relevant to

neurodegenerative processes.
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1.1 MRI

The physical phenomenon of nuclear magnetic resonance was first discovered
in 1938 by Isobar Rabi but it wasn’t until Damadian 1971 used it to detect tu-
mours, that the field of MRI imaging was born. Today, MRI is a well estab-
lished imaging modality that is used both clinically and in research. In neu-
roimaging, structural imaging gives high resolution soft tissue contrast images
of anatomy (Plewes and Kucharczyk 2012) and the introduction of functional-
MRI (Ogawa et al. 1990) has allowed researchers to study functional networks
of the brain which are activated whilst performing a variety of activities or

tasks.

The physics involved in generating MRI images are complex and only the fun-
damentals of generating a signal are covered here. A magnetic dipole is pro-
duced in every proton due to the proton’s spin (Shung, M. B. Smith, and Tsui
1992). By placing a subject in an MRI scanner, one places the protons in the
subject in a strong external magnetic field, By. =~ Under these circumstances,
protons either exist in a lower energy state where the magnetic dipole of the
proton aligns with By or in a higher energy state where the magnetic dipole is
in the opposite direction to By (Plewes and Kucharczyk 2012). A small majority
of protons reside in the lower energy state which induces a small magnetic field
in the same direction as By known as longitudinal magnetisation (Mollenhoff,
Oros-Peusquens, and Shah 2012; Schild 1990). Applying a radiofrequency (RF)
pulse (with frequency close to the Lamor frequency of protons) transverse to By
excites protons with the result that some transfer from the lower energy state to
the higher energy state which in turn causes the longitudinal magnetisation vec-
tor to decrease in magnitude (Schild 1990). Following the RF pulse, the system
reverts to the original state in a process called relaxation. Relaxation produces
an electrical signal because the overall magnetic vector from the protons is con-
stantly changing in direction and cutting the magnetic flux of By. The electrical
signal is termed free induction decay (FID) (Hendee and Ritenour 2003) and it
is this signal that is detected in MRI. MRI scanners have gradients in By which

enable one to ascertain where a given FID signal originated from (Hendee and
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Ritenour 2003).

The time taken for relaxation in the longitudinal direction is described by the T1
which is determined by the physical properties of the surroundings of the pro-
tons in question (Schild 1990). T1 is typically longer for structures containing
more water and shorter for structures containing more fat and therefore dif-
ferent tissue types in the brain have different T1 (Mollenhoff, Oros-Peusquens,
and Shah 2012). By applying repeated radiofrequency pulses (a radiofrequency
pulse sequence) MRI scanners exploit this property as the different T1’s in the
different tissues will cause different FID signals and thus can be converted into

different intensities in an image.

An example T1-weighted MRI scan can be seen in the top row of Figure 1.1.
The main advantage of structural magnetic resonance images is that they pro-
vide high resolution anatomical information about the brain and magnetic res-
onance imaging is now frequently used in the clinic to find lesions and abnor-
malities. Structural magnetic resonance images do not provide any informa-
tion on the function of the brain and they are not quantitative images; ie, they
do not obtain “maps of meaningful physical or chemical variables that can be
measured in physical units and compared between tissue regions and among

subjects” (Basser and Pierpaoli 2011).

1.1.1 Segmentation of structural MRI images into tissue types

In this thesis, the anatomical information provided by MRI images is used to
define regions of interest in the brain which can then be applied to other images

acquired using PET.

Automated algorithms have been developed which segment T1-weighted MRI
images into different tissue classes such as grey matter (GM), white matter
(WM) and cerebrospinal fluid (CSF). In this thesis, all tissue segmentation
will be performed using an algorithm called unified segmentation which was
published by (Ashburner and K. J. Friston 2005). This method has demon-

strated a high accuracy for tissue classification (Ashburner and K. J. Friston
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2005) when tested on simulated data where the tissue classification of each
voxel is known. Figure 1.1 shows example tissue probability maps for each

of the tissue classes produced by the segmentation process.

1.1.2 Diffusion tensor imaging

T1-weighted MRI images provide useful information for classifying voxels in
the brain into different tissue classes but the structure inside each of these classes
cannot be assessed. From post-mortem studies it is known that grey matter re-
gions of the brain are connected in a highly structured way through white mat-
ter connections (Blumenfeld 2010; Filley and Fields 2016; Fields 2010; Furst and
Fellgiebel 2011). These white matter connections in the brain can be imaged
in vivo with diffusion tensor imaging (DTI). DTI is a form of MRI where gra-
dients are used to image the movement of water molecules in the brain. The
apparent diffusion component in the direction of three gradients (in the z, y
and z directions) can be fitted using an ellipsoid (Jellison et al. 2004). An ellip-
soid can be completely characterised by the three eigenvalues and eigenvectors.
The hypothesis is that in the direction of white matter tracts, the apparent dif-
fusion component and therefore the eigenvalue will be higher as there are less
obstructions. Therefore the eigenvector with the largest corresponding eigen-
value is most likely to be colinear with prominent white matter tracts at a given
voxel (Basser, Mattiello, and LeBihan 1994; Basser 1995; Basser and Pierpaoli
1998). By combining these eigenvectors across an image, it is possible to gener-
ate maps of the white matter connections (Basser and Pierpaoli 2011) in a pro-
cess called three-dimensional tractography. Introduced around the turn of the
millennium, tractography reconstructs white matter connections (Basser, Paje-
vic, et al. 2000; Conturo et al. 1999; Mori, Crain, et al. 1999; Catani et al. 2002)
and can be used to create striking visual representations of the whole brain
white matter connectivity (see Figure 1.2) antemortem. An example diffusion

tensor image can be see in Figure 1.2.

Unfortunately however, tractography is prone to both subjective and system-

atic errors (Assaf and Pasternak 2008). It can accurately delineate the “core
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FIGURE 1.1: MRI images and 3 tissue probability maps after the
MRI has been segmented. (GM: Grey matter, WM: White matter,
CSF: cerebrospinal fluid)
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FIGURE 1.2: An example tractography image generated from
diffusion tensor imaging data (Image taken from O’Donnell and
Westin 2011)



1.2. PET 37

of large white matter tracts” (Mori and Zijl 2002), however it is susceptible to
image artefacts and caution should be used when using it to describe smaller

tracts (Mori and Zhang 2006; O’'Donnell and Westin 2011).

1.2 PET

PET is an imaging modality commonly used to research both normal brain func-
tion and pathophysiological processes and diagnose patients, monitor disease
progression and assess treatment response in vivo (Nasrallah and Dubroff 2013;
Heurling et al. 2017). A subject is injected with a positron emitting (31 de-
cay) radioactive compound in solution which is specifically designed to selec-
tively bind to a target of interest - a radiotracer (sometimes shortened to just
tracer). By detecting photons generated (outlined in detail in subsection 1.2.1),
PET scanners can be used to generate images which show the spatiotempo-
ral distribution of the radiotracer over the course of the scan. By analysing
the kinetics of the radiotracer, it is possible to calculate the concentration of
the target of interest in a region of interest (ROI). This process is explained
in section 1.3. Since the turn of the century, PET has been used ever increas-
ingly (Heurling et al. 2017) with many studies focussing on neurodegenerative

processes by imaging metabolism and misfolded protein aggregation.

1.2.1 PET signal and image reconstruction

A PET scanner consists of a bore surrounded by stacked rings of photon detec-
tors (Fahey 2010; Kwee, Torigian, and Alavi 2013). To perform a scan, a subject
is positioned in the scanner and injected with the radiotracer which is carried
around the body in the bloodstream. Figure 1.3 is a schematic of the processes
occurring in a PET scanner that enable photon detection. Unstable radioactive
compounds decay to more stable states with one proton changing to a neutron
which results in a neutrino and a positron being emitted (Saha 2016; James and

Gambhir 2012). The positron travels a short distance according to brownian
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motion until the positron annihilates with an electron causing two nearly anti-
parallel photons to be produced (Schmitz, A. M. Alessio, and P. E. Kinahan
2009). These photons are detected at the edge of the bore of the scanner and are

combined to create PET images.

When the two near anti-parallel photons hit the detectors, their energy is con-
verted into an electrical signal and for a given annihilation, the two photons will
be detected at two different detectors almost simultaneously (Krishnamoorthy,
Schmall, and Surti 2016). Any time two different detectors detect a signal si-
multaneously, it is called a coincidence event. It is assumed that all coincidence
events occur as a result of the process described above but it is important to
note that in reality processes such as scatter and random coincidence events
mean that this is not true (James and Gambhir 2012) and these need to be cor-
rected for to enable quantitative imaging of the tracer concentration. A single
frame of a dynamic PET scan is simply the collection of all coincidence events

occurring in a frame time window.

Only by combining the record of all coincidence events, is it possible to gain in-
formation on the spatial location of the radiotracer. Some geometry is required
to recover this information and for simplicity, I will consider the case of a single
ring of detectors around a subject with each spatial co-ordinate being defined by
the pair (z,y). Each coincidence event defines a line of response which in turn
determines a unique pair (r, §) where r is the displacement in the z-direction of
the detector away from the centre and 6 is the angular orientation (A. Alessio
and P. Kinahan 2006). Each coordinate in the x,y plane determines a unique
set of values for the pair r and 6 in turn determine a unique half sine curve (S.
Tong, A. M. Alessio, and P. E. Kinahan 2010). In a frame of a PET scan, each
half sine wave is assigned an intensity equal to the number of decays which
were assigned to happen at the z, y-coordinate to which it is associated. The
result is a sinogram and this encodes the spatial uptake of the tracer in the time
window of the frame (Saha 2016; Schmitz, A. M. Alessio, and P. E. Kinahan

2009; A. Alessio and P. Kinahan 2006). The sinogram can be reconstructed into
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FIGURE 1.3: Particle interactions leading to a PET signal being

detected: Initially an unstable nucleus decays via beta decay

producing a positron which annihilates with a nearby electron.

This causes two nearly anti-parallel gamma rays to be produced,
which are detected by the scanner.
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x, y-coordinates analytically using filtered back projection or via iterative recon-

struction (A. Alessio and P. Kinahan 2006).

In a PET scan there are multiple sets of detector rings stacked along the bore
of the scanner. Co-incidence events from all rings are combined to and recon-
structed to produce a 2D image for each ring of detectors. The reconstructed 2D
images, sometimes called slices, are stacked one on top of another to form a 3D
image representing the spatial distribution of radiotracer in a given frame. As
previously mentioned the full dynamic PET scan consists of a number of frames
showing the spatial distribution of the tracer in some chosen time windows and
as such, this data provides spatiotemporal information about the distribution of

the radiotracer.

1.2.2 Subject motion in PET

Subject motion during a PET scan has important consequences for image qual-
ity and thus quantification. In an ideal scenario for quantification, the subject
would not move throughout the duration of the scan, however scans often last
over 90 minutes and it is inevitable that some motion will occur. I will explain
two different types of motion here; between frame motion and within frame

motion.

Between frame motion describes motion that occurs between one frame and the
next. If left unaccounted for, this could heavily bias quantification of the con-
centration of the target. To explain why, consider the following thought exper-
iment. Let’s assume that we have two small regions of interest, ROI1 and ROI2
which are 5 mm apart with coordinates (a,b) and (c, d) respectively and that
ROI1 has double the concentration of target than ROI2. Then, suppose further
that, in between frames the subject moves 5 mm so that in the following frame
ROI 2 now has coordinates (a,b). For quantification, it would be assumed that
coordinates (a, b) would represent ROI1 but it would actually be of ROI2 which
has half the concentration of target. This would lead to the quantification of

target in ROI1 to be inaccurate.
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Within frame motion occurs when the subject moves during the period a frame
is being captured. The motion will mean that co-incidence events in the same
(x,y)-coordinates will have resulted from annihilations in different regions of
the brain. Like between frame motion, this can bias results although the level
of motion occurring in the duration of a frame is likely to be lower than across

the length of an entire scan.

1.3 Quantification methods in PET

This section is dedicated to describing methods by which the concentration of
an imaging target, such as a neuroreceptor or form of disease pathology, can be

derived using reconstructed dynamic PET data.

1.3.1 Image registration

In order to explain quantification in PET, it is necessary to understand the fun-
damentals of image registration. Two images are considered to be in the same
space if voxels correspond to the same anatomical space in both images. The
aim of image registration is to spatially transform an image so that it is in
the same space as a reference image (Ashburner and K. Friston 2003). This
could involve registering two images from the same subject (often from dif-
ferent modalities) or images from multiple subjects (sometimes referred to as
co-registration) (K. J. Friston et al. 1995; Hill et al. 2001). A common practice for
analysing common features across many subjects is to register images to one

common space which is referred to as spatial normalisation.

There are many algorithms to perform image registration. Broadly, these can
be classified into three different categories; rigid registration, affine registration
and nonlinear registration. Rigid registration finds the optimum parameters for
rotations around the three axes (pitch, roll and yaw) and translations along each
of the three axes (Ashburner and K. Friston 2003). Importantly, rigid registra-

tion restricts the image to being the same size after registration or equivalently,
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there is no scaling. In cases of registering images from the same subject with
the same voxel sizes, this method is preferred. Rigid-body registrations are in
fact a subset of the the class of affine registrations. Affine transformations of a
vector x = (z1, z2,x3) to a vector y = (y1, y2, y3) are all transformations that can

be expressed in the following form,

Y1 = M1121 + Mmi2x2 + M13T3 + M4 (1.1)
Y2 = M21T1 + M22X2 + Ma3T3 + Moy (1.2)
Y3 = M31T1 + M32x2 + M33T3 + M34 (1.3)

where m;j € R.

These transformations are often expressed using matrix algebra,

Al mi1p iz M1z Mi4 r1
Y2 ma21 M22 123 1M24 4]
= (1.4)
Y3 m31 M32 133 1M34 z3
1 0 0 0 1 1

Along with rotations and translations, affine registrations allow the moved im-

ages to undergo scaling and shears (Ashburner and K. Friston 2003).

Nonlinear registrations allow all continuous transformations of images (ie, those
that do not produce new holes in the images). These types of registration are
normally used to spatially normalise images from different subjects to a com-
mon space such as MNI152 space. It is common for an initial affine transforma-
tion of the image to be performed before the nonlinear warping of the image to

avoid overfitting (Ashburner 2007).

1.3.2 Motion-correction, delineation of regions of interest and gener-

ation of time-activity curves

As was outlined above, it is required for reliable quantification that the same

voxel in each frame of a PET scan corresponds to a consistent point in the
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brain. One method frequently used to account for between frame motion in the
reconstructed images is to register each of the frames to a reference frame. This
produces a ‘realigned’ image in which all the frames are in the same space.
Within frame motion is more problematic but by keeping frame duration times

small, one can limit the amount that occurs.

Many studies will focus on quantifying the concentration of the target in a set
of predefined voxels - an ROI. ROIs are delineated manually on structural MRI
images of the same subject or using an atlas image. For manual ROI drawing,
a rigid-body registration is used to register the MRI and PET images. When
using an atlas, it is required to have the atlas and PET image data in the same
space. One must choose whether to register the PET data to the standard space
the atlas was defined in or register the atlas to the PET image space. If one
wants to perform a population level analysis at the voxel level with static im-
ages then it is favourable to register the PET scans to the standard space so that
each voxel in an image can be directly compared to others in the population. If
one however, wants to perform kinetic modelling of a novel tracer, it is prefer-
able to work in subject space as one doesn’t alter the reconstructed PET data.
The spatial resolution and anatomical information in PET images is inferior to
structural MRI and therefore registering MRI is more reliable than registering
PET scans. Because of this, it is common to register a standard template mag-
netic resonance image in the same space as the atlas image to the subjects” MRI
(or reverse in the case of moving the PET to a standard space) and apply the
transformation parameters to the atlas image. This step is commonly done us-
ing a nonlinear registration. At this point, a rigid-body registration of the PET

scan to the MRI produces the desired atlas image in the same space as the PET.

The mean intensity of voxels from the delineated regions of interest in each
frame is used to define a regional time activity curve (TAC) in which one plots
the concentration of radioactivity versus the time after injection of the tracer.
The radioactivity measured in kBq/ml can be normalised by the injected dose
divided by the body weight of the subject to give standardised uptake values

(SUV). An example TAC can be seen in Figure 1.4.
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An example time activity curve
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FIGURE 1.4: An example TAC: each point represents the mean
activity for the frame. Activity is quantified in SUV

1.3.3 Model-driven quantification of PET data

Quantification methods for PET data can be split into two classes; data-driven
methods and model-driven methods (R. N. Gunn, S. R. Gunn, Turkheimer, et al.
2002). Data driven methods such as those introduced by Patlak and Blasberg
1985 and Logan et al. 1990 do not assume any underlying model for the data.
In this thesis, I will concentrate on model-driven methods which use known

biological phenomena to construct models to describe radiotracer kinetics.

The gold standard for quantifying target concentration from ROIs with PET
data is using compartmental models and an arterial input function. All com-
partmental models express the ROI time activity curve, Cr(t) as a function of
the plasma input function, C,(t) and rate constants between different states or
‘compartments’ that the tracer can be in (R. N. Gunn, S. R. Gunn, and Cunning-

ham 2001).

Cp(t) is obtained by placing an arterial cannula for the duration of the scan
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and drawing blood samples. The blood samples can be analysed to obtain the
concentration of radiotracer in the plasma which has not been metabolised and

is therefore freely available to enter the brain.

Figure 1.5 shows four commonly used compartmental models. Compartmental
models can be classified into two main type, irreversible and reversible mod-
els (R. N. Gunn, S. R. Gunn, and Cunningham 2001). Tracers that can be
best modelled using an irreversible model have a state in which the tracer gets
trapped. Reversible models by contrast assume that there are non-zero rates of
flow away from all compartments (R. N. Gunn, S. R. Gunn, and Cunningham
2001). The commonly used radiotracer [18F]Fludeoxyglucose (['8F]FDG) is best
described by an irreversible model because after the tracer enters the brain it be-
comes phosphorylated and then trapped (Phelps et al. 1979; Sokoloff et al. 1977).
An example of a tracer with reversible kinetics is [!!C]Raclopride which targets
dopamine receptors (Farde et al. 1989). The concentration in the tissue is mono-
tonically increasing in all irreversible models (assuming the trapping compart-
ment is in the tissue) and reversible models tend towards an equilibrium posi-
tion where the concentration in each compartment is non-zero. Compartmen-
tal models hypothesise that the net rate of flow between two compartments at
time ¢ is proportional to the difference in concentrations of the two compart-
ments (Kety 1951) which means that the systems can be described mathemati-

cally using ordinary differential equations and linear equations.

The one-tissue irreversible model can be seen on the top line of Figure 1.5. There
is only one rate constant, K1 which represents the rate of transfer of radiotracer
from the plasma to the tissue - once in the tissue, it becomes trapped. The
equations which describe the one-tissue irreversible model can be seen in Equa-
tion 1.5

dCi(t) KOl
10— k() .

Cr(t) = (1 —=Vp)Ci(t) + VeCr(t)

where Vg is the fractional volume of whole blood. The observed PET signal

Cr(t) is the sum of the concentrations in the tissue compartments and in the
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whole blood Cp(t) .

The one-tissue reversible model can be seen on the second line of Figure 1.5. There
are two rate constants, K and k» which represent the rate of transfer of radio-
tracer from the plasma to the tissue and the efflux of the tracer from the tis-

sue. The system is described by Equation 1.6

dCi(t) _ K1Cp(t) — ko Ch(2)
i (1.6)

Cr(t) = (1-Vp)Ci(t) + VCp(t)

In the two-tissue irreversible model, there are two states the tracer can be in after
it has crossed the blood-brain-barrier into the tissue from the plasma. However,
once the tracer has entered compartment Cj, it becomes trapped and remains

in that state. The equations describing the system are written in Equation 1.7

di;ﬂ-—KﬁCp@)—(k2+k@CH@)
dizﬂ::kgCﬂﬂ (1.7)

Cr(t) = (1 —=Vp)(Cy(t) + Ca(t)) + VBCh(t)

A commonly used model is the reversible two-tissue compartment model. The

model equations are described by the set of equations in Equation 1.8.

dc;t(t) = K1Cp(t) — (k2 + k3)C1(t) + kaCo(2)
“g”:@qw—m@@ (1.8)

Cr(t) = (1= Vp)(Ci(t) + Ca(t)) + VBCp(t)

Using a state space representation of compartmental models, R. N. Gunn, S. R.
Gunn, and Cunningham 2001 has been shown that there is a general solution to

a system with n compartments which is shown in Equation 1.9.

Cr(t) = VeCp(t) + (1 - V) Y aie’ @ Cp(t) (1.9)
i=1
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One-tissue irreversible model

One-tissue reversible model

Two-tissue irreversible model

Two-tissue reversible model

FIGURE 1.5: Commonly used compartmental models
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where, a; € R and f; are combinations of the rate constants connecting the

compartments.

If the model is a reversible model,

a; € Rsuch thata; >0

B; € Rsuch that 3; > 0

If the model is an irreversible model however 3; = 0 for some 1 < i < n. With-

out loss of generality, this can be stated as

a; € Rsuch thata; >0

B; >0fori#mn
B; € R such that

Bi=0fori=n

As an example, the solutions to the one-tissue irreversible model and the one-

tissue reversible models are shown in Equations 1.10 and 1.11 respectively,

Cr(t) = VeCpr(t) + (1 - Vp)K1 ® Cp(1) (1.10)

Cr(t) = VgCa(t)+ (1 — V)K" @ Cp(t) (1.11)

In theses examples, n = 1, oy = Ky, 1 = 0 for the irreversible model because
i = nand ) = ks for the reversible model. The reader is referred to (Phelps

et al. 1979) for the full solution of the two-tissue compartmental model.

For a novel radiotracer where the kinetics are not well established, a range
of different compartmental models can be fitted to the TACs for the defined
ROIs. Models are fitted by optimising the values for «; and 3; so that the sum
of squares of residuals between the TACs and the fitted C'r(¢) is minimised. The
tits of these different models are assessed to decide which model describes that

kinetics of the tracer in the most parsimonious manner. In addition to fitting
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different compartmental models, one can fit each model with different options
for the blood volume parameter Vz. Vg can be fixed (typically 5% in brain
imaging), ignored or equivalently set to zero or optimised as a parameter in the

model.

The fit of each model can be visually inspected, however a more robust method
is to combine visual inspection with quantitative measures of parsimony in the
form of information criteria. There are many different information criteria but
all work similarly in that they trade off the fit of the model against how many
parameters are in the model. One of the most commonly used information cri-
teria is the bayesian information criteria (BIC) (Kass and Raftery 1995). With fit-
ting to TACs, the fit of the model is evaluated using the residual sum of squares

and therefore the BIC for a model ¢, BIC; is calculated by,

BIC; =In (RSS> + 21In(k) (1.12)

n

where, RSS is the residual sum of squares in the region of interest, n is the
number of datapoints (in this case the number of frames) and k is the number

of parameters in the model.

The model with the lowest BIC value is the determined the most parsimonious

model by the bayesian information criteria.

1.3.4 Outcome parameters quantifying radiotracer uptake

I will now turn my attention to how these analytical solutions to compartmental
models describing tracer kinetics can be used to derive useful biological infor-
mation about the tracer spatial distribution in the brain. If a bolus injection of
radiotracer is administered, the compartmental systems presented will reach a

steady state as t — oo.

In the case of the irreversible models, this steady state occurs when all the tracer

has reached the compartment in which it is trapped. The net rate of trapping
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from the plasma is given by the «,, in a general irreversible n-tissue compart-
ment model and this value is often used as an outcome measure to quantify
tracer uptake. For example, ["®F]JFDG can be modelled effectively using an ir-

reversible two-tissue compartmental model (Phelps et al. 1979) and here the net
Kiks
ko + k3

trapping rate is ap = (Li et al. 2014) (typically referred to as K;).

For a reversible compartmental model, at equilibrium, the radiotracer is still
moving between compartments but the total rate of efflux in each compartment
is equal to the total rate of influx. The volume of distribution, V7 is defined
to be the ratio of the concentration of radiotracer in the tissue to that in the
plasma at equilibrium (Innis et al. 2007). For any irreversible model, V7 = oo
and therefore holds little information. V7 is however, a frequently used out-
come measure in pharmacokinetic studies to quantify radiotracer uptake when
a reversible model provides the optimum fit to the TACs. For the reversible
one-tissue compartmental model, Vr = %, for the reversible two-tissue com-
partmental model V; = % (1 + %) and more generally for the reversible n-
compartmental model R. N. Gunn, S. R. Gunn, and Cunningham 2001 showed

that,
Vp=> (1.13)

where, o; and f3; are defined in Equation 1.9.

Up until this point, I have only referred to compartments in each of the compart-
mental models as having different states. Mintun et al. 1984 introduced an out-
come measure for PET neuroreceptor studies called binding potential which has
the symbol BPyp (Innis et al. 2007). The authors hypothesised that a tracer in
the tissue was either specifically bound to the target or in some other state. The
ratio of concentrations in the specifically bound compartment to all other states
in the tissue at equilibrium defines the BPyp. The tracer in these other states
which is not specifically bound to the target have subsequently been defined to
be non-displaceable (hence the ND in BPyp). If the kinetics between all the
states that make up the non-displaceable tracer are very fast, it is likely that a re-
versible two-tissue compartment model will best fit the data. When a reversible

three-tissue compartment model best fits the data, it has been hypothesised that
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the three compartments represent free, non-specifically bound and specifically

bound tracer (Mintun et al. 1984).

Using Vr as the primary outcome measure in studies where the reversible two-
tissue compartment model is the best fit is problematic as it is impossible to
determine whether increased Vr is a consequence of a higher concentration of
the target specific binding or a higher non-displaceable component. One can

address this by using BPyp as the outcome measure.

Calculating BPyp can be done directly from the reversible two-tissue compart-
ment model using BPnp = ]Z—; but this has been shown to be unreliable espe-
cially when the kinetics between the non-displaceable and specifically bound
compartments are fast (Lammertsma 2012). If a reversible one-tissue com-
partment model fits the data, direct calculation of BPyp is infeasible. A more
robust quantification can be achieved by calculating BPyp indirectly using a
reference region. A reference region is a region of interest defined which is
known to have no target present and therefore can be hypothesised to have
zero specific binding and so the signal in these regions results only from the
non-displaceable states. The BPyp for a target region is calculated indirectly

Equation 1.14 (Lammertsma, Bench, et al. 1996).

VTaTget
T
where Vg argel is the volume of distribution in the target region and Vf e/ is the

volume of distribution in the reference tissue.

1.3.5 Simplified reference tissue model

Whilst compartmental models are the gold standard in terms of quantification,
they require the placement of an arterial cannula which is an invasive proce-
dure which can be uncomfortable to the patient. Reference tissue models can
be used to obtain BPyp without the requirement for an arterial cannula to be

placed (R. N. Gunn, Guo, et al. 2011).
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Simplified reference tissue model

FIGURE 1.6: Simplified reference tissue model (SRTM) : The
model assumes that the reference tissue is devoid of target and
therefore all signal observed there is non-displaceable signal

The simplified reference tissue model (SRTM) introduced by Lammertsma and
Hume 1996 is a model which is widely used in quantitative PET studies (Sali-
nas, Searle, and R. N. Gunn 2015). A model schematic is shown in Figure 1.6. The

model makes four key assumptions (Salinas, Searle, and R. N. Gunn 2015),
o The reference region is devoid of target

e The kinetics of the both the target and reference region can be described

using a one-tissue compartmental model
o The contribution of whole blood to the signal is negligible

e The non-displaceable signal in the target region and the reference region

are equal

Lammertsma and Hume 1996 showed that the observed signal in the target
tissue, C'r(t) can be described by Equation 1.15.

Rk )
Cr(t) = RiCpes(t) + (kz 12 >

— et
_ t 1+BP, 1.1
[T BEyp ) Crer) @ o (115
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where, R; = % is the ratio of the delivery of the tracer to the tissue in the target
region and refeirence region, Cre¢(t) is the reference region time activity curve,
BPyp is the binding potential in the target region and k; is the rate of transfer
of radiotracer from the target tissue to the plasma. A value for BPyp can be
obtained by optimising the three parameters R, k2 and BPyp so that the sum
of squares of residuals of the target tissue time activity curve and Cr(¢) is min-
imised. Reference tissue models offer an attractive option to quantify specific
tracer uptake without the need for the invasive procedure of placing an arterial
cannula but as R. N. Gunn, Guo, et al. 2011 note, validation of these methods is
necessary and is paramount and particular attention should be paid “whether
the reference region is truly devoid of the target, the model simplification is ap-
propriate and the blood volume contribution to tissues is accounted for” (R. N.
Gunn, Guo, et al. 2011). In their recent paper, Salinas, Searle, and R. N. Gunn
2015 ran simulations to show the impact of violating the assumptions made
with SRTM. Both a reference tissue which is not completely devoid of the tar-
get and a reference tissue which does not have same level of non-displaceable
binding as the target produce negative biases in the true binding potential of
over 100% if the true BPyp < 1 (Salinas, Searle, and R. N. Gunn 2015). Choice
of reference is therefore paramount if reference tissue models are to be used for

quantifying tracer uptake.

The BPyp calculated using an arterial input compartmental model is often
used to validate B Py p values calculated using the SRTM. This method of vali-
dation is good for checking if the assumptions that the kinetic behaviour of the
tracer in both the reference and target tissue can be represented by a reversible
one-tissue compartment model and that the the blood volume component of
the signal in negligible. However, indirect calculation of BPyp requires a ref-
erence region and therefore assessment of the validity of that reference region
is challenging. It is important to choose the reference region using interpre-
tation from both imaging data and post-mortem data. Post-mortem studies
reveal the distribution of target in a given disease and can guide the choice of

reference region.
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1.3.6 Standardised uptake tissue ratio

The SRTM does not require an arterial cannula to be placed but it does still re-
quire the subject to lie still in the scanner for the full duration of scan which
is typically over 60 minutes. This can be uncomfortable for patients. In
addition, this duration in the scanner is prohibitively long and expensive for
high throughput studies involving large numbers of patients both. Static im-
ages provide a way of quantifying tracer uptake with the patient spending only

around 20 minutes in the scanner.

The patient is scanned for a short period (often 20-30 min) of time typically
30-50 minutes after injection (although the optimal time window varies with
tracer). The aim after reconstruction is to produce a 3D volume that represents
the average tracer distribution in the scanning window. A regional standard-
ised uptake value ratio (SUVr) is simply calculated by taking the mean value
from voxels in the target region and dividing by the mean value of voxels in the

reference region (Jagust, Landau, et al. 2016).

SUVr is frequently used as a cost-effective way to quantify tracer uptake in PET
however as with reference tissue models, SUVr should only be used after it has
been validated against full quantitative analysis using an arterial input func-
tion. SUVr does not take into account any signal resulting from the whole
blood and importantly for studies in neurodegeneration it assumes that the de-
livery of radiotracer to the tissue is consistent across the brain (Lammertsma

2017).

1.3.7 Parametric images

All the methods presented above are concerned with quantifying tracer uptake
in an ROL It is possible to quantify tracer uptake at the voxel level using the
same models. One can think of each voxel being an ROI with a TAC in exactly
the same way as an ROI is defined as a group voxels. Fitting at the voxel
level however, is computationally expensive and directly fitting compartmental

models and the simplified reference tissue model would take too long for most
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studies. The paper published by R. N. Gunn, S. R. Gunn, Turkheimer, et al.
2002 shows how basis functions can be used to speed up the fitting of each of
the compartmental models and SRTM. The result is a 3D parametric image for
each of the parameters in the model. For instance, for the reversible one-tissue
compartment model, parametric maps for K and k, are produced. One can
then easily created a parametric map for Vr by dividing the K; map by the k-

map.

For SRTM, fitting produces parametric maps for the three parameters, R, k>
and BPyp. The BPyp map gives a voxel-level quantification of tracer specific
binding. This is especially useful if the spatial distribution of the target (other
than the fact it is not in the reference region) is unknown. BPyp parametric
maps are also provide information on the spatial consistency of the tracer up-
take across subjects which can be lost when using larger ROIs. It should be
noted however, that in fitting at the voxel level one assumes that the model is
valid in all voxels. This assumption could be violated and therefore caution
should be used when drawing conclusions on signal only from parametric im-
ages. In particular, high BPyp in very small clusters or individual voxels can

result from poor fitting (often caused by noisy data) rather than true signal.

1.4 Conclusion

In this chapter, I have introduced the imaging modalities of PET and MRI.

The physics of MRI were briefly explained and examples of structural T1-weighted
structural images and diffusion tensor images were presented. T1-weighted
structural images will be used throughout this thesis to define regions of inter-
est in PET studies. Automated algorithms for segmenting the tissue classes in
the brain were discussed and again these will be used extensively in Chapters 3,
7 and 8. Connections between cortical regions which have been imaged using

diffusion tensor imaging are used in Chapter 4.
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PET data is however the primary focus of this thesis. The physics underlying
the production of the PET signal was explained in this chapter along with how
this signal is reconstructed to create dynamic 4-dimensional images. One of the
main themes of this thesis is quantifying tracer uptake; both from static and
dynamic PET data. In this chapter, I discussed required motion correction to
facilitate robust quantification and different model-driven methods for quan-
tifying tracer uptake. Compartmental models and the SRTM outlined in this
chapter are used in Chapters 7 and 8 with dynamic PET data both at the ROI
and the voxel-level. SUVr is used as the primary outcome measure for disease
progression modelling in Alzheimer’s disease in Chapters 4 and 5 and in Chap-
ter 6 a novel outcome measure for quantifying static images is introduced and

compared to SUVr.

In the next chapter, I show how the modalities of MRI and PET have been used
to study different neurodegenerative processes and outline how this thesis will

add to the literature in this field.
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Chapter 2

PET in Alzheimer’s disease,
traumatic brain injury and

corticobasal degneration

In Chapter 1, I introduced the imaging modalities of MRI and PET, explained
how images were obtained and presented different methods of quantifying PET
imaging data. In this chapter, I give background on AD, Corticobasal degen-
eration (CBD) and traumatic brain injury (TBI) and review how PET imaging
data has been used to further our understanding of neurodegenerative diseases.
Specifically, I concentrate on imaging of misfolded proteins in neurodegenera-
tive diseases. I show how Aj3 PET imaging has been used to investigate the
spatiotemporal distribution of Ag in AD previously and identify how previous
mathematical models can be improved. I also review how novel ligands have
been used to attempt to quantify the tau burden on patients suffering from neu-
rodegenerative diseases. Finally, I present an outline of the remainder of the

thesis.
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2.1 Alzheimer’s disease

AD is a chronic, progressive and ultimately fatal neurodegenerative disease (Mas-
ters et al. 2015) which is the most common cause of dementia worldwide (Schel-
tens et al. 2016). Patients commonly suffer from cognitive impairment and exec-
utive dysfunction and more rarely visual and language problems (Barnes et al.

2015; Murray et al. 2011; W M van der Flier et al. 2011).

5-7% of people over 60 years of age and an estimated 40 million people world-
wide suffer from dementia and this number is projected to double in the next
20 years (Prince et al. 2013). This increase will put a heavy socio-economic bur-
den on society. The financial cost of caring for these patients will become in
many countries unaffordable and AD severely affects the quality of life of both
the patient and the carer (Masters et al. 2015). The need for effective therapeu-
tics is obvious however, it is my opinion that these are unlikely to be found

without a greater understanding of the disease.

2.1.1 Pathophysiology of AD

In 1907, Alois Alzheimer identified proteinaceous deposits on brain in a histopatho-
logical study of a woman suffering from dementia (Alzheimer 1907) which were
subsequently found to be neurofibrillary tangles (NFT) and neuritic plaques.
The proteins making up these deposits are similar to healthy proteins but have
a different 3D structure and so are commonly referred to as misfolded pro-
teins (Gregersen et al. 2006). They are now considered the pathological hall-
marks of AD and evidence suggests they play a key role in the disease (Schel-
tens et al. 2016). As neurodegenerative processes occur, cell deaths result in
widespread atrophy which in turn are thought to cause the cognitive and be-

havioural decline seen in AD.
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FIGURE 2.1: MRI images at different stages of cognitive impair-
ment; cognitively normal (CN), amnestic mild cognitive impair-
ment (aMCI) and AD. [Image taken from Vemuri and Jack 2010]

Figure 2.1 taken from a Vemuri and Jack 2010 shows coronal sections from struc-
tural T1-weighted MRI scans of typical subjects with different levels of cogni-
tion. The cognitively normal subject (CN) on the left shows little sign of any ab-
normalities, whereas the amnestic mild cognitive impairment (aMCI) and AD
patients have enlarged ventricles and clear cortical atrophy. The level of atro-
phy is increased in AD compared to aMCl in line with neurodegeneration being
a progressive and irreversible process (Fox et al. 1999; Sluimer, W M Flier, et al.

2009; Sluimer, Bouwman, et al. 2010).

Almost 80 years after Alois Alzheimer first noted the pathognomonic signs of
AD, Glenner and C. W. Wong 1984 isolated amyloid-3 (Aj) peptide as being a
major component of neuritic plaques. Work in the next 8 years provided evi-
dence that Aj plays a key role in the pathogenesis of AD (Goate et al. 1991; J.
Hardy and Allsop 1991; Selkoe 1991). In 1992, the first articulation of the "Amy-
loid cascade hypothesis’ (J. A. Hardy and Higgins 1992) was published. It posits
that A3 is a driving factor in patients developing dementia. In it’s current form
(Figure 2.2), it is hypothesised that A3 molecules are formed from the cleaving
of the amyloid precursor protein (APP). A3 then aggregates which leads to sol-
uble oligomers and the deposited A3 peptide as discovered by Alzheimer 1907.
Further, the hypothesis states that, this not only occurs prior to, but causes the
formation of NFT which in turn causes neuronal death and eventually demen-

tia.

Whilst the hypothesis is appealing, it remains far from universally accepted.
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FIGURE 2.2: Flow diagram representing the amyloid hypothe-

sis. APP is cleaved causing Af aggregation and subsequently

amyloid deposits. A combination of deposited amyloid and sol-

uble amyloid causes tau pathology and then neuronal dysfunc-

tion, cell death and dementia. (Figure adapted from Karran,
Mercken, and Strooper 2011)

The hypothesis infers a cause and effect relationship generated from a correla-
tion and with current data it is still possible that A5 accumulation results from
other processes rather than causes AD. Moreover, in the 20 years since its intro-
duction, data has been published which contradicts the expected findings from
the hypothesis. Firstly, there have been repeated findings of healthy controls
showing deposits of A similar to those found in AD patients (Crystal et al.
1988; Price and Morris 1999; Klunk et al. 2004). One potential explanation of
this, is that these subjects are in the early stages of the disease and will go on
to develop dementia in the future. Secondly, H. Braak and E. Braak 1991 have
shown that tau pathology occurs in some regions of the brain in the absence of
Ap. It is possible that A accumulation in one region could cause NFT forma-
tion in another but it is also possible that the two occur from parallel processes

and don’t interact at all (S. A. Small and Duff 2008).

It therefore seems likely that, the aggregation of A5 and the formation of oligomeric
Ap and deposited Ap peptide does play a role in AD and that A aggregation

does occur prior to the formation of NFT, however the interaction between A/
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FIGURE 2.3: PiB images in healthy controls and AD (Image
taken from Klunk et al. 2004). There is increased tracer uptake
in AD when quantified with SUV.

and tau and neuronal loss is poorly understood and their relationship is likely
to be complex rather than a simple linear cause and effect (S. A. Small and Duff

2008; Scheltens et al. 2016).

Only by elucidating these interactions and biological processes, will it be possi-
ble to fully understand the causes of AD and develop effective novel therapeu-

tics to slow or even reverse decline.

2.2 Apimagingin AD using PET

A major step forward in AD research came with the ability to image A pathol-
ogy in vivo using PET. An explosion of Aj imaging studies followed Klunk et
al. 2004 after they showed the first use of the radiotracer ['!C]Pittsburgh com-
pound B (['!C]PiB) in humans. ['!C]PiB was developed to image Af in vivo.
The paper showed that [''C]PiB had a high specificity for A3 and using SUV
as a quantification method the authors showed increased binding in AD sub-
jects in comparison to healthy controls (see Figure 2.3). Since it’s introduction,
['!C]PiB has been extensively used to image A pathology in a range of neu-

rodegenerative diseases.

One obvious disadvantage of PiB is that it is labelled with !'C which has a short

half-life making it infeasible to use it in centres that don’t have a cyclotron on
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site. To address this, a group of tracers based on the a similar chemical structure
but labelled with 18F were developed such as Flutametamol, Florbetaben and
Florbetapir (Saidlitz et al. 2014). Florbetapir (or equivalently [**F]AV45) showed
a sensitivity of 95% and a specificity of 95% (Newberg et al. 2012) which is the
highest reported of all the aforementioned Af tracers and Clark, Schneider, and
Bedell 2011 reported that binding had a strong agreement with post-mortem

analysis.

Static A PET data is now routinely collected in large cross-sectional and lon-
gitudinal studies (Mueller et al. 2005; Rowe et al. 2010; Haas et al. 2016). In
the United States of America, static A3 PET imaging has been approved by the
food and drug administration (FDA) to decide whether a subject is “Amyloid
positive” or “Amyloid negative”. Importantly, on its own, it cannot provide
a diagnosis of AD and in fact is more useful for “ruling out” AD (Kepe et al.
2013). Typically, scans are classified by visual inspection (Yang, Rieves, and
Ganley 2012). Negative scans exhibit binding only in the white matter which is
a consequence of known high levels of non-specific binding (Kepe et al. 2013)
whereas positive scans have increased binding in cortical grey matter (Yang,
Rieves, and Ganley 2012). Whilst this approach has shown a good level of re-
liability (Yang, Rieves, and Ganley 2012), there are still test-retest discrepancies
and it is a financially costly way of classifying images. A more desirable op-
tion would be to have an automated way of classifying scans or perhaps even
better, a reliable continuous outcome measure, calculated automatically which

summarises the global A3 burden.

Mean cortical SUVr and mean composite SUVr! have been used extensively as
a method of quantifying the global Aj burden (K. A. Johnson, Sperling, et al.
2013; Jagust, Landau, et al. 2016) in research. The reference region is often the
grey matter Cerebellum (Jack et al. 2013; Jagust, Landau, et al. 2016) although
recently using a composite white matter reference has been suggested with lon-

gitudinal data due to the observed lower lever of variability (Landau, Fero, et

'Mean cortical SUVr has the target region as all voxels in the cortex and mean composite SUVr
has the union of 4-5 large ROI as its target region. Both aim to provide a single outcome measure
for the scan which represents the global level of binding across the brain.
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al. 2015). For clinical use, it has been suggested that a cut-off value should be
used to quantitatively classify scans as positive or negative (Clark, Schneider,
and Bedell 2011; K. A. Johnson, Sperling, et al. 2013). I believe this to be miss-
ing an opportunity; there is more information in retaining the continuous out-
come measure of SUVr. By performing a binary classification, one loses most of
the information which SUVr provides. This information could prove useful in

tracking progression of disease and assessing the efficacy of novel therapeutics.

In summary, whilst A5 PET imaging provides rich information on Aj pathol-
ogy, there is a way to go before a fully automated pipeline for quantification is

used routinely both in research and in a clinical setting.

2.3 Spatiotemporal modelling of A3 in AD

Mathematical modelling allows us to characterise A3 accumulation and poten-
tially provides information on the mechanism by which this occurs. Previous
mathematical modelling in AD has provided a temporal characterisation of dif-
ferent biomarkers for AD (Jack Jr, Knopman, Jagust, Petersen, et al. 2013) but
imaging biomarkers were confined to global measures. In this section, I focus
on the spatiotemporal distribution of A3 in AD progression and review rele-
vant mathematical models for this application. Initially, I describe the known
stereotypical spatiotemporal distribution which has been characterised using
post-mortem data (H. Braak and E. Braak 1991). I then review two previous
spatiotemporal models for AD and assess the strengths and weaknesses of each.
Finally, I identify the ideal characteristics for a mathematical model for the spa-

tiotemporal distribution of A3

2.3.1 Spatiotemporal distribution of Aj in AD

In their seminal paper, H. Braak and E. Braak 1991, characterised the stereotyp-
ical regional accumulation pattern of A neuritic plaques and NFT seen in AD

using post-mortem data from 83 subjects. This Braak staging is still used today
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FIGURE 2.4: Braak Staging of amyloid pathology. The level of
deposition is categorised into 3 stages. In stage A deposition is
localised to the frontal, temporal and occipital lobe, stage B sees
pathology spread to all regions apart from the primary sensory
and primary motor field and at stage C all areas are affected.
(Image adapted from H. Braak and E. Braak 1991)

as a way to track the pathological progression of the disease. Figure 2.4 defines
three ‘Braak stages’; Stage A, Stage B and Stage C. At Stage A, low densities
of Aj deposits are found in the isocortex, particularly in the basal portions of
the frontal, temporal and occipital lobe. At Stage B there is an increase in con-
centration of Aj in almost all isocortical association areas and only the primary
sensory areas and primary motor field remain almost devoid of deposits. There
is a mild involvement of the hippocampal formation and A may be found in
the entorhinal cortex. Stage C is mainly characterised by the fact that virtually
all isocortical areas are affected, while deposits in the hippocampal formation
show the same pattern as Stage B. This spatiotemporal distribution suggests
that the regions are involved hierarchically (Thal, Riib, et al. 2002) and poten-
tially that A3 could be spreading from seed regions of the brain (Iturria-Medina
and Evans 2015).

The approach used by H. Braak and E. Braak 1991 provided the first real charac-
terisation of where in the brain A accumulates during neurodegeneration but

there is an opportunity to improve this characterisation using in vivo PET data.



2.3. Spatiotemporal modelling of A3 in AD 65

To date, large cohort cross-sectional A5 PET studies have been performed (Ja-
gust, Landau, et al. 2016) but analysis has mainly focused on classifying the
distinct clinical phases of the disease. This approach has provided relatively
little information about the way A3 plaques accumulate over time. Longitudi-
nal studies have either been restricted to short time windows of no more than 2
years (Jagust, Landau, et al. 2016) or to studying the average deposition across

the whole cortex (Jack et al. 2013).

Therefore, it is difficult with the currently available data to study the spatiotem-
poral distribution of AJ across the disease spectrum directly. However, math-
ematical modelling has been used to attempt to better understand the mecha-

nism by which A3 accumulates using datasets which are currently available.

2.3.2 Heterogeneity in A concentration: spreading from seed regions
or a result of differences in properties of the local tissue envi-

ronment?

The stereotypical accumulation pattern of AS in AD exhibits heterogeneity in
concentration of Af3 across the brain at all stages of disease but the cause of the

different concentrations is yet to be elucidated.

One hypothesis is that, A3 concentrations are determined by properties of the
local tissue environment. That is, varying levels of a given property of the tis-
sue in different regions facilitates different levels of A accumulation (Buckner,
Snyder, et al. 2005; Bero et al. 2011; Jagust and Mormino 2011; Hafkemeijer,
Grond, and Rombouts 2012; Spires-Jones and Hyman 2014). An example prop-
erty which has been investigated is neuronal activity. There is evidence that the
level of A3 accumulation is increased when neuronal activity is increased (Bero
et al. 2011). Further, correlations have been drawn between the common Ap
accumulation pattern and regions in the default mode network (Buckner, Sny-
der, et al. 2005; Haftkemeijer, Grond, and Rombouts 2012; Buckner, Andrews-

Hanna, and Schacter 2008). This network is a set of connected regions that are
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active even when the brain is not focussed on the external environment (Buck-
ner, Andrews-Hanna, and Schacter 2008). The hypothesis is that these regions
have constant increased neuronal activity which then causes increased Aj ac-

cumulation (Buckner, Snyder, et al. 2005).

A second hypothesis is that, A5 originates in a small number of seed regions
and over the duration of the disease spreads to other brain regions. In fact,
this is a combination of two hypotheses. Firstly, that misfolded forms of A/
induce misfolding in healthy forms of the molecule in what is called a prion-like
manner and secondly, that Ag spreads across the brain through white matter

connections.

The hypothesis that A3 behaves in prion-like manner is not a new one. More
than 35 years ago, Prusiner 1984 published an article with the hypothesis. More
recently, evidence from in vitro data has increased interest. Perhaps most im-
portantly, Nussbaum et al. 2012 and Nath et al. 2012 report prion-like behaviour
for AS and that the interaction with tau causes neurotoxicity. Domert et al. 2014
go further and associate the prion-like behaviour to be a consequence of poor

clearance.

Evidence for AJ spreading along white matter tracts is less compelling with
most arguments showing a correlation between the known uptake of Ajg and
the brains” white matter architecture (Brettschneider et al. 2015; Palop, Chin,

and Mucke 2006).

2.3.3 Previous mathematical models for the spatiotemporal distribu-

tion of Aj in AD

I will briefly review two previously published spatiotemporal models used for
misfolded proteins in AD. Both models hypothesise that misfolded proteins

spread along white matter tracts.

Raj, Kuceyeski, and Weiner 2012 were able to predict atrophy patterns as mea-
sured by MRI in AD using a network diffusion model. There were however,

weaknesses to the work. Firstly, the network diffusion model did not directly
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model accumulation of Aj, tau or any other specific process but rather the flow
of “disease pathology” through the brain. A higher concentration of disease
pathology was hypothesised to give greater atrophy. The interactions between
proteinaceous deposits and neuronal loss is complex, temporally nonlinear and
not yet fully understood and therefore this assumption seems an oversimpli-
fication. Secondly, the model predicts that the global amount of “disease pro-
cess” in the brain remains constant but is just distributed differently which is

not what was observed in post-mortem data (H. Braak and E. Braak 1991).

An alternative model to the one proposed by Raj, Kuceyeski, and Weiner 2012
was published by Iturria-Medina, Sotero, et al. 2014. They applied an epidemic
spreading model to A PET data . Similar models have been used to describe
a wide range of processes from modelling the spread of an infective disease
across planet earth to the spread of forest fires (Barthelemy et al. 2005). In
this setting, Iturria-Medina, Sotero, et al. 2014 model the spread of Af across
the brain from an epicentre where accumulation is hypothesised to originate.
Importantly however, the epicentre had a production rate and each individual
region had it’s own clearance rate meaning that the global load of Aj in the
model could increase. The validity of the model was tested on cross-sectional
Ap data. Initially, ['8F]-AV45 SUVr values for cortical regions were converted
into a probability that each region was in an “infested state”. These probabil-
ities were the data that the model was fitted to. After fitting the model to the
data results indicated that poor clearance rather than increased production may

be the cause of Aj aggregation (Iturria-Medina, Sotero, et al. 2014).

The model proposed by Iturria-Medina, Sotero, et al. 2014 is a great improve-
ment however it does not predict SUVr values directly which means that in-
terpretation of the findings can be difficult. One is forced to ask the question;
if a region has a probability of 1 that it is in an infested state, what does that
imply? A model which predicts SUVr values would be far more appealing and
may lead to easier interpretation of the results. Finally, the model proposed

by Iturria-Medina, Sotero, et al. 2014 didn’t show a direct comparison between
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production of Aj in every region and production only occurring in an epicen-
tre. To evaluate the hypothesis that distal spreading is a key process in the build
up of Aj pathology, it would be desirable to be able to compare an equivalent

models which had only local processes and no distal spreading.

An ideal model for the spatiotemporal distribution of A5 would accurately de-
scribe the spatiotemporal distribution of A5 in AD similar to that of the one
proposed by Iturria-Medina, Sotero, et al. 2014 but it should also SUVr values
directly because then one would be able to provide a predicted SUVr for all
stages of the accumulation process which makes the model easily applicable to
other data and falsifiable. Additionally, it would be beneficial if results from the
model could provide information regarding the processes that drive accumula-
tion rather than just fit the data. As previously stated, Iturria-Medina, Sotero,
et al. 2014 only presented a spreading model rather than comparing a spreading
model to an equivalent non-spreading model and an ideal model would allow

the importance of different processes to be tested.

24 Corticobasal degneration

CBD is a rare neurodegenerative disease associated with movement abnormal-
ities or Parkinsonism, behavioural and cognitive symptoms. It was first iden-
tified by Rebeiz, Kolodny, and Richardson 1968 and now it has been classified
as one type of a group of neurodegenerative diseases called FTD (V. M.-Y. Lee,
Goedert, and Trojanowski 2001). Patients usually experience the first symp-
toms over the age of 40 and a typical disease duration is 7 years (Mahapatra

et al. 2004).

Prevalence estimates of CBD are poor due to a shortage of high quality data.
It is estimated there are 4.9-7.3 cases per 100,000 individuals (Mahapatra et al.
2004; Winter et al. 2010) however these results only come from a small number

of studies and these numbers should be treated with caution.
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It is difficult to accurately diagnose CBD due to the overlapping symptoms with
other neurodegenerative diseases such as AD and other FTDs. Often, a reliable
diagnosis can only be achieved with a neuropathological examination (Kouri
et al. 2011). It been estimated that 25-56% of cases are correctly diagnosed ante-
mortem (Litvan et al. 1997; Armstrong et al. 2013). This wide range reflects the

lack of good quality prevalence data.

The core neuropathological feature of CBD is elevated levels of tau protein (see
a more detailed outline of this in subsection 2.6.1). Similar to AD, tau accumula-
tion is thought to drive atrophy in CBD. Structural T1-weighted MRI scans have
revealed levels of atrophy are asymmetric with the motor, frontal and parietal

cortices being primarily affected (Boxer et al. 2006).

Disease pathology as measured by neuroimaging could improve the accuracy
of diagnosis markedly as there is less overlap between the neuropathological
features of CBD and other neurodegenerative diseases than there is in the clini-
cal presentation. This in turn, is likely to provide neuropathological insight and

speed up the development of disease-modifying treatments.

2.5 Traumatic brain injury

TBI is becoming a heavy socio-economic burden throughout the world. Al-
though, high-quality prevalence figures are hard to obtain, it was recently esti-
mated that 3.7 million people have suffered TBI in Europe alone (Gustavsson et
al. 2011). The financial cost of caring for these patients is becoming prohibitively

high.

There has been some controversy over the definition of TBI (Roozenbeek, Maas,
and Menon 2013). Menon et al. 2010 introduced the following definition; “TBl is
defined as an alteration in brain function, or other evidence of brain pathology,
caused by an external force”. In the definition, the authors add explanation that

the external force could be the head being struck by an object, the head striking
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an object, the brain undergoing an acceleration movement without direct exter-
nal trauma to the head, a foreign body penetrating the brain, forces generated
from or events such as a blast or explosion. In my opinion, the definition given
by Menon et al. 2010 has some ambiguity, particularly surrounding what is de-
fined to be an “alteration in the brain”, but it does provide the first attempt to
define TBI in one simple statement, which is necessary in order to obtain better

prevalence figures.

Patients suffering TBI often go on to have poor outcomes after the initial in-
jury. Alongside, increased morbidity and mortality rates (Tagliaferri et al. 2006),
patients often develop behavioural problems many years after the initial in-
jury (Sharp, Scott, and Leech 2014; Mckee and Daneshvar 2015). It is well
known that TBI is a risk factor for developing progressive disorders of cognitive
impairment leading to dementia (Fleminger et al. 2003; Plassman et al. 2000; Lye
and Shores 2000). Indeed, TBI is has been estimated to cause a 2-4 fold increase
in risk of developing dementia in later life (Medicine 2009; Shively et al. 2012). It
is also a risk factor for a wide range of neurodegenerative diseases such as AD,
Parkinsons disease, amyotrophic lateral sclerosis (ALS), and Creutzfeldt-Jakob
disease (CJD) (Mckee and Daneshvar 2015). Post-mortem studies have revealed
Ap plaques and NFT are found in subjects who suffered a single or multiple
TBI (Gentleman et al. 1997; Ikonomovic et al. 2004; DeKosky et al. 2007; Mc-
Kee, Cantu, et al. 2009; Mez et al. 2017) and some believe this to be the link
between TBI and dementia (Shively et al. 2012; Mez et al. 2017). More evidence
that long-term effects of TBI can include neurodegeneration comes from chronic
traumatic encephalopathy (CTE). CTE is a neurodegenerative disease caused by
repeated mild TBI often resulting from sports and blast injuries (McKee, Cantu,
et al. 2009). The tau pathology of CTE is unique from other neurodegenerative
diseases in that its has a different spatial distribution in the brain (see section

2.6.1) (Stein, Alvarez, and McKee 2014).

One of the greatest problems with studying the chronic effects of TBI is that it

is difficult to determine whether a TBI caused neurodegeneration and cognitive
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decline or whether it just happened before already inevitable neurodegener-
ative disease such as AD. If dementia is caused by TBI, then the connection
between the acute injury and the chronic phase is still poorly understood and
a greater understanding of the pathophysiological changes and their causes is
paramount. This knowledge will guide the development of therapeutics to me-

diate these changes and give potentially patients a better outcome after TBI

2.6 Imaging tau in vivo using PET

A consistent finding in histopathological studies of neurodegenerative diseases
is the presence of misfolded tau protein. It was first isolated as the major con-
stituent of NFT in AD by Grundke-Igbal et al. 1986. In this section, I review the
developments and challenges of imaging tau protein in vivo using PET. First, I
consider the target of interest. Tau has different presentations in vivo in both in
its spatial distribution and its structure. These presentations cause the level of
radiotracer binding to vary greatly between different disease groups. Second,
I introduce the desirable features for a tau PET radiotracer and finally I review
tau PET radiotracers which have been used to date. Importantly, by combining
information from both in vivo and post-mortem studies I investigate limitations

of the current tau tracers.

2.6.1 Tauin neurodegenerative diseases

Tau is a microtuble associated protein. In healthy brain, microtubules aid in
the structural integrity and morphology of neurons and the assembly and sta-
bility of microtubules, in turn, are maintained by microtubule-associated pro-
teins (H.-G. Lee et al. 2005). Tau occurs in 6 different isoforms which are split
into two classes; 3-repeat (3R) and 4-repeat (4R) isoforms. In healthy brain, the
ratio between 3R and 4R tau is 1:1. When tau accumulates, this ratio is often
affected. Tau can aggregate in different conformations such as paired helical
filaments (PHF) and straight filaments. I will briefly outline the key features of
the tau deposits seen in AD, TBI and CBD.
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Tau accumulation in TBIand AD  AsIhave previously mentioned, NFT which
are primarily formed of hyperphosphorylated tau protein are one of two patho-
logical hallmarks of AD and similarly, TBI subjects often have widespread tau
pathology at post-mortem (McKee, Cantu, et al. 2009; D. H. Smith, V. E. John-
son, and Stewart 2013). Aggregated tau is thought to play key role in neurode-
generation as post-mortem studies have shown that there is a strong correlation
between the NFT load and cognitive ability in a variety of neurodegenerative
diseases ( Nelson et al. 2012; Ikonomovic et al. 2004; Mitsis et al. 2014; McKee,
Cantu, et al. 2009). Hyperphosphorylation is thought to lower the ability of tau
to bind with microtubules which in turn causes tau aggregation (Grundke-Igbal
et al. 1986). Tau aggregation causes PHF and NFT to form in the intracellular
space (Hoenig et al. 2017). The aggregates are formed of both 3R and 4R iso-
forms however McKee, Stein, et al. 2013 have reported less 3R tau in CTE. The
spatial distribution of tau in AD has been extensively studied. A characterisa-
tion into 6 Braak stages (Stage I to Stage VI) was performed by H. Braak and E.
Braak 1991 using post-mortem data from 60 subjects. Initially, tau deposits are
confined to the entorhinal cortex but as the disease progresses, the rest of the
temporal lobe is affected and by the Stage VI tau pathology is seen in the whole
isocortex. A full characterisation in subjects with only a single TBI has yet to
be performed, however the spatial distribution of tau in CTE has been studied
where McKee, Stein, et al. 2013 discovered distinctive perivascular NFT and an
irregular cortical distribution of tau but with higher concentrations observed in

the sulci of the cortex.

Tau in CBD Patients with CBD, like AD and TBI, have elevated levels of tau
which are thought to play a key role in the disease. There are however, differ-
ences in the way it accumulates. The accumulated tau is hyperphosphorylated
4R-tau only and accumulates to form swollen, achromatic neurons and astro-
cytic plaques (Komori 1999; Wakabayashi and Takahashi 2004) rather than PHF
and NFT. The spatial distribution of the aggregated tau is also different. The
most affected areas are the frontal lobe, parietal lobe and the basal ganglia and

accumulation occurs in both the grey and the white matter (Forman et al. 2002).
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In stark contrast to AD, the occipital lobe remains devoid of tau pathology (For-

man et al. 2002).

In summary, the role of tau in neurodegenerative diseases is far from being elu-
cidated however all the evidence from post-mortem studies points to it playing
a key role in pathogenesis. Post-mortem assessments give an accurate measure-
ment of tau levels post-mortem but a key step in understanding more will be

quantifying tau pathology in vivo.

2.6.2 Radiotracer design for tau PET

An ideal radiotracer for neuroimaging will be non-toxic, cost-effective and eas-
ily synthesised molecule which is lipophilic enough to cross the blood-brain
barrier (Villemagne and Okamura 2014). Further, it should exhibit a high selec-
tivity and specificity for the target of interest, exhibit a low level of non-specific
binding and therefore produce a high signal-to-noise ratio (Villemagne, Furu-
moto, et al. 2014). Finally, tracers should be rapidly cleared from the blood (Laru-
elle, Slifstein, and Huang 2003; Pike 2009). A tracer which is cleared rapidly is
described as having fast kinetics and this is important for a tracer as it means
the system gets closer to equilibrium in the duration of a scan and allows for

more accurate quantification.

For tau tracers, selectivity is an especially important issue. Developed tau trac-
ers have been designed to bind to the structure of PHF however this structure
is not unique (Okamura, Harada, et al. 2014). A5 has a similar structure and the
availability of Ag deposits is thought to be approximately 5-20 times greater
than that of tau Villemagne and Okamura 2014. Simulations suggest that this
implies that a tau tracer will require at least a 20-50 fold selectivity for PHF over

Ap to give reliable data in the presence of both pathologies (Schafer et al. 2012).

As has previously been mentioned, there are two classes of aggregated tau - 3R
and 4R - and level of expression of each of these classes is different in different
neurodegenerative diseases. Only by characterising the binding to both these

classes, is it possible to decide what an elevated signal implies. If one wants to
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quantify the total tau load on a subject, then tau tracers need to have similar
affinities for both classes. In future, it may be useful to develop tracers which

are specific to different isoforms.

Several novel tracers have been developed with the aim of giving reliable quan-
titative data on the expression of tau in vivo. Here, a brief review of the data

produced is presented.

['®FIFDDNP In the early part of the previous decade the first attempts to de-
velop a tracer for imaging AD pathology were made. ["®FJFDDNP was one of
the early candidates (Agdeppa, Kepe, Liu, Flores-Torres, et al. 2001; Agdeppa,
Kepe, Liu, G. W. Small, et al. 2003; G. W. Small et al. 2006). One of the first draw-
backs when considering this tracer for imaging tau is that it is not selective for
tau over A (Shoghi-Jadid et al. 2002) which means interpretation of increased
signal is difficult. More importantly however, this tracer was found to show
little to no binding to A or tau in multiple in vitro studies (Thompson et al.
2009; Ni et al. 2013). This means the in vivo signal seen using the tracer could
well be to do with non-displaceable binding. This is backed up when the tracer
is compared with A tracers in vivo. One is unable to differentiate between cog-
nitively impaired groups and healthy controls using ['*F]JFDDNP as all groups
show similar uptake (Tolboom et al. 2009). Thus, this tracer is not suitable for

giving accurate quantification of tau pathology in vivo.

Quinoline derivatives - [\ FITHK523, [\ FITHK5105, ['8FITHK5117 and ['* FITHK5351
In an attempt to address the lack of selectivity of tau over A3, Fodero-Tavoletti,
Okamura, et al. 2011 developed a radiolabelled ligand for imaging tau specifi-
cally. ['8F]THK523 showed binding co-localised with tau pathology in autora-
diographic studies and low binding to A plaques. However, in vivo, it was
found to have high levels of non-specific binding to white matter (Villemagne,
Furumoto, et al. 2014) which makes visual interpretation of the scans difficult.
Further, in vitro results suggest that there is little binding to lesions in non-AD

tauopathies (Fodero-Tavoletti, Furumoto, et al. 2014).
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['8F]ITHK523 was iterated on, in an attempt to increase the selectivity and re-
duce the level of non-specific binding. Two compounds were discovered which
showed favourable properties in vitro, namely [\*FITHK5105 and ['*F]THK5117 (Oka-
mura, Furumoto, et al. 2013). Initial studies of ['®F]THK5105 in humans were
promising; regional SUVr values in the temporal lobe were 10% higher in sub-
jects with AD compared to healthy controls and uptake correlated with cogni-
tive parameters unlike many A/ imaging studies. Almost identical results were
achieved by the same lab a year later using [\®FITHK5117 (Harada, Okamura,
Furumoto, Furukawa, Ishiki, Tomita, Hiraoka, et al. 2015). Whilst these were
important findings, I am of the opinion that choosing to quantify the images
with SUVr without having ascertained the optimum imaging time window was
premature. Indeed, this was further investigated by Jonasson et al. 2016 and
it was found that SUVr overestimated binding when compared to full kinetic
analysis with an arterial input function. It was also tested in subjects with
non-AD neurodegenerative diseases including a subject with CBD (Chiotis et
al. 2016) and initial results showed high retention and a different spatial pattern

of uptake to AD.

Yet more compound optimisation produced another tracer, [\*F]ITHK5351. Ini-
tial in vitro and in vivo experiments showed the tracer showed an even greater
selectivity for tau over A and the highest signal-to-noise ratio of all the tested
compounds (Harada, Okamura, Furumoto, Furukawa, Ishiki, Tomita, Tago, et
al. 2016). Importantly, the tracer was tested in non-AD neurodegenerative dis-
eases (CBD and progressive supranuclear palsy) in vivo (Kikuchi et al. 2016;
Ishiki et al. 2017). Both studies showed greater uptake in patient groups when

compared with controls.

All this evidence suggests that ['®F]THK5351 could be a good tracer for quan-
tifying tau accumulation in vivo. However, Ng et al. 2017 published a paper
this year showing problems with the selectivity of the tracer. 60% of the specific
signal of the tracer can be blocked by selegiline which is a compound known
to block monoamine oxidase B (MAO-B). This is strong evidence that there is

“off-target” specific binding and therefore interpretation of increased signal is
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difficult. This is particularly true since MAO-B is known to increase with age
and cognitive measures often decline with age. Any correlation between de-
cline in cognitive performance and increased tracer binding could result from
off-target binding rather than increased tau. Off-target binding may well also
explain the apparent discrepancy between binding in vitro and in vivo in non-
AD neurodegenerative diseases as it possible that the increased binding seen in
studies involving subjects with CBD and progressive supranuclear palsy could

have resulted from increased MAO-B rather than a greater tau burden.

[''CIPBB3 [!!C]PBB3 is the tracer that has a higher affinity for tau (Kimura,
Ichise, et al. 2015) than all the tracers I have previously discussed. There are
however, some serious drawbacks. The main one being that, it has been shown
metabolites of [M'C]JPBB3 cross the blood brain barrier (Hashimoto et al. 2015;
Kimura, Ichise, et al. 2015). This means the metabolite can enter the brain but is
unlikely to bind to tau. This causes problems with quantification. In addition to
this, typically the concentration in the plasma available to cross the blood brain
barrier is taken from the parent compound. This is not true with [''C]PBB3
and therefore calculations of volumes of distribution will be invalid. Attempts
have been made to quantify tau in the brain despite the existence of metabo-
lites that enter the brain (Kimura, Ichise, et al. 2015; Kimura, Endo, et al. 2016),
however validation of these novel methods is difficult. Only with post-mortem
studies of subjects who recently had a ['!C]PBB3 scan would one really be able
to ascertain this information. Until this has been performed, all results should
be treated with caution. In addition, the blood-brain barrier penetration is low

and therefore the signal to noise ratio in the tissue is poor.

Finally, this compound is radiolabelled with ['C]. Even if the quantification
of tau could be validated, its wider use could be hindered by the fact that it
requires a cyclotron on-site for its implementation. A compound with a longer

half-life would be more desirable.
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['®F]1AV1451 and ['®F]T808 The most widely used radiotracer today for imag-
ing tau is ["®F]JAV1451. It was introduced by Xia et al. 2013 under its original
name of ['8F]T807. The tracer showed strong binding in vitro to the aggregated
PHF form of tau in human brain sections and immunohistochemistry showed
that the tracer was selective to tau pathology with no visible binding of A/ de-
posits. In mice, the tracer crossed the blood-brain barrier and exhibited fast

kinetics (Xia et al. 2013).

At a similar time the results from a study using ['®F]T808, another potential
tracer developed by the same group with a similar structure to ['®F]T807, were
published (Chien, Szardenings, et al. 2014). Whilst the study showed that it has
faster kinetics, it was reported that there was a high level of defluorination and

as it stands, the defluorination will halt the progression of this tracer.

Chien, Bahri, et al. 2013 used ['8F]T807 to scan three healthy controls and three
cognitively impaired subjects. The reported cortical uptake of the tracer demon-
strated a spatial distribution that correlated well with the known pattern of tau.
In addition to this, the group noted that there was low retention in white matter

and the level of uptake correlated well with the disease severity.

The intellectual property of the production of ['®F]T807 was bought by Avid

radiopharmaceuticals and as such the tracer has been renamed ['*F]AV1451.

2.6.3 [®F]AV1451 in AD and non-AD studies

AD studies The most widely studied disease with [!8F]AV1451 is AD. As
previously mentioned, the first in man study conducted by Chien, Bahri, et
al. 2013 concentrated on AD and MCI but only with small numbers. Since
then, larger studies have been conducted, most notably by Avid radiophar-
maceuticals themselves (K. A. Johnson, Schultz, et al. 2016). Consistent with
Chien, Bahri, et al. 2013, they found elevated neocortical uptake of the tracer in

Alzheimer’s disease patients when compared to controls.
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Of particular note, has been the investigation into the relationship between A/
and tau. Five studies have focussed on this relationship using PET only by scan-
ning subjects with both ['®F]AV1451 and an established A radiotracer (K. A.
Johnson, Schultz, et al. 2016; Lockhart et al. 2017; Vemuri, Lowe, et al. 2017; To-
sun et al. 2017). They all show a weak positive correlation between increased
tau binding and AS burden. This result is interesting but in my opinion, the
more important question is how they interact. Is one a downstream event from
the other? Looking further ahead, it will be interesting to see whether we can
provide evidence for or against the hypothetical model for biomarkers intro-
duced by Jack Jr, Knopman, Jagust, Shaw, et al. 2010. To elucidate this, exten-
sive longitudinal studies will have to be performed. Similarly to previous find-
ings from post-mortem data, these studies found that, unlike A3, tau burden
correlates well with cognitive scores (Ossenkoppele et al. 2016; K. A. Johnson,

Schultz, et al. 2016; Pontecorvo et al. 2017).

Recently, there has also been a focus on how [®F]AV1451 will be used in the
clinic (Jack Jr., Bennett, et al. 2016; Jack Jr., Wiste, et al. 2017). Jack Jr., Wiste,
et al. 2017 tried to define cut-off points for abnormal tracer uptake levels. This
strategy is appealing as it will give a simple positive or negative outcome from
a scan in a similar way to what is common for an A3 PET scan. However, I think
this method may be too simplistic as the combination of the spatial distribution
and the intensity of the signal may hold more information when attempting to
track a subjects’ tau pathology. In their seminal paper, H. Braak and E. Braak
1991, could only define three different levels of A accumulation but could de-

fine six Braak stages for tau based on its spatial distribution.

Non-AD studies In vivo, use of ['®F]AV1451 outside of AD has been far less
extensive. Isolated studies have looked at progressive supranuclear palsy (Cho
et al. 2017; Passamonti et al. 2017; R. Smith, Schain, et al. 2017; R. Smith, Scholl,
Honer, et al. 2017), cerebral amyloid angiopathy (Kim et al. 2017), dementia
with lewy bodies (Kantarci et al. 2017) and CBD (R. Smith, Scholl, Widner, et al.
2017).
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In progressive supranuclear palsy, the results are inconclusive. An increased
binding in patient groups when compared to controls was observed in midbrain
and the basal ganglia (Passamonti et al. 2017). However, the binding did not
correlate with the severity of the symptoms but did correlate with age in both
healthy controls and patients (R. Smith, Schain, et al. 2017). Combining these
results with the fact that K. A. Johnson, Schultz, et al. 2016 report a high signal
in the substantia nigra in both AD and healthy controls which is inconsistent
with the tau distribution found in AD post-mortem studies (H. Braak and E.
Braak 1991; Thal, Attems, and Ewers 2014), this raises the possibility of off-
target specific binding for ['*F]AV1451.

The study performed by R. Smith, Scholl, Widner, et al. 2017 involved scanning
8 patients with CBD, 17 healthy control and 31 AD patients with the aim of
characterising the differences in uptake between the groups. They were able to
distinguish the three groups by their scans; AD subjects showed elevated up-
take in cortical areas as expected when compared to controls whereas increased
uptake was confined to the corticobasal tract and basal ganglia in subjects with
CBD. In all subjects (both patients and healthy controls), there was high uptake
in the basal ganglia which again raises the question of how much of the signal is
specific to tau. The main PET outcome measure in this study was SUVr. I think
to use this measure without validation is premature. Signal intensity could be
affected by the time window chosen. A validation of the use of simplified meth-
ods such as reference tissue models or SUVr has yet to be performed in subjects

with CBD.

In vitro, post-mortem and CSF studies The main concern raised from results
from in vivo experiments using ['®F]AV1451 regards the selectivity of the tracer
for tau. In the development of tau tracers there has been extensive work char-
acterising the selectivity over AJ but less looking at characterising any other

off-target binding. Following the in vivo results, two groups researched this
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and independently observed off-target binding to neuromelanin (Marquié, Nor-
mandin, Vanderburg, et al. 2015; Lowe et al. 2016). This also resulted in in-
creased understanding of the level of binding to different isoforms and forma-
tions of tau. It was shown that, binding is highest in paired helical filaments
in diseases which have both 3R and 4R isoforms (Lowe et al. 2016) such as AD.
There was a lower affinity of the tracer for straight filaments and low binding
in non-paired helical filament containing sections of brains of subjects with pro-
gressive supranuclear palsy and CBD (Marquié, Normandin, Vanderburg, et al.
2015). This initial work was followed up by Marquié, Normandin, Meltzer, et al.
2017 where in vivo ['®F]AV1451 binding for a subject with progressive supranu-
clear palsy was compared with post-mortem quantification. It was shown that
all the binding observed in vivo was either due to paired helical filaments in
the entorhinal cortex (which the authors hypothesised was part of the normal
ageing process) or off-target binding to neuromelanin. A similar study was
performed by R. Smith, Puschmann, et al. 2016 but in a subject with a muta-
tion in the MAPT gene which is involved in the encoding of tau. They found a
statistically significant correlation between regional ['8F]AV1451 SUVr and the
post-mortem regional quantification of tau. Consistent with previous results
however, this was not true in the putamen where the SUVr was high but there
was little detected tau pathology post-mortem. More recently, more selectivity
issues with the tracer have been identified as it has been shown that it binds
to monoamine oxidase A (MAO-A) (Vermeiren et al. 2017). MAO-A binding is
more problematic as its expression is co-localised with tau pathology in many

diseases.

The in vitro work so far with ['®F]JAV1451 allows us to have confidence tau in
paired helical filaments in the cortex will produce a robust signal in vivo, how-
ever this is only part of the tau burden and any straight filaments will show little
to no signal. Also, any inferences made based on results from the basal ganglia
should be treated with caution as the selectivity of the tracer in these regions is
poor. Lowe et al. 2016 make the important point that clinical use of the tracer in

different disease types will only be possible following a full characterisation of
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the binding sites.

In vivo quantification of ['®FJAV1451 As has been previously mentioned, the
majority of studies involving ['®F]AV1451 have used SUVr as the primary out-
come measure. This simplified measure is attractive as it is cost-effective and
easy to compute but its use should be validated against full quantitative analy-

sis with an arterial input function.

Two studies have focussed on obtaining the optimum kinetic modelling ap-
proach for ['8F]AV1451 (Wooten et al. 2017; Golla et al. 2017). Both studies re-
cruited healthy controls and AD patients and Wooten et al. 2017 also included
three subjects that had suffered a TBI. The results between the studies are broadly
consistent; both found the optimum model to be a reversible 2-tissue compart-
mental model when considering all the subjects as one group (although Golla
et al. 2017 found the reversible 1-tissue compartmental model to be optimal if
only the healthy controls were considered and Wooten et al. 2017 found this to
be true in some subjects showing little uptake). The correlation between SRTM
and the 2-tissue compartmental model was found to be strong (R? = 0.87 (Golla
et al. 2017)) and this was also true for SUVr (R? = 0.96 (Wooten et al. 2017)
and R? = 0.84 Golla et al. 2017)). Wooten et al. 2017 showed that the system
reaches “pseudoequilibrium” at a late time window of 80-100 min and there-
fore this should be used as the optimum time window for SUVr. I would claim
that if a system is in “pseudoequilibrium” then it has not reached equilibrium
and therefore an even later scanning window may be better in that it will be
independent of the scanning window chosen. Where I agree with the authors
however, is that I think 80-100 mins represents an optimum trade off between a

good quantification and a scanning protocol which is easy to implement.

The body of in vitro literature analysing the binding characteristics of [18F]AV1451
has shown different behaviour of the tracer in progressive supranuclear palsy
and CBD. It therefore is important to perform similar studies to those conducted
by Wooten et al. 2017 and Golla et al. 2017 in these disease groups to have con-

fidence in using simplified methods for quantification in future studies.
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2.7 Outline of the remainder of the thesis

In the first two chapters, I have introduced the imaging modalities of MRI and
PET and shown how they can be used to study neurodegeneration. In this

section I will outline how this thesis aims to add to research in this field.

In chapters 4 and 5, I model the spatiotemporal distribution of A3 in AD using
two different models. In chapter 4, I use a network diffusion model similar to
the one used by Raj, Kuceyeski, and Weiner 2012 but I improve the model by
adding parameters for production and clearance. In chapter 5, the methodology
of chapter 4 is improved to produce a chronological dataset representing the
spatiotemporal distribution of A in AD. This dataset is then modelled using
a novel four-parameter logistic growth model and the results are used to infer
characteristics that drive the observed stereotypical spatiotemporal distribution
of Aj3. Parametric maps for two of the four parameters in the logistic growth
model are generated in chapter 5 by fitting the model at the voxel-level and in
chapter 6 these maps are used to define a novel outcome measure for the global
Ap burden, amyloid load AB; which can be obtained from static [\*F]AV45
scans. This outcome measure is compared to mean cortical SUVr in both cross-
sectional and longitudinal data. In chapter 7 the focus switches from Af to
tau. An image analysis pipeline is developed to quantify [!®F]AV1451 uptake
in vivo in healthy controls and CBD. SRTM and static images are investigated to
find out if less invasive and more cost-effective scanning protocols are possible
options for future studies. In chapter 8, SRTM is used to quantify [¥F]AV1451
uptake at the ROI and voxel-level in a large study which aims to investigate
whether suffering a TBI increases tau expression. The thesis is concluded in

chapter 9 and recommendations for future studies are made.
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Chapter 3

Datasets and preprocessing

This thesis performs mathematical modelling on a variety of different types
of PET data. This chapter is dedicated to providing detail of these data were
preprocessed so that the mathematical modelling could be performed. Each
section outlines not only the data and the preprocessing but also where in the

thesis this data is used.

3.1 Static ['FIAV45 A3 PET imaging data

Chapters 4, 5 and 6 use freely available large static ['*F]AV45 PET imaging data
to analyse the progression of A3 in AD. All of this work requires the images
downloaded from these databases to be preprocessed and spatially normalised
to MNI152 space. In this section, the databases themselves are introduced and

methodology for registering the images to MNI152 space is explained.

3.1.1 Alzheimer’s disease neuroimaging initiative

Static [\8F]AV45 images and structural T1-weighted MRI were downloaded from
the Alzheimer’s disease neuroimaging initiative (ADNI). ADNI describe the

initiative in the following way,

“The ADNI was launched in 2003 as a public-private partnership, led by Principal In-
vestigator Michael W. Weiner, MD. The primary goal of ADNI has been to test whether

serial MRI imaging, PET, other biological markers, and clinical and neuropsychological
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assessment can be combined to measure the progression of mild cognitive impairment

and early Alzheimer’s disease. For up-to-date information, see www.adni-info.org.”

ADNI is a multi-centre imaging initiative and as such the structural MRI and
['®F]AV45 images were obtained on a range of different scanners. PET and MRI
are visually QC’d for excessive motion, artefacts and to ensure the entire brain
is in the field of view before the images are made available to download (Jagust,

Landau, et al. 2016).

['8F]AV45 PET scans consisted of a 20-minute scan window 50 minutes after
injection of a target dose of 370 MBq of ['®F]JAV45 according to the standardised
ADNI protocol.

There were 3 image pre-processing steps applied to the data prior to entry
into the ADNI imaging database (For full details, see http://adni.loni.usc.edu
/methods/pet-analysis/pre-processing). Briefly, four five min frames are co-
registered and averaged. The resulting image is converted to a 160x160x96
voxel static image with voxel dimension of 1.5mmx1.5mmx1.5mm. Finally, an
8mm full width half maximum gaussian filter was applied (corresponding to
the lowest resolution scanner used in the study). Finally, the intensities were
normalised to the grey matter cerebellum as defined using Freesurfer which
created SUVr images. I downloaded these SUVr from the ADNI database and

used them in the subsequent analyses.

This thesis used both longitudinal and cross-sectional data from ADNI which

were downloaded from the ADNI website.

Cross-sectional ADNI dataset
All work in Chapters 4, 5 and some work in Chapter 6 was performed on static
['8F]AV45 images obtained from 769 subjects in the ADNI imaging database.

For each patient, a structural T1-weighted MRI and a static PET image and a

diagnosis was downloaded where the diagnosis was one of four categories;
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HC EMCI LMCI AD Total Study
Number 211 233 203 132 769
Age (std dev) | 73.9 (7.23) | 73.2(7.69) | 74.2(8.56) | 75.7 (6.92) | 74.1(7.71)

TABLE 3.1: Size and ages of different groups in the cross-
sectional ADNI dataset

healthy control (HC), early mild cognitive impairment (EMCI), late mild cog-
nitive impairment (LMCI) or Alzheimer’s disease (AD). The sizes and ages of

the different groups are summarised in Table 3.1.

Longitudinal ADNI dataset

147 subjects from the cross-sectional study with the diagnosis of EMCI un-
derwent a follow-up MRI and ['8F]AV45 scan two years after baseline (mean
1.96 years standard deviation 0.12 years). These were also downloaded and are

used for the longitudinal data analysis in Chapter 6.

3.1.2 Dallas lifespan brain study

A separate cross-sectional dataset consisting of structural MRI and static ['8F]AV45
scans were downloaded from the Dallas lifespan brain study. The organisers

describe the aims of this project as,

“The Dallas Lifespan Brain Study (DLBS) is a major effort designed to understand the
antecedents of preservation and decline of cognitive function at different stages of the
adult lifespan, with a particular interest in the early stages of a healthy brain’s march
towards Alzheimer Disease. The DLBS aims to (1) understand how brain atrophy as
well as accumulation of amyloid and tau affects healthy aging and cognition, (2) un-
derstand how the brain develops “neural scaffolds” to support cognition, and also (3)
develop a corpus of research on the cognitive neuroscience of middle age. The DLBS
is one of the most complete studies of the aging mind that is available, particularly in
the United States, and can address many important hypotheses regarding the cognitive

neuroscience of aging.”
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The dataset used here consisted of 147 subjects aged between 20 and 89 years
(mean age 62.8 years). The study imaging protocol is outlined in full on the Dal-

las lifespan brain study website - http:/ /fcon_1000.projects.nitrc.org /indi/retro/dlbs.html

Here I will just outlined the key elements. Each participant received a struc-
tural MRI on a Philips 3T scanner and a static ['®F]AV45 scan conducted on a
Siemens ECAT HR PET scanner. All participants were injected with a target
dose 370 MBq of ['®F]AV45. The structural MRI and ['®*F]AV45 were not per-
formed on the same day and the time between the two scans ranged from 0.3 to
19 months. The static PET images were formed by averaging two five minute
frames that were obtained 50 min post-injection. Reconstruction of the image
was done using filtered back projection and a 6mm full-width half maximum
Gaussian filter. These reconstructed images were downloaded from the Dallas

lifespan brain study database.

3.1.3 Spatial normalisation of static ['"®F]AV45 A3 images into MNI152

space

['8F]AV45 static images were nonlinearly registered into Montreal Neurological
Institute 152 space (MINI152 space) using a diffeomorphic nonlinear registra-
tion (DARTEL) (Ashburner 2007). Initially, the structural MRI images were seg-
mented into grey matter and white matter using the software package SPM12
using the unified segmentation algorithm (Ashburner and K. J. Friston 2005) -
see Figure 1.1 for a typical output. The segmented images were used to cre-
ate a DARTEL template. Separate DARTEL templates were created for the
cross-sectional ADNI data and the Dallas lifespan brain study images. DAR-
TEL flowfields from each subjects” MRI to the group DARTEL template were
formed and the group average template was then registered to MNI152 space
using an affine registration. Each ['®F]JAV45 SUVr image was registered to the
their corresponding structural MRI using a rigid-body registration. Finally, the
individuals” DARTEL flow field and template transformation was applied with-
out modulation resulting in ['8F]AV45 images in MNI152 space. The spatially

normalised maps were spatially smoothed (8mm full width at half maximum
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Gaussian kernel). Each registration was visually assessed to check the quality
of the registration. 10 registrations failed QC from the original 779 images in
the ADNI cross-sectional data meaning there 769 subjects were included in the
analysis (see Table 3.1). One registration out of 148 failed QC in the Dallas lifes-
pan brain study meaning the dataset consisted of the 147 images outlined in

sub-section 3.1.2.

As the Dallas lifespan brain study images had not had their intensities nor-
malised by a reference region this was done after the images had been spatially
normalised. The grey matter cerebellum was defined using the combination
of an atlas and template grey matter probability map. Reference region voxels
were defined to be the intersection between voxels that had a grey matter prob-
ability greater than 0.5 and those that were in the cerebellum region of the CIC
atlas (Tziortzi et al. 2011). Image intensities were divided by the mean intensity

of the reference region voxels to create SUVr images.

3.2 Calculating regional SUVr

Regional SUVr and a mean cortical SUVr were calculated for the cross-sectional
ADNI data for three different parcellations of the brain using the CIC neu-
roanatomical atlas (Tziortzi et al. 2011); one which had 90 cortical and subcorti-
cal regions, one which was restricted to 76 cortical regions and one which had
nine large regions covering the whole brain. The ROIs were applied to the spa-
tially normalised SUVr images in order to derive regional SUVr values for each
subject. The cortical SUVr value was obtained by calculating the mean SUVr

value for all 76 cortical regions (weighted by region volume).

3.3 Dynamic ['*F]AV1451 PET imaging data

In Chapter 7, the kinetics of the novel tau PET radiotracer are investigated in a

study involving subjects suffering from CBD and in Chapter 8 the same tracer is
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used to attempt to quantify tau accumulation in vivo in subjects who have suf-
fered a TBI Both of these studies use dynamic ['*®F]AV1451 PET data. In this sec-
tion, this data is introduced and the preprocessing and motion correction steps
are outlined. The result from these steps is dynamic motion corrected 2 mm
isotropic images which are co-registered to each subjects structural MRI which
are used to for the kinetic modelling analysis that is performed in Chapters 7

and Chapter 8

3.3.1 Tauin CBD

16 subjects (8 healthy controls, 8 CBD) underwent a structural T1-weighted MRI
scan and a dynamic 120 minute ['®F]JAV1451 PET scan which were performed

at Imanova Ltd, London, UK.

T1-weighted structural MRI Scans were acquired on a Siemens Magnetom MAG-
NETOM TrioTim syngo MR B17-3T MRI scanner and PET scans were performed
on a Siemens Biograph Hi-Rez 6 PET-CT scanner. A slow bolus intravenous in-
jection (20 seconds) of ['8F]AV1451 was administered to each subject. Dynamic
emission data were acquired continuously for 120 minutes following the injec-
tion. The dynamic images were reconstructed into 29 frames (8x15 seconds,
3x60 seconds, 5x120 seconds, 5x300 seconds, and 8x600 seconds), using filtered

back projection and smoothed with a Gaussian filter of 5 mm.

Blood sampling was performed for ['®F]AV1451 through an arterial line in-
serted in the radial artery to generate arterial plasma input data. For the initial
15 minutes radioactivity levels in blood was continuously measured through
an automatic blood sampling system, followed by samples at 5, 10, 20, 40, 50,

60, 80 and 100 minutes during the scan (further detail in Chapter 6).

The injected dose in MBq was recorded along with the subjects” age, body
weight and gender (see Tables 3.2 and 3.3).
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3.3.2 Tauin TBI

33 subjects (11 healthy controls, 22 TBI) underwent a structural T1-weighted
MRI scan and a dynamic 100 minute ['8F]AV1451 PET scan which were again

performed at Imanova Ltd, London, UK.

T1-weighted MRI scans were acquired with a Siemens Magnetom MAGNE-
TOM TrioTim syngo MR B17, 3T MRI scanner.

PET scans were performed on a Siemens Biograph Hi-Rez 6 PET-CT scanner.
A slow bolus intravenous injection (20 seconds) of ['8F]AV1451 was adminis-
tered to each subject. Dynamic emission data were acquired continuously for

100 minutes following the injection.

The dynamic images were reconstructed into 27 frames (8x15 seconds, 3x60 sec-
onds, 5x120 seconds, 5x300 seconds, and 6x600 seconds), using filtered back

projection and smoothed with a Gaussian filter of 5 mm.

The injected dose in MBq was recorded along with the subjects” age, body
weight and gender. The time since injury was also recorded for subjects that

had suffered a TBI (see Tables 3.4 and 3.5).

3.4 Preprocessing and motion correction of ['*F]AV1451

PET images

All preprocessing and motion-correction was done using MIAKAT™ (R. N.
Gunn, Coello, and Searle 2016) which is a fully quantitative suite of analysis

tools for PET neuroimaging data.

3.4.1 Isotropic images

After reconstruction it was checked that all frames of the dynamic PET images

contained 2 mm isotropic voxels.
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A 2 mm isotropic version of the structural MRI image was created (by reslicing

the original image) for registration purposes.

3.4.2 Motion correction

Motion correction of the images was performed using frame-by-frame correc-
tion meaning each frame was registered to the reference frame (frame 16) using
arigid body registration in SPM12. This motion correction is the chosen method
of the MIAKAT. It would be possible to register frame two to frame one and
then register each subsequent frame to the previously aligned frame but given
the results from the reference frame methodology it was not investigated. The
quality of the registrations, however, were QC’d for each image and using a
single reference frame produced good quality registrations for all subjects. The
registration parameters (translations in the x, y and z directions and rotations
pitch roll and yaw) were recorded and used to QC the level of motion along
with visual assessment of the scans. Subjects that showed high motion were
removed from any further analysis. High motion was determined qualitatively
by using plots of the registration parameters. If any of the translation parame-
ters changed by more than 10 mm in between one frame and the next or if any
of the rotation parameters changed by more than 10 degrees between one frame
and the next, then the subject was removed from further analysis. Example mo-
tion parameters can be seen for subjects that passed and failed QC in Figures 3.1

and 3.2 respectively.

The motion-corrected images were subsequently registered to the subjects” down-
sampled T1-weighted MRI using a rigid-body registration resulting in a motion-
corrected dynamic image in T1 space with voxel dimensions of 2 mm x 2 mm x

2 mm.
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FIGURE 3.1: Motion parameters for an example subject who had

suffered a TBI. This subject passed QC.
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FIGURE 3.2: Motion parameters from a subject taken from the
study involving patients with CBD that wasn’t included in the

analysis in Chapter 7 due to excessive motion.
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Age | Gender | Injected Dose | Body weight
(yrs) (kBq) (kg)

HC 01 65 female 165.09 69.9

HC 02 62 male 156.47 67.3

HC 03 73 male 160.02 61.5

HC 04 58 female 138.92 69.5

HC 05 37 female 165.48 50.5

Mean (s.d.) [ 61(13) | n/a | 157.96 (9.91) | 61.92(85) |

TABLE 3.2: Demographics for the healthy controls included in
the Tau in CBD analysis in chapter 7.

Age | Gender | Injected Dose | Body weight

(yrs) (MBq) (kg)
CBD 01 58 female 161.15 59.6
CBD 02 70 male 161.35 724
CBD 03 71 male 158.35 924
CBD 04 80 female 170.92 60.0
CBD 05 72 female 161.79 52.8

Mean (s.d.) [ 70(79) | n/a | 162.71(478) | 67.4(15.6) |

TABLE 3.3: Demographics for the CBD subjects included in the
Tau in CBD analysis in chapter 7.

3.4.3 Overview of subjects included in kinetic modelling of ['"*F]AV1451
in CBD analysis (Chapter 7)

10 of the 16 subjects were included in the analysis presented in Chapter 7 be-
cause four of the 16 subjects (2 healthy controls and 2 CBD) recruited failed to
complete over 100 min of the 120 min scan and two subjects (1 healthy control
and 1 CBD) failed QC of the motion correction and therefore were not included.
Both rejected subjects had extensive within frame motion (see Figure 3.2) which
means the motion correction steps which only account for between frame mo-

tion will not be sufficient.

Ancillary information for the 10 subjects (five healthy controls and five CBD)
included in the analysis in Chapter 7 is detailed in Tables 3.2 and 3.3. There
were no significant differences in the age (p > 0.1), injected dose (p > 0.3) and
body weight (p > 0.6) of the healthy controls and subjects diagnosed with CBD

and both groups contained 2 males and 3 females.
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Age | Gender | Injected Dose | Body weight

(yrs) (MBq) (kg)
HC 01 60 male 222.46 115.0
HC 02 44 male 212.52 50.0
HC 03 59 female 212.18 444
HC 04 43 male 231.35 88.4
HC 05 58 male 214.31 82.6
HC 06 29 female 225.64 65.8
HC 07 51 female 238.34 69.9
HC 08 55 female 225.88 59.6
HC 09 65 female 165.09 69.9
HC 10 62 male 156.47 67.3
HC11 73 male 160.02 61.5

Mean (s.d.) | 53(11) | n/a | 21042(27.53) | 71.3(20.3) |

TABLE 3.4: Demographics for the healthy controls included in
the Tau in TBI analysis in chapter 8.

3.4.4 Overview of subjects included in kinetic modelling of ['"*F]AV1451
in TBI (Chapter 8)

31 of the 32 subjects were included in the analysis for Chapter 8 because one
subject showed extensive atrophy in the Cerebellum and grey matter Cerebel-
lum was chosen as the reference region for the study analysis in Chapter 8 (for
more details please see 8.2). The atrophy was likely to cause the results to be

heavily biased and therefore the subject was removed from the analysis.

Three of the healthy controls in this study are the same subjects that were in-
cluded in the study of patients with CBD (HC 09, HC 10 and HC 11 from the
TBI study are HC 01, HC 02 and HC 03 from the CBD study).

Ancillary information for the 31 subjects (11 healthy controls and 21 traumatic
brain injury) included in the analysis in Chapter 8 is detailed in Tables 3.4 and
3.5. There were no significant differences in the age (p > 0.2), injected dose
(p > 0.07) and body weight (p > 0.05) of the healthy controls and subjects who
had suffered a TBI. Six out of the 11 healthy controls were male (55%) and 14 of
the 21 TBI subjects were male (67%).

The time since injury for the TBI subjects ranged from 19 to 51 years meaning

all patients were not suffering from any acute effects from the injury.
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Time since

Age injury Gender | Injected Dose | Body weight

(yrs) | (yrs) (MBq) (kg)
TBI 01 45 36 female 196.12 61.2
TBI 02 44 29 male 217.65 80.9
TBI 03 61 35 female 208.25 75.4
TBI 04 39 28 female 207.78 54.9
TBI 05 49 27 male 232.85 109.3
TBI 06 72 51 male 226.12 90.8
TBI 07 41 31 female 210.26 61.5
TBI 08 66 31 male 217.42 72.0
TBI 09 54 34 male 225.69 83.3
TBI 10 57 35 female 225.34 58.5
TBI 11 43 20 male 218.46 88.9
TBI 12 40 32 male 231.18 101.0
TBI 13 57 35 male 222.66 118.5
TBI 14 31 18 female 207.6 59.0
TBI 15 39 19 male 211.44 78.5
TBI 16 55 32 male 222.03 95.9
TBI 17 46 31 female 233.52 85.2
TBI 18 43 35 male 216.58 106.7
TBI 19 55 20 male 232.18 88.3
TBI 20 48 37 male 228.07 101.0
TBI 21 58 37 male 207.08 95.7

Mean (s.d.) [ 50 (10) | 31(7.6) | n/a [ 218.97(10.36) | 84.12(18.30) |

TABLE 3.5: Demographics for the TBI subjects included in chap-
ter 8.
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3.5 Conclusion

This chapter has outlined the datasets that the rest of this thesis will use for

analysis.

I have introduced two cross-sectional and one longitudinal [18F]AV45 Ag static
imaging datasets that have been downloaded from freely available databases. I
described how these images were preprocessed to produce spatially normalised
SUVr images in MNI152 space. These images will be used in Chapters 4, 5 and
6.

I also introduced two dynamic [18F]AV1451 tau datasets which have been ac-
quired at Imanova Ltd. UK. One dataset includes healthy controls and CBD
patients and the other has healthy controls and subjects who have suffered a
TBI. The image preprocessing and motion correction steps were outlined and
applied to both datasets. The resulting motion-corrected isotropic images in

T1-weighted MRI space will be used in Chapters 7 and 8.
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Chapter 4

Spatiotemporal Modelling of
Misfolded Proteins using a

Network Diffusion Model

In the previous three chapters I have introduced the imaging modalities of PET
and MRI, discussed the role of A3 in AD and described the ADNI PET dataset.
In this chapter mathematical modelling will be used to attempt to describe the

accumulation of A in AD at the population level using the ADNI dataset.

4.1 OQutline and aims

In chapter 2, I introduced the stereotypical pattern of A accumulation that was
characterised by H. Braak and E. Braak 1991 and commented that by combin-
ing mathematical modelling and PET data one could attempt to characterise
this pattern using in vivo data. The aim of this chapter and chapter 5 is to de-
velop a mathematical model which characterises regional SUVr values as AD

progresses.

In this chapter, I introduce the concept of modelling the brain as a weighted
graph in section 4.2 and how this is calculated using DTI data. This graph
subsequently provides a framework for a spreading model to describe the spa-

tiotemporal distribution of Ag in AD. In section 4.3, I combine the strengths
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of previous models outlined by Raj, Kuceyeski, and Weiner 2012 and Iturria-
Medina, Sotero, et al. 2014 to create a new network diffusion model which in-
corporates three processes - A production, AS clearance and distal spreading
of Af across brain regions. In an attempt to assess the accuracy of the new
model, I explain how the cross-sectional ADNI dataset introduced in Chapter 3
is transformed to a dataset representing the spatiotemporal distribution of A/
at the population level in section 4.3. I go on to define a model space by con-
sidering different options for each of the three processes that are hypothesised
to be occurring in the network diffusion model in section 4.4 and each of the
models in the model space is fitted to the transformed cross-sectional dataset
to evaluate its validity. Finally, information theory is used to determine the
optimal model in section 4.6. Subsequently in section 4.7, strengths and weak-
nesses of both the network diffusion model and the experimental approach are

discussed and improvements are suggested for further study.

4.2 Modelling the brain as a weighted graph

Graph theory has recently been used extensively in neuroscience but its origins
lie in pure mathematics. As such, it comes with its own nomenclature which
I will adhere to here. In mathematics, a graph is an ordered pair, G = (V, E)
where V' = {v;|i € Z} is a set of nodes and E = {e; ;|i,j € V} a set of edges
connecting the nodes. In a weighted graph any edge e; ; has an associated ¢; ; €

R>( which represents the strength of that edge.

In this work, 76 cortical regions defined in the CIC atlas (Tziortzi et al. 2011) of
the brain are modelled as the set of nodes V, and the white matter connections
form the set of edges, E. The number of tracts in the white matter connection
between any two cortical regions represents the weight of each edge. These
assumptions means that I am modelling each region as having uniform concen-

tration of Af at a given time in the disease.

DTI is an MRI technique which provides a detailed map of the white matter

tracts (outlined in more detail in Chapter 2). This can be combined with an atlas
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to create a connectivity matrix between regions. Each entry in the connectivity
matrix represents the strength of the connection between two regions. As the
graph is undirected ¢; ; = c;; forall,j € V and therefore the connectivity

matrix is symmetrical about the leading diagonal.

The DTI data used in this work was provided by Carnegie Melon University
and was averaged over 60 subjects (For full details on the acquisition parame-
ters see Yeh and Tseng 2011). This DTI image was downloaded and a connec-
tivity matrix for the 76 regions in the CIC atlas was calculated with the kind
help of Yasser Iturria-Medina. Figure 4.1 outlines the methods used to model

the brain as a weighted graph.
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’ . Diffusion Tensor
ca 76 Cortical ROIs Imaging

vy T~ ¥

Connectivity
Matrix

76 Nodes

A weighted graph

FIGURE 4.1: The workflow applied to model the brain as a
weighted graph.

4.3 Network diffusion model

The network diffusion model I proposed to model AS accumulation is gov-
erned by a set of differential equations. The rate of change of concentration of
Ap in region i, % is hypothesised to depend on three distinct processes; local
production, local clearance and distal spreading between regions. Production
is hypothesised to occur at a constant rate however each region can have an in-
dividual production rate, clearance was hypothesised to be proportional to the
concentration but as with production regions can have different clearance rates.

Distal spreading between regions ¢ and j was hypothesised to be a function of
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the connection strength between regions and the difference in concentration in

dp; . .
those regions. Using these hypotheses, — is given by

dr;
dt

=v; = kP +9[(Y_ ci;Py) — deg(i) P} (41)
JEG

where P, is the concentration of A5 in region i, v; is the production rate in region

i, k; is the clearance rate in region 4, v is a scaling constant for the connectivity,

¢;,j is the connection strength between regions i and j, G is the set of all regions

and deg(i) = >_ ¢ ¢i,; is the sum of all weights of the edges attached to region

i.

4.4 Investigating the model space

The network diffusion model in Equation 4.1 has a large amount of flexibility
and it is important to ascertain the optimum number of parameters in order to
obtain a parsimonious model. With this aim, I defined ten models each hav-
ing different options for the involvement of production, clearance and distal

spreading as shown in Figure 4.2.

Production was hypothesised to occur either only in one region, in all regions
with the same production rates or in all regions with each region having its
own individual production rate. Similarly, clearance was hypothesised that the
clearance rates were either regionally varying or constant were constant across
all regions. Finally, I considered models that did and did not include spreading
between regions. The model space was then defined as all the permutations of
each of the different options for production, clearance and distal spreading. The
number of parameters to be estimated in the different models ranges from 2 to

153.
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FIGURE 4.2: A graphic illustrating the model space that was in-
vestigated

4.5 Creation of a dataset representing the spatiotemporal

distribution of AS at the population level

In order to test the validity of each of the models in the model space, one would
ideally have longitudinal A3 PET data where each subject received PET scans
each year for a period of over 15 years. This dataset currently doesn’t exist
and so in this work I aimed to convert the large cross-sectional dataset obtained
from ADNI introduced in Chapter 3 into a dataset which represents the spa-

tiotemporal distribution of A3 in AD at the population level.

With this aim, it was hypothesised that the age at which Aj production begins
in AD, t*, is different between subjects but that after that there is a common
spatiotemporal distribution for the accumulation across subjects. A t* was cal-
culated for each subject using a 2-parameter model from the model space; local
production in all regions but at a constant rate across all regions, local clear-
ance which is fixed across all regions and no connectivity. I fixed the clearance
and production values to produce a biologically plausible output. The result-

ing curve plateaued at SUVr = 1.8 at a time of 30 years after production started
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which was similar to values obtained by Jack et al. 2013 from longitudinal data.

With these values for production and clearance fixed, a t* for each subject in
the ADNI dataset was obtained by optimising ¢* so that the model best fit all
the regional SUVr of that subject using a trust-region reflective algorithm in

MATLAB®.

Having determined ¢* for each subject, regional SUVr were plotted against the
age of the subject (on the scan date) minus ¢* for every subject in the ADNI
dataset. For this analysis, 76 cortical regions were used and the calculation
of the regional SUVr values is outlined in section 3.2. The result is 76 plots
representing each of the 76 cortical regional where each plot consists of 769
points (one for each subject in the ADNI dataset) where each point is a subjects
regional SUVr plotted against their Age at the scan date minus their t*. The
effect is that the z-axis is a time axis which is adjusted so that zero represents

the time at which accumulation begins.

4.5.1 Fitting the model to the chronological dataset

Each of the ten models defined in the model space (displayed in Figure 4.2 )
was fitted to the transformed dataset using a trust-reflective region algorithm

in MATLAB®.

The fit by each of the ten models was evaluated using the bayesian information
criteria (BIC).
BIC =nln (RSS> + kln(n)

n

where n is the number of data points, £ is the number of parameters in the
model and RSS is the residual sum of squares. The model with the lowest BIC
value is deemed optimal. The first term in the BIC is a function of the sum
of squares of residuals and determines the goodness of fit of the model. The
second term is a term which penalises the model for its complexity and this is

the term which ensures the optimal model avoids overfitting.



4.6. Results 105

4.6 Results

4.6.1 Calculatingt*

The variable ¢t* was successfully obtained for each of the 769 subjects. t* rep-
resents an age at which the deposition of Aj aggregates is estimated to be-
gin. Thus, for each subject age — t* is the time in years that the model calcu-

lates that A5 aggregates have been accumulating for. The mean age — t* =

4.21 years (std = 3.07 years).

A scatter plot for each region was created by plotting the regional SUVr against
age — t* for each subject. The result is 76 scatter plots (one for each region)
aiming to represent the spatiotemporal distribution of the concentration of A/
at the population level. The coherence of the majority of plots suggests that
there is a stereotypical accumulation pattern, however the level of coherence
varied across the regions. Figure 4.3 shows the scatter plots for 9 regions. The
coherence of the data is poor in regions such as the inferior temporal gyrus and

calcarine cortex but strong in the dorsal anterior cingulate.

4.6.2 Identifying the most parsimonious model

Each of the ten models outlined in Figure 4.2 was fitted to the data. The sum of
squares of the residuals of the model was calculated across all 76 regions. This
was used to calculate a BIC value, BIC; for each model 7 and these were used
to assess the quality of the fit for each model. Model 9 had the lowest BIC' of
the models tested and therefore was deemed to be the most parsimonious and

by our criteria was determined to be the best model.

The ABIC; for each model i was calculated where ABIC; = BIC; —min(BIC)
and min(BIC) is the BIC value of Model 9. As ABIC; increases, the probability
that model 7 is the optimal model decreases. Kass and Raftery 1995 stated that
there is “strong evidence” that the model with lower BIC value is better when

the ABIC > 10. The smallest ABIC value across the models tested was 3510
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FIGURE 4.3: Example scatter plots created after finding ¢* for
each subject. Age — t* is the estimated time since accumulation
began. Each plot gives the estimated regional accumulation at

the population level.
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No. of
Production Clearance | Network | params | SSQ | ABIC;

Model 1 One ROI Global Yes 3 1590 | 51500
Model 2 One ROI Local Yes 78 1590 | 52400
Model 3 | All ROIs - Global Global Yes 3 1620 | 52500
Model 4 | All ROIs - Global Global No 2 1620 | 52500
Model 5 | All ROIs - Global Local Yes 78 1470 | 47700
Model 6 | All ROIs - Global Local No 77 979 | 24000
Model 7 All ROIs - Local Global Yes 78 690 3510
Model 8 All ROIs - Local Global No 77 743 7880
Model 9 All ROIs - Local Local Yes 153 640 0

Model 10 | All ROIs - Local Local No 152 688 4190

TABLE 4.1: A table showing the results of fitting each of the
different models to the dataset. Models were ranked by the
BIC value. The rightmost column shows the Delta BIC for each
model where ABIC; = BIC; — min(BIC) and min(BIC) is the
lowest value across all the models. Model 9 has the lowest BIC
values and all other models had a ABIC of greater than 3500.

(see Table 4.1) and therefore one has good confidence that Model 9 was the best

model of the ten fitted to the data.

Local production was the most important feature for a good fit to the model.
The SSQ was <800 for all models tested with local production and >800 for all

models without local production.

Model 9 can accurately describe the scatter plots created after obtaining ¢*. Fits
of Model 9 can be seen in Figure 4.4. Model 9 is the most highly parametrised
model of the 10 tested. The variable production rates allow enough flexibility to
accurately fit high, medium and low accumulating regions and the individual
clearance rates allow the model to have different shape curves although the

predicted curves is always hyperbolic.

4.7 Limitations

The spatiotemporal distribution of A5 was modelled with a network diffusion
model on a weighted graph in a similar way to previous analyses and whilst
this approach is attractive, it is important to understand the assumptions made

and the limitations.
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FIGURE 4.4: Plots for 9 regions showing the fit of Model 9 to the
data. The model can accurately describe the data in regions with

high and low uptake.
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4.7.1 Network diffusion model on a weighted graph

In this experiment, it was assumed firstly, that the concentration in any region
can be be collapsed to a concentration at a given node. This means that it is
assumed that within an ROI from the CIC atlas (Tziortzi et al. 2011) the uptake
was uniform. Whilst this is an oversimplification as uptake within regions re-
gions is heterogeneous, the parcellation into 76 anatomical regions means that

this heterogeneity is limited.

It was hypothesised that A accumulation could be effectively modelled by a
network diffusion model on the created weighted graph. This was motivated
by previous work conducted by Raj, Kuceyeski, and Weiner 2012. The network
diffusion model fitted to the process included three processes; Aj production,
Ap clearance and spreading between regions. Many biological processes could
be involved in all three of these processes and may not be limited to being
involved in only one process. The aim of this work was to provide informa-
tion whether the stereotypical accumulation pattern observed in AD can be ac-
curately modelled. Understanding biological mechanisms underlying each of
these processes, ie, studying the mechanism which clears AS from the brain is

beyond the scope of this work.

4.7.2 The parameter Age — t*

Currently, a longitudinal dataset with multiple time-points across the full A5
accumulation period does not exist. Therefore, in order to study the accumu-
lation of Aj over a 30-year period it was necessary to create a dataset repre-
senting the spatiotemporal distribution on Af at the population level. In this
work, this was done by calculating an t* for each subject in the cross-sectional
data. This t* was the age at which accumulation was calculated to begin. Sub-
sequently, Age — t* was the length of time that A3 had been accumulating for.
Once Age—t* was calculated for each subject, it was possible to plot the regional

SUVr versus Age — t* for each subject. After plotting this for every subject, a set
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of 76 plots (one for each cortical region) representing the accumulation of A at

the population level was obtained.

Clearly, the parameter ¢* is important when constructing the dataset and also in
the results that follow. t* was found by fitting a simple version of the network
diffusion model where all parameters apart from ¢* were fixed to give a biolog-
ically plausible accumulation period of 30 years and maximum value for SUVr
= 1.8. This approach suffers from some severe disadvantages which mean inter-
pretation of the results in this chapter is difficult. The main disadvantage is that
I have used the model both to construct the data and then to fit to it. This means
that the second stage of fitting is likely to produce good fits to the data and it
is difficult to know whether a network diffusion model is in fact accurately de-
scribes A3 accumulation. Secondly, the Age — t* calculated for each subject is
heavily dependent on the chosen parameters for production and clearance in
the 2-parameter model fitted initially. As previously discussed these were cho-
sen to give biologically plausible results but they are still arbitrarily chosen. It
is possible to create plausible results with different values for production and
clearance. Identification of these parameters is therefore impossible and as the
values for the production clearance and spreading in the second phase of fit-
ting are dependent on these results, it follows that these too will suffer from

problems of identifiability.

To improve the methodology it would be far more robust if the creation of the
dataset to which the ten models were fitted was completed without the use of
any kind of network diffusion model, ideally with information from longitudi-
nal data to increase its plausibility. This idea will be expanded upon in Chapter

5.

4.7.3 The optimum network diffusion model

In the second phase of optimising the network diffusion model, ten different
versions of the model were fitted to the dataset created in the first phase. The

ten different models had different options for the production, clearance and
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spreading parameters. The optimum model was decided upon using the BIC
because the best model is not necessarily the one which gives the lowest sum
of squares of residuals. Rather, the best model is the one which provides the
most parsimonious fit to the data meaning that it provides the best balance
between the number of parameters and the goodness of fit of the model. The
model didn’t include lagged start times for production which could have added
further flexibility however, these weren’t included because identifiability of pa-
rameters was difficult due to the high dimensionality of the models tested and

lagged start time would have made this worse.

There are a number of different information criteria such as the Akaike infor-
mation criteria and the deviance information criteria. The choice to use the BIC
was taken as it has been shown to be better when considering nested models
and when the aim is explanatory power rather than predictive power (Burn-
ham and Anderson 2004). In this study however, the AIC and the BIC picked
the same model as being the most parsimonious. Information criteria are one
way to assess the parsimony and fit of a model but a more robust way would be
to cross-validate the model on an independent dataset. One could, for instance,
tit the model on half the dataset presented and then assess the fit on the other
half. This wasn’t performed here because I wanted to use the whole dataset for
the fitting to achieve the best estimate of the parameters but this does mean the

validation of the best model is difficult.

4.8 Conclusion

In this chapter, the spatiotemporal distribution of Aj has been modelled using
a network diffusion model. Ten different models were defined and fitted and

the most parsimonious model was obtained using information criteria.

In order to fit the ten different models we were required to fit a ¢t* for each sub-
ject first. This t* represents the age at which the model estimates the accumula-
tion of insoluble aggregates of -amyloid began. The fitting of ¢* is dependent

on the values arbitrarily chosen for production and clearance. This then will



Chapter 4. Spatiotemporal Modelling of Misfolded Proteins using a Network

112
Diffusion Model

affect the fitting of each of the ten models. Interpreting the results is therefore

difficult.

To improve the work, it is important to identify ¢* without using the model and

this idea will be explained in the next chapter.
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Chapter 5

Spatiotemporal modelling of A5
using a four-parameter logistic

growth model

In the previous chapter, the spatiotemporal distribution of A5 in AD was mod-
elled using a network diffusion model but the results were difficult to inter-
pret due to problems with the identifiability of parameters. In this chapter, the
weaknesses of the methodology in Chapter 4 are addressed. Results from a
previously published longitudinal study are combined with the ADNI cross-
sectional dataset to create a dataset showing the spatiotemporal distribution of
Ap at the population level — a “chronological dataset’. A four-parameter lo-
gistic growth model is introduced and used to model the chronological dataset
and different versions of the logistic growth model are fitted to the data to ob-
tain the most parsimonious fit to the data. By examining the parameterisation
of the optimum model I am able to provide evidence that A3 does not spread
from a small number of seed regions over an extended period during its accu-
mulation but rather that it accumulates at the same time across all regions with

regions having different maximum possible concentrations of Aj.
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5.1 Aims and outline

The model for the spatiotemporal distribution of A3 used in the previous chap-
ter included parameters for production, clearance and spreading. Due to dif-
ficulties in parameter identification, it was difficult to draw conclusions on the
importance of each of these processes and in particular, it was impossible to
determine whether the spreading component was a key aspect of the model

fitting.

In this chapter, I aim to model the spatiotemporal distribution of A5 in AD us-
ing a novel logistic growth model. With this aim, in section 5.2, I introduce a
four parameter logistic growth model. By using data from a previously pub-
lished longitudinal study I describe how a chronological dataset representing
the spatiotemporal distribution of Ag in AD is created in section 5.3. In a simi-
lar way to chapter 4, in section 5.4 I define a model space consisting of 16 models
which allow me to test the competing hypotheses for A3 accumulation in sec-
tion 5.5. The optimal model is fitted at the voxel level in section 5.10 which
produces parametric maps for two spatially varying parameters from the logis-
tic growth model which will be used in the next chapter. Finally, in section 5.8

the results are discussed and potential confounds are identified.

5.2 Logistic growth model of A3 accumulation

This section introduces a logistic growth model to describe the accumulation of
Ap in the human brain. The model assumes that the growth rate of A5 concen-
tration is proportional to the product of the current concentration of A5 and a
term limiting growth due to the carrying capacity of the local environment (Ver-

hulst 1844). The model is defined by the following differential equation,

dApB(t)
dt

P AB() <1 _ A?(t)) (5.1)
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where Aj5(t) is the concentration of AJ at time ¢, r is the uninhibited exponential

growth rate and K is the carrying capacity.

Solving the differential equation yields a function for the concentration of A3

over time,

_ K
- 1 + e—T(t—Tg,o)

AB(t) (5.2)

where T5 is the time of half maximal concentration (i.e. A3(T59 = %)

In vivo, SUVr is the outcome measure which includes the A5 concentration,
ApB(t). In order to model SUVr directly, it is necessary to account for the non-

specific binding present in the SUVr outcome measure,

SUVr(t) = NS+ AB(t) (5.3)

where N S is the non-specific component of the imaging outcome measure SUVr.

Combining equations 5.2 and 5.3 yields,

K

SUVr(t) = NS+ -y

(5.4)

This equation describes the temporal evolution of the in vivo PET Af signal
over time (with the four parameters NS, r, T59 and K). The graph displayed in
Figure 5.1 shows a curve over a 30 year period with 75y = 15 years, K = 2,

NS=1landr =1.

5.3 Construction of a chronological dataset

The main disadvantage of the methodology in Chapter 4 was that the network
diffusion model was fitted twice; firstly, to generate a dataset representing the
spatiotemporal distribution of A in AD and secondly, to model the generated

dataset. This caused the results from the second step to be dependent on the
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FIGURE 5.1: The logistic growth model describing the PET

imaging signal over time as a function of the PET tracer’s non-

specific binding (IV.S), the carrying capacity (k), the time of half

maximal Af concentration (T50) and the uninhibited exponen-
tial growth rate (r).
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FIGURE 5.2: The cubic spline function found by Jack et al. 2013

which describes rates of change of mean cortical SUVr as a func-

tion of the baseline value. In this work, I followed the method-

ology described by Jack et al. 2013 to create a functional form for

the temporal evolution of mean cortical SUVr in AD by integrat-
ing this cubic spline function with respect to time.

inputs from the first. To address this, in this chapter, a time through the accu-
mulation process for each subject i, ¢;, is calculated independently (ie, without
using any version of the logistic growth model) using a previously published
functional form describing the temporal changes of ['!C]PiB mean cortical SUVr
in AD (Jack et al. 2013). The functional form was derived by fitting a cubic spline
function to rates of change of mean cortical SUVr in a longitudinal study. The
cubic spline was kindly provided to me by Clifford Jack and can be seen in Fig-
ure 5.2. Following the methodology of Jack et al. 2013, I integrated this cubic
spline function with respect to time to obtain a functional form for the temporal

evolution of [''C]PiB mean cortical SUVr in AD .

The set of calculated times, T' = {t;}, were then used to generate a dataset rep-
resenting the spatiotemporal distribution of A3 in AD at the population level -

from here on this will be termed the "chronological dataset’.

It is important to evaluate whether the subjects from the two samples (the lon-
gitudinal study from Jack et al. 2013 and the cross-sectional ADNI study) are

part of the same population. Demographics for both studies are summarised
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Characteristic Jack et al. 2013 ADNI
Number 260 769

Age - median (min max) 79 (70 94) 73 (5591)

Male - n (%) 162 (62) 438 (57)
Number of MCI/AD patients - n (%) 55 (21) 558 (73)

APOE e4 positive - n (%) 87 (33) 342 (44)
MMSE - median (min max) 28 (23 30) 28 (19 30)

TABLE 5.1: The characteristics of the subjects taken from both

the longitudinal study performed by Jack et al. and the cross-

sectional data obtained from ADNI. These two datasets are com-
bined to create a chronological dataset.

in Table 5.1 and one can see that they are well matched in all categories apart
from age where the subjects in the longitudinal study were older. However,
both studies have a wide enough range of ages that they include subjects at all

stages of the accumulation process.

5.3.1 Transformation of the functional form for use with [*¥ F]AV45

data

The functional form provided to me by Jack et al. 2013 was derived from a longi-
tudinal A imaging data using ['1C]-PiB rather than ['8F]-AV45. Previous work
scanning the same subjects with both [''C]-PiB and ['®F]-AV45 has shown that
there is a strong linear relationship between [''C]-PiB and ['8F]-AV45 SUVr val-
ues (Landau, Breault, et al. 2013,Landau, Thomas, et al. 2014) and that a linear
equation can appropriately convert between the different PET tracers according

to

AV45syvy, = aPiBsyy, + b (5.5)

Therefore, a transformation of the [\!C]-PiB derived functional form into ['3F]-
AV45 SUVr units was performed so that the resultant function, SUVr(t) ranged
between the median of the 2.5th and 97.5th mean cortical ['8F]-AV45 SUVr per-

centiles for the cross-sectional ADNI dataset (¢ = 0.72 and b = 0.02).
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FIGURE 5.3: The functional form for the temporal evolution of
mean cortical SUVr in AD over a 30 year period. The curve is
produced by integrating the cubic spline function shown in Fig-
ure 5.2 and subsequently applying a linear transformation to ac-
count for differences between ['!C]PiB and ['®F]AV45

Figure 5.3 shows the resulting curve which describes the temporal evolution of
mean cortical SUVr as measured with ['8F]AV45 in AD. The curve has a sig-
moidal shape with the fastest accumulation occurring between 10 and 20 years
after accumulation begins. As Jack et al. 2013 noted, this curve reaches a plateau

SUVr value of approximately 2.

5.3.2 Finding the time through the disease process, t; and generation

of the chronological dataset

The time point in the chronology of the disease process t; was determined for
each subject by taking their mean cortical SUVr value (calculated in section 3.2)
and looking up from this function what time this corresponded to in the range
0 to 30 years. This generated a chronological data set for the spatiotemporal
accumulation of AS by associating an individual time in the 30 year disease

cascade with each of the ['®F]AV45 images.

Figure 5.5 shows a histogram of the times ¢; calculated for each of the 769 sub-
jects. The set of times 7" appear to be normally distributed and have a mean

of 11.8 years and a standard deviation of 5.12 years. Importantly though, there
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FIGURE 5.4: A histogram to show the distribution of the set T" =

{t;}. This distribution is normal with mean of 11.8 years and

standard deviation of 5.12 years. There are subjects in all the bins

meaning that the cross-sectional data appears to have subjects at
al stages of the accumulation process.

are data points existing at all times throughout the disease process. The test-
retest variability of mean cortical [18F]AV45 SUVr values has been calculated
to be less than 3% (Joshi et al. 2012) which would translate to a variability of
0.68 years in calculated ¢; for the median SUVr value of 1.3 in the cross-sectional
dataset. This result means one can have good confidence that the calculation of
t; is robust and that therefore the chronological dataset can be used to study the

spatiotemporal distribution of Ag in AD.

An ROI level chronological dataset was formed in a similar way to chapter 4.
Regional SUVr (calculated in section 3.2) were plotted against ¢; for each sub-
ject for 90 cortical and subcortical regions and resulting in plots for the tempo-
ral evolution of regional SUVr in AD. The plots exhibited coherent but differ-
ent trajectories within individual regions providing evidence of a stereotypical

spatiotemporal distribution at the population level - see Figure 5.5. As with
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FIGURE 5.5: The chronological ['®F]-AV45 Aj3 PET data in 9 re-

gions. The trajectories in regions are coherent providing strong

evidence that there is a stereotypical accumulation pattern for
AgB in AD. (D: Dorsal, A: Anterior, Inf: Inferior).

the previous chapter the level of coherence varied across regions. Higher accu-

mulating regions such as the anterior cingulate gyrus and anterior dorsolateral

frontal cortex having the least variability and low accumulating regions such as

the parahippocampus exhibiting higher variability. The overall coherence of the

regional curves shows that there is not only a stereotypical temporal accumula-

tion at a global level but also that relative to that, each region has a stereotypical

accumulation curve which is consistent across subjects.
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5.4 Model space

To investigate the different hypotheses for the underlying process driving A3
accumulation, it is important to find out whether each of the four model param-
eters is constant across different brain regions or whether they are regionally
different. Of particular interest is the parameter 75y because if the T3, varies
between regions then the model is consistent with longer term spreading from
seed regions as seed regions would have a lower 75, than other regions because
accumulation would start there first. If however, T5g is constant across the brain

it is consistent with local tissue properties driving the accumulation process.

In order to determine whether each of the 4 model parameters were constant
across the whole brain or varied by region, sixteen different models were in-
vestigated corresponding to all the permutations of using either “Global” (the
parameter is constant across all brain regions) or “Local” (the parameter varies
by region) parameter values for each of the four model parameters. The full set
of models are summarised in Table 5.2 and contain between 4 and 360 parame-

ters.

Figure 5.6 provides examples of curves for 3 different simulated regions (red
curve, green curve and blue curve) for each of the 16 different models. In Model
1, K, r, Tsp and NS are all Global parameters and as such all regions have
the same trajectory. Model 16 by contrast has all parameters as Local which
means an individual four-parameter logistic growth model is fitted to each re-
gion. Models with a Local 75, (grey background) are consistent with long-term
spreading from seed regions. One would expect, the red curves to be represen-
tative of a seed region trajectory as they have the shorter T5,. whereas models

Global T50 have a white background.
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FIGURE 5.6: 16 logistic growth models of A3 accumulation
with example curves from 3 distinct brain regions. Models in
grey have regionally different 75, values and are consistent with
spreading from seed regions whilst the models in white are con-
sistent with local tissue properties driving the A/ accumulation

process.



Chapter 5. Spatiotemporal modelling of Aj using a four-parameter logistic
124
growth model

5.4.1 Fitting the logistic growth model to the chronological dataset

and investigation of the model space

Each of the models was fitted to the regional chronological data using a nonlin-
ear trust-region reflective algorithm implemented in MATLAB (The Mathworks
Inc, Natwick, CA) that minimised the residual sum of squared errors subject to
ApB(0) < 0.1. This bound was introduced as it is assumed that the level of A at
the beginning of the accumulation was small and solutions violating this would

not be modelling the whole accumulation process.

Model selection was performed using the BIC to select the most parsimonious
model and a posterior probability of each model being optimum was ascer-
tained from the weights of each model. The formula for the posterior probabil-
ity (Schwarz 1978; Neath and Cavanaugh 2012) of a model M in a model space
D with n different models, Pr(M;|D) is give in Equation 5.6.

oABIC;

Pr(M;|D) = (5.6)

S eABIC;

where, ABIC}), = BIC), —minBIC and minBIC' is the smallest BIC value of all

the models in the model space D.

The posterior probability provides the probability that M} is the optimum of all

the models in the model space if all models are assumed to have equal priors.

5.5 ROI level results

Each of the logistic growth models was fitted to the chronological in vivo PET
data to investigate the spatiotemporal evolution of the signal in the AD process.
The 16 logistic growth models were successfully fitted and Model 11 was iden-
tified as the most parsimonious description of the data as determined by the
BIC (see Table 5.2). The difference in BIC between Model 11 and all the other
models (ABIC;) is at least 137. As was mentioned in the previous chapter, evi-

dence is considered strong when BIC is greater than 10 (Kass and Raftery 1995).



5.5. ROI level results 125

Model K r Tso NS Parameters | SSQ | ABIC;
Model1 | Global | Global | Global | Global 4 2288 | 96900
Model 2 | Global | Local | Global | Global 93 1612 | 73600
Model 3 Local | Global | Global | Global 93 925.1 | 35200
Model 4 | Global | Global | Local | Global 93 823.6 | 27200
Model 5 | Global | Global | Global | Local 93 667.6 | 12600
Model 6 Local | Local | Global | Global 182 741.7 | 20900
Model 7 Local | Global | Local | Global 182 690.6 | 16000
Model 8 | Global | Local | Local | Global 182 668.9 | 13800
Model 9 | Global | Global | Local | Local 182 607.7 | 7120
Model 10 | Global | Local | Global | Local 182 574.1 3180
Model 11 | Local | Global | Global | Local 182 548.3 0
Model 12 | Local | Local | Local | Global 271 654.3 | 13300
Model 13 | Local | Global | Local | Local 271 547.6 908
Model 14 | Global | Local | Local | Local 271 545.5 642
Model 15 | Local | Local | Global | Local 271 541.6 137
Model 16 | Local | Local | Local | Local 360 540.6 1030

TABLE 5.2: The 16 parameterisations of the logistic growth
model of Af accumulation used to analyse the chronological
['8F]-AV45 SUVr PET data at a regional level with the corre-
sponding sum of squared residuals (S5Q) and ABIC;. 90 corti-
cal and subcortical regions were included and parameters were
either restricted to a single value across all regions (Global) or
fitted individually for each region (Local). ABIC; gives a mea-
sure of the parsimony of each model in relation to the smallest
BIC value. Model 11 (Local K, Global r, Global T5y and Local
NS) gives the most parsimonious fit to the data.

The posterior probability that Model 11 is the best choice of the models tested
is also high (p>0.999999).

The model was able to accurately describe the time course of A accumulation
in all regions. A selection of 9 regions with different levels of A3 accumulation
are displayed in Figure 5.7, demonstrating the ability of the model to accurately
describe distinct regional time courses. The fits to all 90 regions are shown in

Figures 5.8 and 5.9.

Model 11 requires that local regional values for Aj3 carrying capacity and tracer
non-specific binding vary. In contrast, the time to half maximal Aj (T50) and
the uninhibited exponential growth rate () are constant across brain regions
in this model. This suggests that regional variability in A carrying capacities
determine the distribution of A3 concentration as regions with higher carry-
ing capacities will accumulate more Aj over time. These results support the

hypothesis that regional A3 accumulation is limited by properties of the local
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tissue environment. The observation that the data is best explained by a model
with a global T5g provides evidence against the spreading hypothesis, as long-
term spreading from seed regions would imply shorter T, for seed regions and

therefore require models with a local 75, such as Model 12.

For Model 11, the largest carrying capacities were obtained in the anterior cin-
gulate gyrus, precuneus and frontal operculum cortex (1.55, 1.50 and 1.46 SUVr
units respectively), intermediate values were obtained in parts of the frontal
cortex and the insular cortex (1.13 and 1.19) and lower values thalamus and
the brain stem (0.48 and 0.38). The global time of half accumulation, 75y was
14.9 years and the uninhibited exponential growth rate r = 0.20 years~! were

constant across all regions.

5.6 Alternative brain parcellations

In order to confirm that the results presented are not dependent on the chosen
parcellation of the brain, the same methodology was performed on two more
parcellations of the brain. The first was restricted to only the 76 cortical regions
of the 90 regions originally presented and the second had 9 large regions cov-
ering the whole brain (calculation of these regional SUVr values is covered in
section 3.2). Tables analogous to Table 5.2 for each of these parcellations are

shown in Tables 5.3 and 5.4.

As with the 90 region parcellation, Model 11 is found to be the most parsimo-
nious as evaluated by the BIC in both the additional parcellations of the brain.
These results provide strong evidence that Model 11 is the optimum model for
the chronological dataset out of the 16 fitted regardless of which neuroanatom-

ical atlas or parcellation one chooses.

5.7 Parametric imaging

Having identified Model 11 (Global r and T5o and Local N'S and K) as the opti-

mal model based on the regional analysis, the model was then fitted at the voxel
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FIGURE 5.7: Model fitting of the most parsimonious logistic

growth model (Model 11) to the chronological [**F]-AV45 Ap

PET data in 9 regions taken from the 90 region parcellation of the

CIC atlas (Tziortzi et al. 2011) (D: Dorsal, A: Anterior, Inf: Infe-

rior). The model accurately describes the data including regions

of high accumulation (top row), medium accumulation (middle
row) and low accumulation (bottom row).
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Model K T Tso NS Parameters | SSQ | ABIC;
Model 1 | Global | Global | Global | Global 4 1257 | 74800
Model 2 | Global | Local | Global | Global 79 895.3 | 55800
Model 3 Local | Global | Global | Global 79 484.3 | 19900
Model 4 | Global | Global | Local | Global 79 456.4 | 16400
Model 5 | Global | Global | Global | Local 79 400.4 8740
Model 6 Local | Local | Global | Global 154 392.0 | 8330
Model 7 Local | Global | Local | Global 154 394.3 8670
Model 8 | Global | Local | Local | Global 154 403.8 | 10100
Model 9 | Global | Global | Local | Local 154 381.8 6790
Model 10 | Global | Local | Global | Local 154 347.4 1270
Model 11 | Local | Global | Global | Local 154 339.9 0
Model 12 | Local | Local | Local | Global 229 371.3 5980
Model 13 | Local | Global | Local | Local 229 339.6 758
Model 14 | Global | Local | Local | Local 229 339.7 791
Model 15 | Local | Local | Global | Local 229 336.7 273
Model 16 | Local | Local | Local | Local 304 336.1 977

TABLE 5.3: An equivalent table to Table 5.2 but using a set of 76

cortical ROIs only (this corresponds to the removal of the sub-

cortical regions from the previous set of 90 ROIs where there is
lower accumulation)

Model K T Ts0 NS Parameters | SSQ | ABIC;
Model 1 | Global | Global | Global | Global 4 4344 | 12700
Model 2 | Global | Local | Global | Global 12 227.7 | 8320
Model 3 Local | Global | Global | Global 12 126.9 | 4280
Model 4 | Global | Global | Local | Global 12 106.2 | 3040
Model 5 | Global | Global | Global | Local 12 94.15 | 2210
Model 6 Local | Local | Global | Global 20 103.5 2940
Model 7 Local | Global | Local | Global 20 90.90 | 2040
Model 8 | Global | Local | Local | Global 20 86.13 1660
Model 9 | Global | Global | Local | Local 20 74.93 700
Model 10 | Global | Local | Global | Local 20 77.40 925
Model 11 | Local | Global | Global | Local 20 67.72 0
Model 12 | Local | Local | Local | Global 28 84.44 1600
Model 13 | Local | Global | Local | Local 28 67.64 62.1
Model 14 | Global | Local | Local | Local 28 67.62 60.5
Model 15 | Local | Local | Global | Local 28 67.05 1.40
Model 16 | Local | Local | Local | Local 36 67.01 68.2

TABLE 5.4: An equivalent table to Table 5.2 but using a set of 9
ROIs which are much larger regions and cover the whole brain
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level to generate parametric images of the tracer’s non-specific signal (IN.S) and
the regional A carrying capacity (K). Parameter values for  and 75, were
fixed from the regional analyses ( r = 0.20 years~! and Tso = 14.9 years ) and
individual voxel time course were fitted using a linearisation of the model in

order to ensure fast and robust fitting.

In order to achieve this, Equation 5.2 was transformed to,

1
L+ehh NSUO:E
SUVr(t) = | : : (5.7)
1 Kvox

1 + et769—T50

where NS, and K,,, are the non-specific binding and carrying capacity for

the voxel respectively. This is an equation of the form,

b= Ax (5.8)

and therefore was solved in MATLAB using the function ‘'mldivide” which uses

QR decomposition to solve a system of linear equations.

Parametric images of the carrying capacity and tracer non-specific binding were
generated which can be seen in Figure 5.10. The carrying capacity parametric
image K closely maps to the grey matter regions of the brain but with higher
cortical carrying capacities in frontal regions. This map is consistent with post-
mortem data (H. Braak and E. Braak 1991; Thal, Riib, et al. 2002 and previous
imaging studies of AD Klunk et al. 2004; Camus et al. 2012; Clark, Schneider,
and Bedell 2011; K. A. Johnson, Sperling, et al. 2013. The non-specific binding
parametric map NS is similar to a white matter image and this reflects known
non-specific binding properties of the tracer. As Yang, Rieves, and Ganley 2012
stated, when A3 scans are visually classified, images that have the highest bind-
ing in the white matter should be classified as negative scans. The strong bind-

ing here is just high levels of non-specific binding.
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FIGURE 5.10: Parametric images displayed as orthographic pro-
jections for the carrying capacity K and the tracer non-specific
binding (NS) obtained from fitting Model 11 at the voxel level.
Grey matter (GM) and white matter (WM) maps are displayed
for reference. The highest carrying capacities are found in the
frontal lobe and the lowest are observed in the cerebellum, oc-
cipital lobe and the brain stem. The non-specific image is consis-
tent with the known non-specific binding of ['®F]JAV45 to white
matter.
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5.8 Discussion

In this chapter, I have mathematically modelled the spatiotemporal distribution
of A3 in the brain as AD pathology increases with a high degree of accuracy
using a logistic growth model. The results support the hypothesis that the re-
gional accumulation of AS originates at the same time with the same growth
rate for all regions. The results support the hypothesis that the heterogeneous
Ap concentrations first characterised by H. Braak and E. Braak 1991 are caused
by a particular property of the local tissue environment, rather than longer term
spreading from seed regions, as this would require different growth rates or
times to half maximal A3 concentration (e.g. for long term spreading 759 would

be expected to be earlier in seed regions).

First and foremost, the analysis shows that the spatiotemporal distribution of
Af in AD can be accurately modelled using a four-parameter logistic growth
model, where the carrying capacity and non-specific binding vary across the
brain but the growth rate and time of half maximal concentration are constant.
A model with these characteristics was clearly identified as the most parsimo-
nious model using the BIC model selection criteria and the optimal model was
shown to be independent of the chosen parcellation of the brain. Interestingly,
this model has previously been shown to be able to characterise the accumula-

tion of A in vitro (C.-C. Lee et al. 2007).

In order to apply the logistic growth model, I formed a modelling pipeline
which combined cross-sectional and longitudinal data to form a "chronological
dataset” which represented the typical accumulation of Aj across the popula-
tion. This modelling approach was confined to only A3 imaging in AD but a
similar methodology could be applied to other PET tracers and other diseases.
One requires large datasets of both longitudinal and cross-sectional data as was
obtained here but with more PET data being acquired all the time, this will be-

come feasible for many tracers in the near future.
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There are a number of limitations of the current work that should be consid-
ered. Firstly, in order to model the accumulation of Ag in AD at the popula-
tion level it was assumed that there is a consistent spatiotemporal distribution
for all subjects within the cross sectional ADNI cohort, which may be an over-
simplification. However, the clear coherence of individual trajectories in all
brain regions and previous post-mortem data provides confidence that this as-
sumption is reasonable. Secondly, when creating the chronological dataset, it
was assumed that the subjects in the longitudinal data and the cross-sectional
study are all following the same accumulation trajectory. Table 5.1 shows de-
mographics for both the studies. Both studies have scans from healthy controls,
MCI and AD patients and the subjects in the two studies are well matched on
all the characteristics apart from the number of cognitively impaired subjects
which is less in the longitudinal study. However, the most important factor is
that the longitudinal data contains subjects across the full spectrum of the dis-
ease process which means that it is appropriate to apply the whole cortex SUVr
canonical function derived from the longitudinal data to the cross-sectional
data. Thirdly, quantification was done with SUVr and this does not account
for brain atrophy during the 30-year period and the impact this may have on
Ap signal. Studies have shown that the rate of atrophy is greatest in medial
temporal regions where the rate is 0.6 % per year (std = 0.7) for healthy controls
increasing to 1.5 % per year (std = 0.7) in AD. With these atrophy rates, it is un-
likely that atrophy would have a significant impact on the model identification
and conclusions presented. Further, and perhaps more importantly, it has been
shown that the majority of A accumulation occurs prior to atrophy effects be-
coming significant (Jack Jr, Knopman, Jagust, Petersen, et al. 2013). Fourthly, the
models investigated in this chapter have each parameter as either being local or
global. It would be interesting to see if there is an intermediate model where
groups of regions are modelled to behave similarly. These intermediate models
weren’t investigated and so it is possible that a more parsimonious model than

Model 11 does exist for the data.
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There are a number of different information criteria such as the Akaike infor-
mation criteria and the deviance information criteria. The choice to use the BIC
was taken as it has been shown to be better when considering nested models
and when the aim is explanatory power rather than predictive power (Burn-
ham and Anderson 2004). In this study, the AIC picked Model 15 as being the
most parsimonious model. This model also has a global 75, but the uninhibited

exponential growth rate r is a local parameter.

As stated in chapter 4, information criteria are one way to assess the the par-
simony and fit of a model but a more robust way would be to cross-validate
the model on an independent dataset. This wasn’t performed here as the whole
dataset was used for the fitting to achieve the best estimate of the parameters

however this means the validation of the best model is difficult.

The spatiotemporal modelling of longitudinal data with the logistic growth
model that has been introduced here could have much wider utility. In particu-
lar, it will be important to investigate the trajectory of A5 accumulation in other
dementias and neurodegenerative diseases where different patterns of A are
observed to ascertain whether the temporal process is the same but the spatial
distribution is simply driven by different regional carry capacities or whether

the accumulation process is actually different.

5.9 Conclusion

In conclusion, the in vivo spatiotemporal distribution of A5 in AD can be mathe-
matically modelled using a four-parameter logistic growth model where the A/
carrying capacity is heterogeneous across the brain but the exponential growth
rate and time of half maximal A3 concentration are constant. This suggests that
the heterogeneous A accumulation in AD results from different regional car-
rying capacities, rather than longer term spreading from a small number of seed
regions. By fitting this model at the voxel-level it is possible to create paramet-
ric maps K and NS for the Aj3 carrying capacity and the non-specific binding

respectively. K has the highest intensities in frontal regions of the cortex and
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in NS has the highest intensities in the white matter which reflect the known
non-specific binding properties of ['®F]AV45. Future work, could include us-
ing the mathematical modelling approach introduced here to characterise the
spatiotemporal distribution of other misfolded proteins such as tau. In the next
chapter, the two parametric images are used to define a new imaging outcome

measure to quantify the global A burden in AD.
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Chapter 6

Amyloid load, AS;: a novel
outcome measure for the global

AfS burden in AD

In the previous chapter, I provided evidence that, Ag accumulation in AD is
a global process which occurs at the same time in all brain regions and that
heterogeneity in [1®F]JAV45 uptake across the brain are the result of heterogene-
ity in AB carrying capacities and non-specific binding. I produced parametric
maps for the AS carrying capacity and non-specific binding. In this chapter,
building on the implications of the logistic growth model and these parametric
maps I define a new outcome measure to quantify the global A burden and an

algorithm to calculate it from Af scans.

6.1 Quantifying A5 burden using mean cortical SUVr

Mean cortical SUVr and composite SUVr (with grey matter cerebellum reference
region) are outcome measures which are easily calculated from a static PET scan
and are frequently used in A3 imaging to quantify the global A3 burden in the
brain. Once the static image has been converted into an SUVr image (as outlined
in Chapter 3), the mean cortical SUVr is defined to be the mean intensity of
the voxels in a cortical target ROl Usually, this ROI would be calculated by

combining a grey matter probability map (obtained by segmenting a structural
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MRI image) with a set of cortical regions taken from an atlas. For a composite
SUVr, a similar methodology is used but one would select a set of regions from
the atlas which cover most but not all of the cortex. For example, the occipital
lobe (where there is stereotypically less signal) can be excluded (Jagust, Landau,

et al. 2016).

Mean cortical SUVr and composite SUVr have been used as the primary out-
come measures in large cross-sectional studies, longitudinal studies and even
phase 3 trials of potential therapeutics (Clark, Schneider, and Bedell 2011; D. E.
Wong et al. 2010; Jagust, Landau, et al. 2016; Sevigny et al. 2016).

6.1.1 Limitations of mean cortical SUVr

As I have shown in chapter 5, A5 accumulation does occurs at different levels
across the entire cortex. Indeed, as H. Braak and E. Braak 1991 noted, some
small areas of the cortex remain free of Aj deposits even at a late stage in the
disease process. Further, I showed that even within ROISs, stereotypically there
is heterogeneity in Af concentration. Therefore, using the whole cortex as a
target region for an outcome measure is suboptimal. By including voxels with

little accumulation, one is reducing the signal to noise ratio.

In addition to the poor signal to noise ratio, harmonisation of a global SUVr
measure is challenging in large multi-centre studies as one has to ensure that
every centre uses a target ROI defined in the same way. Interpreting differences
in reported SUVr between studies is even more difficult because they may rep-
resent differences in concentrations in A3 but could also be a result of defining
the target region differently. It would be preferable to have a biomarker for the
global level of A which doesn’t define a target region, as this would reduce

the methodological bias incurred by having to define a target ROL.

Finally, when calculating mean cortical SUVr, there is no automatic output which
checks whether the methodology was computed correctly or whether it is ap-
propriate to use it as an outcome measure. For instance, if there are large lesions

in the brain or the atlas was poorly applied to the image, the mean cortical SUVr
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values could be low despite high concentrations of AS. This would not be auto-
matically detected during the calculation of mean cortical SUVr and this could

then bias any study level results.

6.2 Aims and outline

The aim of this chapter is to introduce a new outcome measure to quantify the
global AB burden on the brain that is specific to regions where A accumulates,
doesn’t require the definition of a target region and includes an automatic check

of how well the computation was performed.

The remainder of the chapter is organised as follows; initially, in section 6.3, I
define a new parameter AfJ;, for the quantification of the global A burden that
is a natural consequence of the logistic growth model identified in chapter 5. An
automated method for calculating Afy, is presented in section 6.4. The method
involves modelling SUVr images as a linear combination of the two previously
derived template images and the quality of this modelling is evaluated in sec-
tion 6.5. Finally, AB, is compared to the mean cortical SUVr as an outcome
measure to quantify the global A3 burden in cross-sectional data in section 6.6

and in longitudinal data in section 6.7.

6.3 Definition of Amyloid Load, Aj;,

Results from chapter 5, showed that SUVr at time, ¢, SUV'r(t) is effectively mod-
elled by

SUVr(t) = NS+ (6.1)

1 + e—T(t—Tg,o)

where r and 75 are the global values of the exponential growth rate and time of
half maximal concentration and NS and K are local values for the non-specific

binding and Aj carrying capacity

. . 1 .
Since r and T5g are constant across the brain, ——————— is also constant ac-
1 + e*r(t*TEO)

cross the brain for a given ¢ and therefore at the population level the SUVr value
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in a voxel i, SUV'r;(t) can be written as,

SUVT‘Z'(t) =NS; + AﬁLKl (62)

where N S; is the non-specific binding in voxel i, K; is the Aj carrying capac-

ity in voxel ¢ and Af3; = is a scalar ranging from 0 to 1 and is

1 + e—T(t—T50)
constant across the brain.
Therefore, images SUVr at all timepoints in the accumulation process can be

written as,

SUVr(t) = NS + AB.K (6.3)

where SUVr(t) is a typical SUVr image at time ¢, NS is the non-specific binding

parametric image and K is the carrying capacity parametric image.

APy is the scalar which multiplies the A specific carrying capacity image with
0 corresponding to zero A3 burden and 1 corresponding to the point of maximal

ApS concentration.

To account for global differences in the level of non-specific binding between
subjects it was hypothesised that any ["®F]AV45 image that had been spatially
normalised into MNI152 space could be approximated using a linear combina-
tion of the carrying capacity parametric image, K and the non-specific bind-
ing parametric image NS. Therefore any SUVr image can be approximated by

SUVry;;, where,

SUVl‘fit =nsNS + A K (6.4)

where, ns is a scalar fitting the global level of non-specific binding, NS is the
non-specific binding parametric image, A3y, is the scaling factor of the carrying

capacity image and K is the carrying capacity parametric image.
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Since the carrying capacity image K relates to the maximal A3 concentration,
the scaling factor is defined as Amyloid Load (Af3;) which is a biomarker for

global the A/ concentration.

6.4 Automated method of calculating A5,

As outlined in Chapter 3, initially SUVr images were created using grey matter
cerebellum as a reference region. These images were spatially normalised to

MNI152 space using DARTEL (Ashburner 2007).

After spatially normalising the ['®F]AV45 SUVr images, a fully automated algo-
rithm was used to calculate SUVr;, for each image by optimising the values for
a and Afy, so that the sum of squares of residuals between the voxel intensities
of the spatially normalised ['®F]AV45 SUVr image and SUVr +it Was minimised.
This was achieved by forming the overdetermined system of linear equations

shown in Equation 6.5 and solving it in MATLAB using QR decomposition.

NS, K SUVry
= (6.5)

NSend Kend SUVTend

where NS;, K; and are the i ™ voxel intensities in the NS image, K image and

['®F]AV45 SUVr image in MNI space respectively.

Following the optimisation step, the algorithm produces four outputs as sum-
marised in Figure 6.1. The values of ns and Afy, are recorded, the SUVry;
image is written to file and a difference image is also produced by calculating

SUVr — SUVry;y.

AP, was calculated using this algorithm for all subjects in the ADNI cross-
sectional data, the ADNI longitudinal data and Dallas Lifespan study databases

(for more information see chapter 3).
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FIGURE 6.1: Workflow of how Agy, is calculated: the input im-

age is initially spatially normalised to MNI152 space and then a

linear regression is performed using the two parametric maps.

There are four outputs; «, AB;, the fitted SUVr image SUVry;;
and a difference image equal to SUVr — SUVry;;

6.5 Evaluating SUVr;;; images

The quality of the fit of SUVr;; was analysed by evaluating the percentage of
voxels in the brain which satisfied [SUVr — SUVr;| > 0.3. Clearly, the larger

this percentage, the poorer the fit.

6.5.1 ADNI cross-sectional data

The mean percentage of voxels in the brain with [SUVr — SUVry;| > 0.3 for the
769 subjects from the ADNI data was 4.6%. 96% of the 769 subjects had fewer
than 20% of voxels which satisfied [SUVr — SUVry;;| > 0.3 meaning that over
80% of voxels in 96% of subjects were well modelled. The highest percentage
in all the subjects was 38.0%. There was no correlation between the calculated

AP and the percentage of voxels which satisfied |[SUVr — SUVry;;| > 0.3.
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FIGURE 6.2: A figure showing the quality of the fit of SUVry;;
images. The top plot shows percentage of voxels in the brain
which satisfied |[SUVr — SUVrs;| > 0.3 for each of the 769
subjects. The subjects are ordered by this percentage. 3 subjects
(A, B, C) are labelled on the graph and below the corresponding
SUVr, SUVry;; and difference images are displayed. Overall, the
linear combination of parametric images can effectively model
the scans from the ADNI cross-sectional imaging data.
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6.5.2 Dallas lifespan study

141 of the 146 subjects (96.5%) in the Dallas Lifespan study had fewer than 10%
of voxels which satisfied [SUVr — SUVry;| > 0.3. The highest percentage in
all the subjects was 36.0% and like the ADNI cross-sectional data, there was no

correlation between the calculated A3, and the quality of the fit.

The quality of the fitting is similar in the Dallas lifespan study data to the cross-
sectional ADNI data. The template images K and NS were created using the
ADNI cross-sectional data and this result shows that the same template images
can be used in other studies rather than having to calculate study specific tem-
plates for K and NS. This is vital in order for A3y, to be applied more generally

as an outcome measure to quantify the global A burden.

6.5.3 Using the difference image to QC the quality of SUVr;; in fu-

ture studies

The difference image produced by the algorithm allows one to analyse how
well the SUVr image data were modelled. This feature could provide useful
information as to whether a particular scan has an abnormal A3}, due to poor
fitting rather than abnormal concentrations of Ag. This information is lacking

when using mean cortical SUVr.

As an example, consider a simulated example in Figure 6.4 where I have ar-
tificially set all the voxels in two ROIs in the frontal cortex to zero (similar to
what we might expect from a lesioned region of the brain). The difference im-
age calculated clearly picks out the ‘lesioned” voxels as being poorly fitted. In a
real setting, this would allow one to act accordingly. For instance, it would be
possible to only calculate A3y, on well fitted voxels or remove the subject from
any subsequent analysis if the poor fitting voxels were more widespread. The
percentage of voxels in which [SUVr — SUVr;| > 0.3 for this simulated case
was 23.3% and the A3, dropped from 54% from the original image to 33% once

the simulated lesions were applied. This decrease in A5, would bias any study
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FIGURE 6.3: An equivalent figure to Figure 6.2 but using the

cross-sectional Dallas Lifespan Brain study. As with the ADNI

cross-sectional data, linear combinations of the parametric tem-
plate images can effectively model the data
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FIGURE 6.4: Using the difference image to check Aj; calcula-

tion. Left: Two frontal ROIs have had the intensities set to zero

to simulate a heavily lesioned brain. Middle: The fitted image

calculated with this adaptation of the original image. Right: The

difference image between SUVry;; and the ‘lesioned’ brain. One

can clearly identify the bright intensities in the simulated lesions
showing the poor fitting here.

level analysis performed and therefore it is necessary to implement a QC step

which rejects images like this where the fit is poor.

A possible QC algorithm for checking the quality of the fit of SUVr;; in studies
with a large number of scans could look at the percentage of voxels in which
|SUVr — SUVry;| > 0.3 initially. Then visually QC the difference images
for all subjects where the percentage of poorly fitted voxels exceeds 10%. If this
algorithm was followed for the ADNI cross-sectional data, 97 scans would have
to be visually QC’d instead of 769. This approach requires further validation
before it can be used with confidence as the example shown here is a simulation
case and it is difficult to tell the ability to detect abnormalities in more subtle

real-life cases from this example.

6.6 Ap; as an outcome measure in the cross-sectional ADNI

data

The distributions of AS;, within the four different classifications (HC, EMCI,
LMCI, AD) in ADNI were calculated and compared to analogous distributions

for the mean cortical SUVr. Boxplots for each of the distributions are presented
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in Figure 6.5 and the effect sizes between the different groups for mean cor-
tical SUVr and Apr, are shown in Table 6.1 and Table 6.2 respectively. Here,
the Hedges’ g effect size presented. The equation for the Hedges’ g effect size

between two distributions X7 and X> is,

S*

Hedges’ g =

where, 115 is the mean of X5, 111 is the mean of X; and s* is the pooled standard
deviation. The pooled standard deviation of two distributions X; and X», s* is

defined to be,

- (nl 7 1)8% +ng — 1)'5% (6 7)
ny + no + 2 ’

where, n; is the sample size of X7, ns is the sample size of X5, s; is the standard

deviation of X7 and s» is the stardard deviation of X5.

Both mean cortical SUVr and Af}, increase from healthy controls to EMCI, LMCI
and finally AD in the ADNI population but A3, has greater sensitivity between
all classification groups. The mean increase in effect size when comparing A3z,
with mean cortical SUVr was 56% and the greatest increase was observed be-

tween LMCI and EMCI.

EMCI | LMCI | AD
Effect size vs HC 0.21 043 | 097
Effect size vs EMCI 0.23 | 0.77
Effect size vs LMCI 0.5

TABLE 6.1: Effect sizes for SUVr.

EMCI | LMCI | AD
Effect size vs HC 0.24 0.71 15
Effect size vs EMCI 0.49 1.2
Effect size vs LMCI 0.64

TABLE 6.2: Effect sizes for ASL.
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FIGURE 6.5: Boxplots of the distributions of mean cortical SUVr and A8y, within four groups - HC: Healthy controls, EMCI: Early mild

cognitive impairment, LMCI: Late mild cognitive impairment and AD: Alzheimer’s disease. With increased progression through the

disease process, there is an increase in both mean cortical SUVr and Af;, but the effect sizes between the groups are all greater for A3y,
(see Tables 6.1 and 6.2).
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6.6.1 nsin the cross-sectional ADNI data

The global scaling factor for the non-specific binding ns decreases as subjects
progress from HC to AD. Figure 6.6 shows the distributions of ns for all clas-
sifcations. The mean ns in healthy controls was 1.06 and this reduced to 0.89 in

Alzheimer’s disease subjects.

There are two possible explanations for this reduction. Firstly, it could be an
increase in the level of non-specific binding in the reference region (grey matter
Cerebellum) in AD subjects when compared to controls. If this was the case
however, one would expect to see a similar effect on A3, which is not the case.
In fact, ASr, increases which would imply that either there is no change in the
level of non-specific binding in the reference region between healthy controls
and AD patients or that the change is very small in comparison to the change
in A concentration in the brain. Secondly, and perhaps more plausibly, the
reduction could represent an actual decrease in the level of non-specific binding

in AD subjects which could be due to a reduction in tissue density.

6.7 Apr as an outcome measure in ADNI longitudinal data

AP and mean cortical SUVr were calculated for each of the 147 subjects in-
cluded in the longitudinal arm of ADNI. The distributions of A3; and mean
cortical SUVr can be seen in Figure 6.7. The increase in follow-up mean cortical
SUVr was 0.026 compared to baseline with a standard deviation of 0.11 which
translates to an effect size of 0.35. The increase in follow-up A5 compared to
baseline was 2.0% and the standard deviation was 5.8% which translates to an

effect size of 0.49 for Afy.

The increase in sensitivity in longitudinal data could prove important in future
longitudinal studies as one would be able to detect a significant change with
interventional studies with fewer subjects. For instance, in order to statistically
detect a 5% change in mean cortical SUVr with an intervention with a power

of 80% one would require 359 subjects (where this is calculated using the mean
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FIGURE 6.6: Boxplots of the distributions of the calculated « for
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FIGURE 6.7:

Boxplots for the distributions of changes in A3y,
and mean cortical SUVr between baseline and follow-up scans
in the longitudinal ADNI data
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and standard deviation of mean cortical SUVr in this study) whereas ASr, us-
ing would only require 81 subjects. This could have a dramatic effect on the
financial cost and the number of patients required in interventional studies and
clinical trials, such as that conducted by Sevigny et al. 2016 who showed adu-

canumab reduces the mean composite SUVr in AD over a period of 12 months.

6.8 Discussion

In this chapter, I have introduced the novel sensitive biomarker for quantifying
the Aj3 burden in the human brain using data from a static PET ['®F]AV45 scan.
APy, is calculated from insights derived from the logistic growth model identi-
fied in chapter 5 by initially modelling an SUVr image as a linear combination
of two template images - K and NS. Af;, is determined as the scaling factor
of the carrying capacity template image K. An automated method of calculat-
ing AB3r, which is fast and robust to execute was also presented. The algorithm
produces four outputs, Af5z, the global level of non-specific binding ns, a fitted
SUVr image and a difference image showing the difference between the fitted

SUVr image and the actual SUVr image.

In this work, I calculated AB;, and mean cortical SUVr for 769 scans of sub-
jects ranging across the full spectrum of disease. The effect sizes between the
different disease classifications in the cross-sectional ADNI dataset introduced
in chapter 3 were calculated for both outcome measures and larger effect sizes
were observed for Af;, in every comparison. The mean increase in effect size
between the different classifications in the cross-sectional ADNI was 56%. This
increase in sensitivity could prove important in future studies as one would re-
quire fewer subjects to detect a significant difference between disease groups
and healthy controls. The increased power was also observed using the longi-
tudinal data and this would translate into more powerful or smaller sized in-
terventional studies aimed at testing novel therapeutics. To illustrate this point,
consider Figure 6.8; it shows the power of mean cortical SUVr and Af, to detect

changes in a simulated trial of a potential anti-AJ therapeutic where the power
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FIGURE 6.8: Power curves for the ability of mean cortical SUVr
and Afy, to detect changes in global A3 burden

of each is calculated using the mean and standard deviations found in the lon-
gitudinal ADNI data. The power to detect small changes of less than 15% in the

global Af burden is greatly increased when using ASr,

The difference image produced by the algorithm allows one to analyse how
well the SUVr image data was modelled. This feature can provide useful in-
formation as to whether a particular scan has an abnormal A3, due to poor
fitting (resulting from poor registration to MNI space or lesions) for instance
rather than abnormal concentrations of Aj3. This information is lacking when
using mean cortical SUVr. In this work, a voxel was considered to be poorly
estimated if the absolute difference in intensity was greater than 0.3. 96% of the
SUVr fitted images had fewer than 20% of voxels which were poorly fitted sug-
gesting the SUVr fitted images accurately model the majority of SUVr images.
This work however, requires further validation in order to have confidence that
all poor registrations are being detected as the work done to date merely pro-
vides motivation and a possible methodology. In reality, this will have to be

developed further before it can be used.
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There are some limitations that should be considered when using this technique
in future studies. In particular, for interventional studies, one should consider
that if the intervention affects the A5 concentration in a spatially dependent
manner (i.e., does not reduce AS uniformly across the brain) then scans may not
be modelled effectively using a linear combination of NS and K after treatment.
The quality of fitting pre and post-treatment should be investigated in future
work. Caution should be exercised when using disease groups other than AD as
the outcome measure was developed using templates derived from modelling

the disease progression of AD.

6.9 Conclusion

In this chapter, I have introduced a novel biomarker, A3}, for quantifying the
global A burden in the brain using an ['8F]AV45 scan. Previous approaches
have used either mean cortical SUVr or a composite SUVr of large cortical re-

gions.

The novel method introduced to calculate A5r, showed that SUVr images can
be effectively modelled using a linear combination of the two template images
(NS and K) both in the ADNI dataset where they were generated and an inde-

pendent dataset.

Finally, I showed that by using Af,, it is possible to obtain greater effect sizes
both between different clinical groups in cross-sectional data and between base-
line and follow-up in longitudinal data. This result has important implications
for the number of subjects needed to have sufficient power to detect significant

differences in clinical trials.
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Chapter 7

Kinetic analysis of [1®F]AV1451
Tau PET

In chapter 2, I provided background about the microtubule associated pro-
tein tau and its involvement in neurodegenerative diseases including CBD. I
also discussed imaging pathological tau using PET. In this chapter, I develop a
pipeline to quantitatively analyse imaging data from the novel tau radiotracer

['®F]AV1451 in a study of patients with CBD.

7.1 Aims and outline

In chapter 2, when reviewing the previously published literature using ['*FJAV1451
I noted that studies optimising the quantification pipeline had been restricted
to AD and TBI subjects. This chapter is dedicated to optimising the analysis
pipeline for ['®8F]AV1451 in CBD. Chapter 3 described how dynamic ['**F]AV1451
PET images were corrected for motion, an atlas was non-linearly warped from

MNI space to subject-space and regional time activity curves were generated.

In this chapter, initially in section 7.2, I obtain a model to accurately quantify the
metabolite fraction in the plasma and combined with modelling of the plasma
over blood ratio generate an arterial plasma parent input function. This input
function is used in conjunction with imaging data to ascertain the optimum
compartmental model for ['8F]AV1451 in CBD. The optimum model is subse-

quently used as a gold standard to assess the validity of SRTM in section 7.3
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and SUVr in section 7.4. Time stability analysis of SUVr is also performed in
section 7.4 to ascertain the optimum scanning window for future [¥F]AV1451

studies in CBD.

7.2 Optimum modelling pipeline for quantitative ['"*F]AV1451

analysis

There are two main stages to optimising the kinetic modelling approach for a
radiotracer once one has established the method to generate TACs for a set of
chosen ROIs (covered in Chapter 3). The first of these is the determination of an
arterial input function from the blood data obtained from a dynamic PET scan

and the second is selecting an appropriate kinetic model.

7.2.1 Determination of arterial plasma parent input function

This section will first describe the method to produce an arterial input func-
tion. Firstly, the reader is introduced to the blood data obtained and then this
information is used to generate an input function. The arterial input function is
the modelled concentration of radiotracer in the plasma and it is assumed in all
subsequent analysis that only radiotracer in this form can cross the blood-brain

barrier.

Blood data from a dynamic PET scan

In all ten scans (5 healthy controls and 5 CBD patients; for more demograph-
ics see Chapter 3), arterial blood data was sampled from each patient over the
course of the scan. For the first 900 seconds the concentration of radioactivity

(kBq/ml) in the blood was recorded every second.
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In addition to this, discrete blood samples were taken every 300 seconds be-
tween 0 and 1800 seconds and every 600 seconds between 1800 and 7200 sec-
onds. The plasma over blood ratio was calculated for each of these discrete

samples.

Finally, the plasma was further analysed at a set of discrete timepoints using
high-performance liquid chromatography (HPLC) techniques for each scan to
analyse the percentage of the compound which had not been metabolised (it is

assumed that only the parent compound can cross the blood brain barrier).

Modelling blood data to create an arterial input function

In the first step, a model is fitted to the plasma over blood ratio data. For
this tracer I observed that the ratio stabilises rapidly as has previously been
reported (Wooten et al. 2017) and therefore a constant k£ was fitted to the data.
That is,

POB(t) =k (7.1)

where, POB(t) is the plasma over blood ratio at a time t. This constant ratio
was used to find the radioactivity in the plasma over the course of the scan
(here it is assumed that the concentration of radiotracer is the same in plasma

and blood) by multiplying the blood data points by the constant ratio k.

P(t) = kB(t) (7.2)

where, P(t) is the concentration of radioactivity in the plasma and B(t) is the

concentration of radioactivity in the blood.

A range of different empirical models (all models tested are shown Appendix
A) for the fraction of parent compound in plasma PPF(t) were fitted to the
metabolite data for all the subjects and the BIC was used to calculate the most
parsimonious option. The lowest BIC value for seven of the ten subjects oc-
curred when using a sigmoid function which has three parameters (o, 8 and 7)

written in Equation 7.3
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This sigmoid function was used as the model for all the subjects and Figure
7.1 shows the fit of the sigmoid function to the metabolite data. One can see
that in all cases (including the three subjects where it was not found to be the
most parsimonious option), it accurately describes the data however, there is
an overestimation (less than 5%) of the true parent fraction at the earliest time-
point for 5 subjects. A consistent overestimation across time would lead to an
overestimation of the AIF(t) and therefore an underestimation of V. The Vp
is ultimately dependent on the area under the fitted metabolite curve however,
and small overestimations of one point will have a small effect on the this area.

Therefore, this level of error will not majorly effect the calculated Vr.

Figure 7.2 shows the mean parent fraction data across all subjects. The mean
parent fraction remains above 10% across the length of the scan. The highest
variability in the parent fraction across the subjects occurs before 3000 s with the
mean value dropping from approximately 85% at 300 seconds to 20% by 3600 s.
This shape of the mean parent fraction curve is consistent to those found by
Wooten et al. 2017 and Golla et al. 2017 in that it exhbits a sigmoid curve and a
flattening of the curve one hour post injection. Wooten et al. 2017 only collected
data for 90 min post injection of the tracer and at this point the parent fraction
was approximately 25% whereas in this study it was less than 20%. Similar
to Golla et al. 2017, at later timepoints the rate of change of parent fraction

decreases but the value is still decreasing.

In the final step of creating the arterial input function, the values for the con-
centration of radioactivity in the plasma are multiplied by the parent fraction

modelled to be in the plasma, PPF(t). Therefore,

AIF(t) = PPF(t)- P(t) (7.4)
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FIGURE 7.1: Fit of the sigmoid function to the parent fraction
data for all 10 subjects
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FIGURE 7.2: Mean parent fraction curve across the whole study
(error bars show the standard deviation).

where, AIF(t) is the arterial input function and - is the element wise multipli-

cation of the data for a defined set of values for ¢.

7.2.2 Generation of TACs

Initially, the structural T1-weighted MRI images were segmented using a uni-
fied segmentation algorithm (Ashburner and K. J. Friston 2005). The resulting
grey matter and white matter probability maps were used to create DARTEL
flowfields which define a spatial mapping from each subjects” structural MR
image space to the standard MNI152 space. The inverse of these flowfields was
calculated and was applied to the CIC atlas (Tziortzi et al. 2011) which pro-
duced an atlas image in each individuals” MR structural T1 space which was

visually QC’d.

Six ROIs were chosen from the CIC atlas; Parahippocampus, Insular, Hippocam-
pus, Posterior Cingulate Gyrus, Precuneous cortex and Orbitofrontal. These

were chosen because they are cortical regions of the brain that have been shown
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FIGURE 7.3: Regional TACs for the 120 min scan for an example
subject for the Precuneous cortex and the Cerebellum. Qualita-
tively, these regions exhibit different kinetics.

to have tau pathology in CBD in vitro (Forman et al. 2002). I am restricting the
analysis to cortical regions because quantification of [{®F]AV1451 in subcortical
regions is unreliable due to tracer off-target specific binding to neuromelanin
and MAO-A. In addition to the six target regions, the Cerebellum TACs were

also generated to use as a potential reference region.

The regional TACs were generated by applying the atlas to the dynamic mo-
tion corrected PET images in T1 space. The mean intensity weighted by the
grey matter probability of the voxels in each frame was plotted against the mid-
frame time for each frame to generate the final TACs. Example TACs can be
seen in Figures 7.3 and 7.4. The TACs are similar to the control subject TACs
presented by Wooten et al. 2017. Their peak values are between 2 and 3 SUV
units before 20 minutes post injection and reduce to under 1 in the time of the
scan. The MCI subjects in the data presented by Wooten et al. 2017 exhibited
much greater signal at later timepoints and greater differentiation between re-

gional TACS.
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FIGURE 7.4: Regional TACs for the 120 min scan for an example
subject for 5 ROIs.

7.2.3 Optimum kinetic model

Having determined an appropriate arterial input function for each of the ten
subjects, a set of compartmental models used this as the input to describe the
regional TACs generated from the imaging data (see Chapter 3 for further de-
tails on how these were generated). Four different compartmental models were
tested; the reversible one-tissue compartment model, the irreversible one-tissue
compartment model, the reversible two-tissue compartment model and the ir-

reversible two-tissue compartment model.

As with the metabolite data, the best model of the four was determined using

the BIC.

In all seven grey matter masked ROIs (Parahippocampal gyrus, Insular cortex,
Hippocampus, Posterior cingulate gyrus, Precuneous cortex, Orbitofrontal cor-
tex and Cerebellum) the reversible two-tissue compartment model was found
to be the most parsimonious model for describing the TACs which is consistent

with previous studies using this tracer (Wooten et al. 2017; Golla et al. 2017. The
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FIGURE 7.5: Fits of the two-tissue compartment model (2-TCM)
to time activity curves for a target region (Precuneous cortex)
and the potential reference region (grey matter Cerebellum)

blood volume was fixed to be 5%. (Models with a fitted blood volume and zero
blood volume were also investigated but resulted in poor fits or biologically

implausible blood volume estimates).

Fits of the reversible two-tissue compartment model for an example subject can
be seen in Figures 7.5 and 7.6. The fit of the model is good in all regions however
there is an underestimation of the TACs between approximately 20 and 40 min
post-injection followed by and overestimation between 50 and 90 min and fi-
nally an underestimation between 100 and 110 min. The maximum absolute

value of any residual across all target regions is less than 0.05 SUV units.

7.2.4 Grey matter cerebellum as a reference region

In AD, the grey matter Cerebellum has been used as a reference region and
showed good correspondence with results from full kinetic modelling (Wooten
et al. 2017; Golla et al. 2017). It was hypothesised it could also be a good refer-

ence region for CBD because it does not intersect with the basal ganglia which
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FIGURE 7.6: Fits of the two-tissue compartment model (2-TCM)
to TACs from 5 cortical ROIs

seems to show the highest off-target binding signal (K. A. Johnson, Schultz, et al.
2016; Marquié, Normandin, Vanderburg, et al. 2015) and post-mortem studies
of CBD patients show low levels of tau in the grey matter Cerebellum (Forman

et al. 2002).

The grey matter Cerebellum time activity curves are plotted for all the patients
and controls in Figure 7.7. As Wooten et al. 2017 found, all subjects appear to
exhibit fast wash-in of radioactivity with high initial SUV peak of 1.75-3 and
rapid clearance which occured in the first 10 min of the scan. The CBD sub-
jects have TACs similar to controls but there is a small difference in the late
time points with CBD subjects having greater signal than healthy controls. This
could be due to differences in specific or non-specific binding of the tracer in

the Cerebellum.

Combining our results with previous post-mortem studies and the character-
istics of the tracer that have been identified in other disease groups suggests
that the grey matter Cerebellum can serve as a reference region for [\*F]AV1451

in CBD although one should be aware that there are subtle differences in the
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FIGURE 7.7: Plots showing the TACs and 2-tissue compartment
model fits for the grey matter Cerebellum region for all subjects.

kinetics in the Cerebellum which could affect the calculation of BPyp.

7.2.5 Vpand BPyp in CBD and healthy controls

Volumes of distribution, V-, were calculated using the optimum kinetic model
(reversible 2-tissue compartmental model with a fixed blood volume of 5%) in
both healthy controls and patients. The results are shown in Figure 7.8. There
was no statistically significant differences between V7 in patients and controls

when they are compared at the group level when using a two-sample t-test.

In addition to calculating volumes of distribution, the reversible 2-tissue com-
partmental model was used to calculate BPyp values for the six target regions
using the indirect method for all subjects using grey matter Cerebellum as a

reference region.

V .
BPypi=DVR;—1=——1"" 1 (7.5)
VTC’erebellum
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V, in HC and CBD patients
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FIGURE 7.8: Boxplots displaying calculated V7 values for CBD
patients and healthy controls for six ROIs

where, BPyp; is the binding potential value in a region 7, DV R; is the distri-
bution volume ratio in region i, Vr; is the volume of distribution in region
and V7 cerebelium Was the volume of distribution in the grey matter Cerebellum

reference region.

The BPyp values calculated are summarised in Figure 7.9. As was the case
with V7, no regions show statistically significant increases of binding in pa-
tients when compared to controls. However, the medians of the CBD patients
are higher than controls in all regions. With these data, it is impossible to tell
whether lack of statistical significance is due to the small study size or not. The
selected cohort was not used to evaluate differences between patients and con-

trols but rather to find the optimum modelling pipeline for larger future studies.

7.3 Validation of SRTM

This section focusses on assessing the quality of quantification of the same ten

subjects when using SRTM with grey matter Cerebellum as a reference region
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FIGURE 7.9: Boxplots showing calculated B Py p values for CBD
patients and controls for six ROIs

instead of full kinetic analysis with an arterial input function. SRTM does not
require an arterial input function and so quantification can be achieved without
inserting an arterial cannula into a subject. This has two main advantages; it
is far less invasive for the patient and it is more cost-effective and logistically

easier (especially in larger studies).

Fits of SRTM to the TACs for an example subject for six ROIs when using
grey matter Cerebellum as the reference region are displayed in Figures 7.10
and 7.11. The model can accurately describe the TACs in all regions. It should
be noted here that the sum of squares of the residuals of the fit to the Cerebellum

TAC is zero by design as this is the reference tissue TAC.

In Figure 7.12 the BPyp values calculated using SRTM are correlated with those
found using the 2-tissue compartment model. There is a strong positive linear
correlation between the gold standard of full kinetic modelling and the SRTM in
CBD. The Pearson’s coefficient of determination, 2, for the correlation was 0.86
which is similar to what was found in AD by Wooten et al. 2017 and Golla et al.

2017. Importantly, however the gradient of the best fit line was 0.78 suggesting
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FIGURE 7.10: The fit of SRTM to the TACs of two ROIs. The
sum of squares of the residuals of the fit to the Cerebellum TAC
is zero as this is the reference tissue TAC.
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FIGURE 7.11: The fit of SRTM to the TACs of five ROIs. The
model accurately describes the TACs in all regions.
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FIGURE 7.12: Correlation between BPyp derived from 2-tissue
compartmental model and from SRTM

there is an underestimation of the true BPyp using SRTM.

7.4 Validation of SUVr

I have already shown that SRTM provides a good correlation with full kinetic
modelling when using ['8F]-AV1451 in healthy controls and patients with CBD.
In this section, the potential to use a static imaging protocol for future studies is

explored.

Specifically, SUVr with grey matter Cerebellum as a reference region is assessed

as an outcome measure from static images.

7.4.1 Finding the optimum SUVr time window

I found the optimum time window for SUVr by evaluating the correlation with

BPyp at the group level. SUVr images were generated for a set of 11 20 min
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time windows ranging from 0-20 min to 100-120 min (see left hand column
of Table 7.1 for list of chosen time windows). This was achieved by creating
integral images from the same time windows and dividing the intensities of
the voxels in the integral images by the mean value from the Cerebellum grey
reference region. The CIC atlas (Tziortzi et al. 2011) was then applied to each
of the SUVr images in order to calculate regional SUVr values for the six target

ROIs introduced in section 7.2.2.

The Pearson’s correlation of determination, 72 between the SUVr — 1 values
and the BPyp values from the full kinetic modelling across all subjects and
all ROIs was evaluated for each time window. The results are summarised in
Table 7.1. The greatest r? values were observed at the late time windows of
90-110 mins and 100-120 mins. However, these were calculated with only nine
subjects as one patient only completed 100 min of the 120 min scan. The r? of
the 80-100 min is 0.83 which is the joint highest of all the time windows which
included all patients. In addition to this, the gradient of the line of best fit is

the closest to one out of all the time windows in which all the subjects were

included.
SUVr time window (mins) || r? | Gradient | Intercept
0-20 0.01 0.091 -0.102
10-30 0.25 0.542 -0.096
20-40 0.30 0.306 -0.007
30-50 0.78 0.644 0.036
40-60 0.55 0.489 0.031
50-70 0.66 0.592 0.042
60-80 0.83 0.821 0.049
70-90 0.79 0.761 0.052
80-100 0.83 0.841 0.052
90-110 (9 subjects only) 0.85 0.926 0.054
100-120 (9 subjects only) 0.87 1.009 0.045

TABLE 7.1: A table showing Pearson correlations of determina-

tion and the parameters from the best linear fit for the correla-

tion of regional SUVr values with BPyp values derived from
the two-tissue compartment model for six regions of interest

The optimum time window for the ten subjects analysed was determined to
be 80-100 min as this produced the highest r? values for a time window that

included all subjects but Table 7.1 shows that all time windows after 60 min
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FIGURE 7.13: Correlation between BPyp derived from 2-tissue
compartmental model and SUVr-1 calculated from static images

provide similar correlations. Figure 7.13 shows the correlation between SUVr—1
and BPpp as calculated from the 2-tissue compartment model for the optimum

time window of 80-100 min.

Time windows before 60 min show both lower 2 value for the correlation and
also a lower gradient. A lower gradient implies lower sensitivity and if one as-
sumes all measurements have the same signal-to-noise ratio, this could reduce

the power to detect real biological changes.

7.4.2 Assessing the optimum SUVr time window using individual

scan time stability analysis

The strong correlation of SUVr values with BPyp derived from 2-tissue com-
partmental model at the group level provides evidence that late time windows
can provide reliable quantification of the regional tau burden. However, by

combining the results for all the subjects into one analysis it is impossible to
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FIGURE 7.14: Plot showing the time stability of regional SUVr

values for six ROIs. The z-axis represents the mid-time window

time. The values become stable at 40 min (30-50 min time win-
dow)

evaluate how the characteristics of individual TACs affect the quality of quan-

tification.

In order to address this, the time stability of the regional SUVr was investigated.
Further, for each subject, regional SUVr values were plotted as function of time.
These plots show whether, and if so how quickly, the system reaches equilib-
rium. The time stability plot for a healthy control is shown in Figure 7.14. The
regional SUVr values become stable at 40 min meaning that for this subject a
20 min time window of 30-50 min would have yielded similar results to a late

time window.

Figures 7.15 and 7.16 show time stability graphs for two of the patients with
CBD. The system takes longer to reach an equilibrium with values becoming
stable at 70 mins (60-80 min time window) for one patient (Figure 7.15) and not

becoming stable in the full scan time window for another (7.16).

There appears to be a relationship between the SUVr values and the time it takes



7.4. Validation of SUVr 173

CBD4
2 -
© Parahippocampal G
O Insular ctx
Hippocampus
© Posterior cingulate G
© Precuneous ctx
Orbitofrontal
1.5
-
>
A
® o © o o % ° °o @ °
o [ P o [+ O e 8 2]
O o 8 -
1 o o 8 o o o o
o o
o -]
o o
o -]
05 | | | | | |
0 20 40 60 80 100 120

Time (mins)

FIGURE 7.15: Plot showing the time stability of regional SUVr
values for six ROIs. The values become stable at 70 min (60-
0 min time window)

for the values to become stable. Higher SUVr values mean the system takes
longer to reach equilibrium with very high values (as seen in Figure 7.16) mean-
ing the values never become stable. Interestingly, this result was also found in
AD patients by Wooten et al. 2017. The mechanism causing these results is un-
clear but one hypothesis could be that the presence of NFT alters the tissue in a
way which slows down the kinetics of the tracer and therefore the system fails

to reach equilibrium as quickly as when tau is not present.

This individual analysis has shown that although it is possible to achieve a good
group level correlation at the ROI level between full kinetic analysis and late
time-window SUVr, one should exercise caution as it is likely that SUVr of sub-

jects with high uptake are likely to be time-dependent.
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FIGURE 7.16: Plot showing the time stability of regional SUVr
values for six ROIs. The values fail to become stable inside the
duration of the 120 min scan.

7.5 Conclusion

In this chapter, I have assessed different methods for modelling ['®F]AV1451 in
CBD. In previous studies, optimum imaging protocols have been identified for
studies in AD subjects and patients who have suffered a TBI but no equivalent
studies have been performed for other tauopathies. Here, I firstly outlined the
method for producing an arterial input function. Metabolite data was accu-
rately fitted using a sigmoid function with three parameters and arterial input
functions were successfully created for all subjects successfully. The dynamic
imaging data was found to be best fitted using a 2-tissue compartment model
with fixed blood volume at the region level when considering seven grey matter

regions of interest.

After identifying the optimum kinetic model, I investigated whether it was pos-
sible to use SRTM as a method for quantifying tau. This does not require an ar-

terial cannula to be placed and therefore is less invasive for the patient. SRTM
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with a grey matter Cerebellum reference region showed a good correlation with
full kinetic modelling although gradient of the best linear fit between the two
suggested that there may be a consistent underestimation of B Py p values when

using SRTM.

Finally, SUVr was evaluated as a method to quantify the tau burden. Initially,
different time windows were investigated and 80-100 mins was identified as the
optimum time window as it provided the best compromise between including
all subjects and a good correlation between SUVr values and BPyp when de-
rived using full kinetic modelling. However, time stability analysis suggested
there may be a relationship between the level of uptake and the time taken for
the system to reach equilibrium. As such, the ability to detect real biological

differences may be diminished in larger studies if one only uses static imaging.






177

Chapter 8

Application of Tau PET
quantification to tau

accumulation following a TBI

In the previous chapter, the kinetics of [(®FJAV1451 were investigated where
full kinetic modelling with an arterial input function, reference tissue models
and static imaging methods were applied to a small study consisting of five
healthy controls and five patients with corticobasal degeneration. In this chap-
ter, I concentrate on quantifying ['8F]AV1451 uptake in a larger TBI study con-
sisting of 32 subjects. The demographics of the study, preprocessing of dynamic
['8]-AV1451 images and motion correction steps were explained in Chapter 3.
The hypothesis to be tested is that there is increased tracer uptake in subjects
who have suffered a TBI when compared to healthy controls. SRTM was used

to quantify all the data in this study.

8.1 Aims and outline

In this chapter, I hypothesise that there will be increased ['®F]AV1451 uptake in
patients who have suffered a TBI as compared to healthy controls. In the study,
32 subjects (21 TBI, 11 healthy controls) underwent a dynamic ['®F]AV1451 PET

scan without an arterial cannula being placed (more details in Chapter 3). The



Chapter 8. Application of Tau PET quantification to tau accumulation
178
following a TBI

hypothesis of increased tau levels in TBI is assessed both at the ROI and voxel

level.

The remainder of this chapter is dedicated to implementing SRTM to quantify
tracer uptake for all 32 subjects enrolled in the study. In section 8.2, the method-
ology for defining seven regions of interest including the reference tissue region
of interest is outlined. SRTM is then applied at the region of interest level to
the generated TACs in section 8.3. A parametric imaging approach is used in
section 8.4 which has the ability to detect more sporadic and less anatomically
related increases in tracer uptake. Parametric binding potential images are gen-
erated and individual z-score images are created for each TBI patient. These
show at an individual level in which voxels there is increased uptake when

compared to the normal distribution of healthy controls.

8.2 Definition of regions of interest

All preprocessing, motion-correction and model fitting in this analysis was com-
puted using MIAKAT™ (R. N. Gunn, Coello, and Searle 2016) which is a fully

quantitative suite of analysis tools for PET neuroimaging data.

8.2.1 Definition of grey matter

Grey matter voxels were determined from the structural MR images of all sub-
jects which were segmented into six different tissue classes using unified seg-
mentation in SPM12 (Ashburner and K. J. Friston 2005). All voxels exceeding a
probability of 0.9 in the grey matter probability map were considered to be grey

matter voxels.

8.2.2 Registration of atlas image to individual MR space

The grey matter and white matter probability maps were subsequently used to
create DARTEL flowfields which define a spatial mapping from each subjects’

structural MR image space to the standard MNI152 space. The inverse of these
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flowfields was calculated and was applied to the CIC atlas (Tziortzi et al. 2011)
which produced a personalised atlas image in each individuals” MR structural

T1 space which was visually QC’d.

8.2.3 Reference region

Post-mortem immunohistochemistry in a recent large cross-sectional study has
shown relatively low tau levels in the cerebellum of subjects with chronic trau-
matic encephalopathy (thought to be caused by repeat traumatic brain injuries) (Mez
et al. 2017) and therefore grey matter Cerebellum was chosen as the reference

region in this study.

The grey matter Cerebellum reference region was defined on the MR image to
be the intersection of the grey matter voxels (defined in subsection 8.2.1) and the
voxels in the Cerebellum region of interest in the subject space atlas (defined in

subsection 8.2.2).

8.2.4 Target regions

Six target ROIs were chosen from the CIC atlas; Parahippocampus, Insular, Hip-
pocampus, Posterior Cingulate Gyrus, Precuneous cortex and Orbitofrontal.
These were chosen because they are cortical regions showing high tau levels
in chronic traumatic encephalopathy (Mez et al. 2017). As was the case in the
previous chapter, I restricted the analysis to cortical regions because quantifica-
tion of ['®F]AV1451 in subcortical regions is unreliable due to tracer off-target
specific binding to neuromelanin and MAO-A. As with the reference region,
these regions were defined to include all voxels which are in the intersection of
grey matter voxels (defined in subsection 8.2.1) and the voxels in the region of

interest in the subject space atlas (defined in subsection 8.2.2).
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FIGURE 8.1: Time activity curves for a target ROI (Precuneous
cortex) and the reference region (Cerebellum). Both regions have
been grey matter masked.

8.3 Region of interest analysis using SRTM

TACs were generated for seven regions of interest defined above (the grey mat-
ter Cerebellum reference region and six target regions) for each subject by plot-

ting the mean of the intensities of the voxels in the region for each frame.

8.3.1 SRTM fits to TACs

Figures 8.1 and 8.2 show TACs for the seven regions for an example subject. The
peak SUV value varied between regions from approximately 1.8 in the Parahip-

pocampus to approximately 2.5 in the Precuneous cortex.

SRTM was applied to the TACs using the grey matter Cerebellum reference re-
gion as the reference region. Figures 8.3 and 8.4 show the fit of SRTM to the
TACs for an example subject. The model uses the grey matter Cerebellum ref-

erence region TAC as an input and therefore the sum of squares of residuals for
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FIGURE 8.2: TACs for five grey matter ROIs

the Cerebellum region is zero (Figure 8.3). In the target regions, the model ac-
curately describes all the TACs and can account for the different kinetics shown

across regions.

8.3.2 Distributions of BPyp in healthy controls and TBI

Regional BPyp values from SRTM were generated for each subject. The distri-
butions of BPyp values across all the chosen target regions in healthy controls
and patients who had suffered a TBI are summarised using boxplots in Figure
8.5. No regions show significantly higher uptake in patients who have suffered

a TBIL

However, subjects who had suffered a TBI did show an increased range of

BPpp values in all regions.

Overall, the BPyp values ranged from -0.27 to 0.29 in TBI subjects. These values
are lower than those seen in studies involving AD patients (Golla et al. 2017) but

similar to the majority of values found for patients suffering from CBD shown
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FIGURE 8.3: The fit of SRTM to two TACs for an example subject.
The Cerebellum is the reference region in this analysis resulting
in the sum of squares of residuals equalling zero by design.
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FIGURE 8.4: The fit of SRTM to five TACs for an example subject.
The model can accurately describe TACs in each region.
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FIGURE 8.5: BPnp values as calculated using STRM across six

regions in healthy controls and TBIL: At the region of interest

level there is no difference in the tracer binding potentials be-

tween groups. In all regions, there is a higher range of BPnp

values in the TBI group than in controls suggesting that level of

uptake in TBI is variable and potentially not spatially consistent
across patients

in the previous chapter in Figure 7.9. This high variability is not surprising
given the heterogeneous nature TBIs in the sample. This analysis suggests that

elevated tracer uptake may not be spatially consistent across subjects.

In healthy controls the variance is lower but there are outliers at both ends of
the distribution. This high variability could come from differing levels MAO-A
which ['®®F]AV1451 has recently been shown to bind to (Vermeiren et al. 2017).

8.4 Voxel-level analysis

The ROI analysis showed high variability in the uptake of ['*F]AV1451 in TBI
and I suggested this could be the result of heterogeneity in the nature of injury
which may cause different spatial patterns of uptake for each patient. In this

section, this is analysed further by modelling the PET data at the voxel level.
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8.4.1 Voxel level fitting of SRTM

The grey matter Cerebellum TAC was used as the reference TAC to apply SRTM
at the voxel level. SRTM was fitted at the voxel level using a basis function
method as outlined in R. N. Gunn, Lammertsma, et al. 1997. The result was

parametric images for binding potential for each subject.

The B Pyp parametric images were spatially normalised to MNI152 space using
the previously derived DARTEL flowfields from subject space to MNI152 space
(calculated in section 8.2.2). The flowfields were applied to the BPyp paramet-
ric images without modulation (meaning the image intensities were preserved)

using a 8mm x 8mm x 8mm smoothing gaussian kernel.

8.4.2 Parametric BPyp images

Figures 8.6, 8.7 and 8.8 show orthographic projections of the BPyp images for

all subjects included in the study.

Figure 8.6 shows the BPyp images for the 11 healthy controls. The highest
binding potentials are found in the Striatum for almost all subjects which is
consistent with the autoradiographic study conducted by Marquié, Normandin,
Vanderburg, et al. 2015 showing off-target binding to neuromelanin in this re-

gion.

Figures 8.7 and 8.8 show the BPyp images for the 21 TBI patients. As with
the healthy controls, there is a strong signal in the striatum which is likely to
be a result of off-target binding to neuromelanin and MAO-A. In the cortical
regions, BPyp values vary between subjects with some subjects (such as TBI 03,
TBI 04, TBI 10, TBI 15 and TBI 16) showing a strong and widespread signal and
others exhibiting binding potentials similar to controls. In subjects where there
is widespread uptake, the highest binding potentials are seen in the temporal

and parietal lobes.
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FIGURE 8.6: Orthographic projections of parametric BPyp im-

ages for healthy controls; consistent with previous studies, there

is high uptake in the striatum which is likely to be due to off-
target binding to neuromelanin and MAO-A.



Chapter 8. Application of Tau PET quantification to tau accumulation

186
following a TBI

BPND images for TBI patients - (1-12)
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FIGURE 8.7: Orthographic projections of parametric BPyp im-

ages for TBI patients (1-12); tracer uptake is variable across pa-

tients with some showing a strong and widespread cortical sig-

nal such as TBI 03, TBI 04 and TBI 10 but others with few voxels

having positive binding potentials such as TBI 06 and TBI 11.

In the subjects with strong signal, the highest binding potentials
occur in the temporal and parietal lobes
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ages for TBI patients (13-21); as with page 1, tracer uptake

is variable across patients with some showing a strong and

widespread cortical signal such as TBI 15 and TBI 16 but oth-

ers with few voxels having positive binding potentials such as
TBI 18.
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8.4.3 Z-score images

It is difficult with just visual inspection of the BPyp images of the TBI patients
to see in which voxels there are abnormally high values. To investigate this
question quantitatively, the BPyp images in MNI152 space were used to create
Z-score images for the 21 traumatic brain injury subjects. These images allow
us to analyse the spatial distribution of increased ['®F]AV1451 binding when

compared to the normal distribution of healthy controls at the individual level.

Characterising the normal distribution of healthy controls

The normal distribution of healthy controls was characterised by generating
mean and standard deviation images from the 11 healthy controls. The inten-
sities in each voxel of the mean and standard deviation images were the mean
and standard deviation of the distribution of intensities in the corresponding
voxel across all healthy control subjects. These images can be seen in Figure 8.9.
The key feature picked up from all the individual healthy control B Py p images,
is that there is are high B Py p values in the Striatum. As previously mentioned,

this is likely to be the result of off-target binding to neuromelanin and MAO-A.

The standard deviation images shows the highest variability in BPyp values
in the healthy controls is also in the Striatum which could simply be a result
of differing levels of neuromelanin and MAO-A. The magnitude of intensities
in the standard deviation image is greater than the intensities of mean image
for many voxels. This implies that there is a high level of variability of tracer
uptake in healthy controls which means that the power to detect differences
between patient groups and healthy controls is likely to be low and therefore

large studies will be required to reach statistical significance.

Generating Z-score images for TBI subjects

Z-score images were generated for each of the 21 TBI subjects and 11 Healthy

controls. The intensities in the Z-score images are themselves Z-scores and
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Mean image

0.3

0.3

FIGURE 8.9: Orthographic projections of the mean and standard

deviation images of healthy controls; the highest binding poten-

tials in the mean image are in the striatum which are likely to be

caused by off-target binding to neuromelanin. Interestingly, in

this location there is high variability across subjects as shown by
the high intensities in the standard deviation image.
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therefore the intensity for a TBI subject i in voxel j, is the Z-score, Z; ;» and

is calculated by

A | 8.1)

J .
0j

where z;; is the BPyp for subject i in voxel j of the spatially normalised para-
metric BPyp image, y; is the intensity in voxel j of the mean HC image and o;

is the intensity of voxel j in the standard deviation image.

Figures 8.10 and 8.11 show all the Z-score images calculated. When compar-
ing them to the BPyp images the most striking difference is that there aren’t
high Z-values in the Striatum whereas this is where the highest BPyp values
are seen. This shows that, although there are high binding potentials in the
Striatum, there are no differences between patients and controls. As before this
could be explained by the binding resulting from neuromelanin rather than tau
although this shows that this off-target binding is consistent between patients

and controls.

As with the BPyp parametric images, there is a heterogeneity in the Z-score
images which reflects of the heterogeneity of the sample. There is heterogeneity
across subjects in both the Z-scores and the spatial distribution of high Z-scores.
Subjects TBI 03, TBI 10, TBI 12 and TBI 15 all have high Z-scores in the cortex
whereas TBI 04 and TBI 16 show high Z-scores in white matter regions. The
properties of the tracer dictate that high Z-scores in the cortex are more likely
to result from increased levels of tau (Marquié, Normandin, Vanderburg, et al.

2015).

8.4.4 Group comparison of Z-scores

The Z-score images shown in figures 8.10 and 8.11 show that the spatial distri-
bution of high z-scores is heterogeneous in the TBI sample. This is consistent

with the high range of B Pyp values for TBI subjects in the ROI analysis.

Z-score images were used to test whether the tracer uptake is increased in TBI

subjects without defining a target ROIL A voxel was classified as being outside
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Z-score images for TBI patients - (1-12)

TBI 07

FIGURE 8.10: Orthographic projections of Z-score images for

TBI patients (1-12) as calculated against the normal distribution

of healthy controls. Both the location and z-values are variable
across the patients.
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Z-score images for TBI patients - (13-21)

TBI 19

2.5

FIGURE 8.11: Orthographic projections of Z-score images for

TBI patients (13-21) as calculated against the normal distribution

of healthy controls. Both the location and z-values are variable
across the patients.
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HC 01 37
HC 02 6
HC 03 33
HC 04 0
HC 05 1
HC 06 0
HC 07 0
HC 08 0
HC 09 3
HC 10 0
HC 11 30
Mean 10
S.D. 15.1789

TABLE 8.1: A table showing the number of voxels in the Z-score
images of each Healthy conrol over the threshold value of 1.96.

the normal range if the Z-score was greater than 1.96. For each subject in the
study the number of abnormal voxels was counted and results are shown in

tables 8.1 and 8.2.

The table shows that less than 40 voxels lie outside the normal range for all
healthy controls whereas only 5 of 21 subjects in the TBI subjects have less that
40 voxels which are classified as abnormal. A non-parametric Mann-Whitney
rank sum statistical test was used to test whether the number of abnormal vox-
els was higher in TBI than controls because the distributions are not normal.

There is a statistically significant difference in the distributions (p < 6.3e-4).

This result shows that at the group level, there is increased tracer uptake in TBI
compared to healthy controls but that the spatial distribution of that increased
uptake is heterogeneous. There are TBI subjects that show uptake similar to

healthy controls which again shows the heterogeneity of the TBI.

8.5 Discussion

In this chapter, I applied SRTM to dynamic ['®F]AV1451 PET imaging data in a
study involving 21 TBI patients and 11 healthy controls. The aim was to quan-
tify the tau burden in vivo for all subjects and assess whether it was increased in

the subjects who had suffered TBIL
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TBIO1 | 900
TBI02 | 320
TBI 03 | 4689
TBI 04 | 2222
TBIO5 | 304
TBIO6 | 72

TBIO07 | 34

TBIOS8 | 1532
TBI09 | 223
TBI 10 | 6737
TBI 11 0

TBI 12 | 2660
TBI 13 | 1570
TBI 14 | 470
TBI15 | 27

TBI16 | 297
TBI17 | 376
TBI 18 0

TBI 19 0

TBI20 | 356
TBI21 | 127
Mean | 1091
S.D. 1744

TABLE 8.2: A table showing the number of voxels in the Z-score
images of each Healthy conrol over the threshold value of 1.96.



8.5. Discussion 195

8.5.1 Quantifying specific binding of ['*F]AV1451 with the SRTM

SRTM with a grey matter Cerebellum reference region was chosen to model the
dynamic ['8F]AV1451 data based on a combination of results from Chapter 7
and previous studies using the tracer in AD and TBI [Wooten et al. 2017; Golla
et al. 2017]. The model could accurately describe regional TACs for six corti-
cal target regions and the tracer specific binding was quantified by the BPyp

outcome measure.

The four assumptions made by SRTM are that there is no specific binding in the
reference tissue, the kinetics of both the reference region and target regions can
be described by a one-tissue compartment model, the blood volume contribu-
tion to the signal is negligible and that there is the same level of non-specific
binding in the reference and target regions (Salinas, Searle, and R. N. Gunn

2015).

It is possible that the first assumption is violated in this case as there could be
tau deposition in the grey matter Cerebellum of subjects who have suffered a
TBI. Tau deposition in the reference region would mean a global underestima-
tion of the BPyp in the target regions (both at the region of interest and voxel
level). However, if there is tau deposition, post-mortem studies suggest the con-
centration would be low and any other reference region would likely be worse
affected (Mez et al. 2017; McKee, Cantu, et al. 2009). As the subjects in this study
did not have an arterial line placed, a reference region method is required and

therefore SRTM was used following its validation in chapter 7.

The second assumption is likely to be violated to a certain extent. In the previ-
ous chapter, I showed that the kinetics of ['8F]AV1451 are best described using a
two-tissue compartment model in all regions in a study involving subjects with
CBD and this model has also been found to be optimal in other studies involv-
ing subjects with AD (Golla et al. 2017). The potential bias this may cause has
been investigated by Salinas, Searle, and R. N. Gunn 2015 and in this scenario
(with both target and reference region exhibiting the same kinetics and target

binding potential of < 2) the bias is likely to be less than 10%.
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The blood volume contribution to the signal will inevitably be non-zero and
a blood volume of 10% would produce an underestimation of the BPyp by
approximately 10%. In reality, it is likely that the blood volume is below 10%
and therefore the bias coming from assuming a negligible blood volume will be

bounded at 10%.

The fourth assumption is important and if it is violated, it can result in a large
error in BPyp. Using this data alone, it is impossible to assess to what ex-
tent the non-displaceable binding is consistent across the brain. It is sensible
however, to assume this a similar level on non-displaceable binding since both

target and reference regions were both grey matter masked in the same manner.

8.5.2 Tracer specific binding in TBI

One of the aims of this chapter was to assess whether there was increased tracer

specific binding for subjects who have suffered a TBIL

Overall, the tracer uptake in TBI is lower and more spatially heterogeneous
than that seen in neurodegenerative diseases such as AD (Golla et al. 2017) and
the regional BPyp values were not statistically significantly different between
healthy controls and subjects who had suffered a TBI at a group level in any
of the target regions. There was however, a higher range of BPyp values for
all regions in TBI subjects. Visually inspecting the parametric BPyp images
for the TBI subjects allows one to see the heterogeneity in both the spatial dis-
tribution and the level of tracer uptake. The Z-score images show that all but
one of the TBI subjects had voxels where the BPyp was higher than healthy
controls by more than one standard deviation (of the normal distribution of
healthy controls). Further, 25% of the patients showed widespread cortical in-
creases in tracer uptake compared to the normal distribution of healthy controls.
The group level analysis of the Z-score images showed a statistically significant
difference in the number of abnormal voxels (defined as being voxels with a Z-
score of over 1.96). Approximately 25% of the TBI subjects however, had similar

numbers of abnormal voxels as healthy controls.
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By collating all the results, I would say that there is increased binding of the
tracer at the group level. However, the individual Z-score images show the
value of not grouping all subjects together in this way because one has the abil-
ity to explore significant tau levels in a heterogeneous population. Thus, a more
informative conclusion can be drawn when looking at each patient individu-
ally; that being, there is increased tracer uptake in some TBI subjects and the
spatial distribution of increased binding is not spatially consistent across sub-
jects. This inconsistency may be caused by the differing nature of how the brain

injury was sustained.

8.5.3 Quantifying tau in TBI with ['®*F]AV1451

The ultimate aim of this chapter was to quantify tau in vivo using ['8F]AV1451
and test the hypothesis that there is an increased tau burden on subjects who
have suffered a TBI. Until this point I have only written about the tracer specific
signal. Here, I consider whether tracer specific signal represents tau concentra-

tion in vivo.

Before discussing the tracer specificity issues, it is important to remember that
tracer quantification for all PET scans has some potential systematic errors. Par-
tial volume effects mean that the apparent uptake in a given voxel could be
underestimated as the signal is erroneously “spilled over” to adjacent voxels.
Quantification in future studies could be improved by applying partial volume
correction methods. Further, imperfections in motion correction, MR image seg-
mentation and atlas registration cause inaccuracies in quantification although

all of these stages were visually QC’d to minimise any biases.

More fundamentally than the errors affecting all PET scans for this chapter is
the selectivity of [18F]AV1451 for tau. More explicitly, is it true that increased
specific binding of the tracer implies a higher concentration of tau? In the
last two years, post-mortem and radiographic studies have shown that, there
is off-target specific binding of ['®F]JAV1451 to both neuromelanin (Marquié,
Normandin, Vanderburg, et al. 2015) and MAO-A (Vermeiren et al. 2017). The
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concentration of neuromelanin in the cortex is low and therefore by restricting
the investigation in this study to cortical regions, I have reduced the likelihood
of this confound. The spatial distribution of monoamine oxidase A is however
more widespread (J. Tong et al. 2013) and further this has been shown to be af-
fected by smoking (Zanotti-Fregonara et al. 2014). It is impossible to determine

what percentage of the specific binding of the tracer results from tau.

In addition, it is important to consider whether ['®F]AV1451 binds to tau in all
its forms. Marquié, Normandin, Vanderburg, et al. 2015; Marquié, Normandin,
Meltzer, et al. 2017 showed that ['®F]AV1451 exhibits strong binding to the tau
in paired helical filament form but negligible binding to straight filaments. This
means that an increase in the concentration of paired helical filament tau will in-
crease the specific binding of ['8F]AV1451 but that it is possible that an elevated

tau load won'’t necessarily result in increased tracer uptake.

A set of second generation tau tracers are being developed which aim to address
the off-target binding of [\®F]AV1451. Early results using, [\*FIMK6240, a tracer
developed by Merck Co, show no off-target binding to neuromelanin or MAO-
A (Hostetler et al. 2016) and the promise of increased tau selectivity. Future
studies should focus on using these second generation tracers to improve the

reliability of the quantification of tau in vivo.

8.6 Conclusion

In this chapter, I used SRTM to quantify the in vivo concentration of tau in a
study which aimed to assess whether suffering a TBI resulted in tau accumula-

tion in the brain.

The SRTM with a grey matter Cerebellum reference region was applied at both
the ROI level to TACs derived from the CIC atlas (Tziortzi et al. 2011) and at
the voxel-level using a basis function method. The model produced good fits
to the TACs and these fits were used to generate BPyp values for each region

for all subjects. There was not a statistically significant difference in the tracer
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binding between TBI subjects and healthy controls in any of the chosen ROIs at
the group level. Parametric images for BPyp showed the level of binding was
heterogeneous across all subjects who suffered a TBI both because of the level
of binding and the spatial distribution of the increased binding. By making Z-
score images, it was possible to conclude that there is increased binding at the
gropu level but also that it is best to consider TBI cases individually rather than
as one group. Some patients exhibited widespread elevated binding, others
showed only moderate increases and some showed binding patterns similar to

controls.

The study aimed to quantify tau and I discussed the selectivity of the tracer
for tau and which forms of tau are being imaged. It was concluded that, stud-
ies using this tracer have the problem that elevated binding could result from
increases in tau, neuromelanin or MAO-A. In TB], it is likely that some of the
increased signal is a result of elevated tau but that more selective tau tracers

would be required to confirm that.
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Chapter 9

Conclusions and future work

Accumulation of insoluble aggregates of misfolded proteins such as A5 and tau
is a consistent finding in many neurodegnerative diseases. PET imaging pro-
vides a technique to non-invasively investigate the concentration of misfolded
proteins in vivo. This thesis has shown how mathematical modelling can be

used to understand aggregation and robustly quantify PET data.

The spatiotemporal distribution of A5 in AD was modelled in two different
ways in chapters 4 and 5. Based on previous models, a network diffusion
model was introduced in chapter 4 which had parameters for A production,
Ap, clearance and distal spreading of A across the brain. Models with dif-
ferent options for each of these were fitted to cross-sectional PET imaging data
obtained from ADNI and the BIC was used to decide on the most parsimonious
model. Unfortunately, the results from this chapter are difficult to interpret
due to problems with the identifiability of parameters. Importantly though, the
methodology in this chapter formed the foundation for chapter 5. A similar
framework was used to fit a four-parameter logistic growth model to a chrono-
logical dataset which was formed by assigning an individual time through the
accumulation process to each subject in the cross-sectional ADNI data based
on their mean cortical SUVr. The optimum model for the chronological dataset
had regionally consistent exponential growth rate  and time of half maximal
accumulation T5o but variable levels of non-specific binding N'S and Aj carry-
ing capacity K which provided evidence that the spatiotemporal distribution

of AB in AD results from properties of the local tissue environment rather than
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long-term spreading from seed regions. By fitting the logistic growth model at
the voxel-level, parametric maps for the non-specific binding and Ag carrying
capacity were generated and these reflected known features of both AS accu-
mulation in AD and ['®F]AV45 binding characteristics. Future studies in this
field could apply the logistic growth model to longitudinal data from subjects
who have received multiple scans over a long time period and data from other
misfolded proteins such as tau. A full spatiotemporal characterisation of the
PET biomarkers in AD could aid with understanding the disease and develop-

ing novel therapeutics to either slow or even reverse neurodegeneration.

In chapter 6, a novel outcome measure, A3, was defined to quantify the global
Aj burden in AD. Spatially normalised SUVr images were effectively modelled
using a linear combination of the parametric maps for A carrying capacity (K)
and non-specific binding (NS) and A5, was defined to be scaling factor of K.
An automated algorithm calculated A/, for both cross-sectional and longitudi-
nal data and compared it to mean cortical SUVr. Greater effect sizes were ob-
tained using A3y, for both datasets which could mean that future studies could
have greater power to detect biological changes in vivo which could prove par-
ticularly useful in trials of novel anti-A3 therapeutics. In order to have confi-
dence in using A7, more widely, further validation studies are required. Par-
ticularly, it will be important to understand when modelling an SUVr image as
a a linear combination of K and NS is inappropriate. Looking further ahead, it
will be interesting to see if a similar methodology could be used for other Aj

radiotracers such as [*®F]Flutametamol and ['8F]Florbetaben.

Chapters 7and 8 were focussed on the kinetic modelling of the novel tau PET
radiotracer ['®F]AV1451. In chapter 7, an optimal kinetic modelling pipeline
for quantifying tracer upatake in CBD was developed which included generat-
ing an arterial input function and finding the best compartmental model. The
two-tissue compartment model with a 5% blood volume was chosen as the best
model for quantifying the imaging data. Binding potential derived using SRTM
and SUVr — 1 both provided good correlations with binding potentials derived

from full kinetic modelling with an arterial input function at the group level
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which suggested these simplified methods could be useful in future studies.
It was also seen however, that SUVr values failed to stabilise within 120 mins
in subjects that exhibited high uptake and therefore SUVr values may be time-
dependent. SRTM was used as way to model TACs in chapter 8 and this mod-
elling facilitated the generation of both regional binding potentials and voxel-
wise parametric maps for B Py p in 32 subjects in a study evaluating tau expres-
sion following TBI. There were no differences in B Py p at the ROl level but there
was a greater variation in tracer uptake in patients. At the voxel-level binding
in the Striatum existed for both patients and controls which was consistent with
known off-target binding of the tracer to neuromelanin and MAO-A (Marquié,
Normandin, Meltzer, et al. 2017; Vermeiren et al. 2017) but it was difficult to as-
sess which voxels in the cortex had elevated binding in TBI subjects. To address
this, Z-score images were created for each subject which showed great variabil-
ity in the level of binding both in the intensities and the spatial distribution.
This heterogeneity could well have been caused by heterogeneity in the biome-
chanics of the brain injury itself. It was concluded that there was an increase in
binding in the TBI group when looking at Z-score images at the group level but
also that it was far more informative to consider patients individually due to the
heterogeneous nature of TBI. As was discussed in this thesis, selectivity issues
of the ['®F]AV1451 mean that it is difficult to interpret increased tracer binding
in terms of tau and future studies should focus on using second generation tau
tracers that have been developed to avoid off-target binding to neuromelanin,

MAO-A and MAO-B.

To conclude, I think this thesis shows the value of combining mathematical
modelling and neuroimaging data as together they provide a powerful tool to
robustly study neurodegeneration with applications in exploring disease pathol-

ogy and developing novel therapeutics.
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Appendix A

List of PPF models fitted

One parameter

y=e "

Two parameters

y=oe ’?

y=ae " +1-a

y=oar+p

Three parameters

y=a(l —eiﬁx)—k’y

y=ae "4+ (1 —a)e
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