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Abstract

Dynamic Functional Imaging of the Response of Lung Tumours

to a Potential Hypoxia Modifier

Daniel McGowan, St Hugh’s College

Submitted for the degree of Doctor of Philosophy

at the University of Oxford, HT 2016

In this thesis, the kinetics of fluoromisonidazole (FMISO) uptake by lung tumours in

patients with advanced stage non-small cell lung cancer (NSCLC) is analysed. The uptake

data was extracted from dynamic positron emission tomography (PET) images collected in

the course of a clinical trial designed to investigate the impact of Buparlisib, a potentially

hypoxia-modifying drug, on perfusion and hypoxia in NSCLC patients. The trial design is

a 3+3 dose escalation study exploring the effect of daily doses of 50 mg (Cohort 1), 80 mg

(Cohort 2), and 100 mg (Cohort 3) Buparlisib.

Many trials combining drug and RT fail in the clinical setting despite yielding promising

pre-clinical data: the work described here uses and develops kinetics analysis techniques

that can be applied to proof-of-principle dynamic PET imaging studies. For whole tumour

FMISO kinetics analysis it has been shown that an irreversible three-compartment model

is optimal, whereas for voxel-by-voxel analysis an irreversible two-compartment model is

optimal. A clustering method is also presented to distil the information from the noisy

voxel-by-voxel kinetics data into the minimum number of clusters that adequately describe

the data.

Analysis of both PET kinetics and perfusion CT has shown significant decreases in the rate

of tracer flow from blood into the tumour post-Buparlisib (in Cohorts 2 and 3). Voxel-by-

voxel analysis found that this occurred throughout the tumour volume. The volume of

blood within the tumour was shown to increase significantly after Buparlisib according to

the PET kinetics analysis, whereas analysis of perfusion CT data showed a decrease post-

Buparlisib. For Cohorts 2 and 3, significant decreases were seen in tumour volumes

hypothesised to be hypoxic (tumour-to-blood ratio greater than 1.4) after administration of

Buparlisib. The estimated FMISO intracellular binding rate-constant (associated with

cellular oxygen concentration) according to the voxel-by-voxel kinetics analysis was found

to significantly decrease at the tumour edge and significantly increase in the tumour centre,

with an overall decrease for Cohort 3.
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1 Introduction

1.1 Lung cancer

Lung cancer is the most common cancer in the world, representing 19% of all cancer

deaths in 2011 (Jemal et al., 2011). Around 44,000 people in the UK were diagnosed with

lung cancer in 2012, and in the same year there were over 35,000 deaths due to lung

cancer, reflecting the poor prognosis associated with the disease. It is the most common

cause of cancer death, accounting for more than 1 in 5 deaths. The UK ten-year survival

rate in 2010 was 5%, a level that has remained relatively constant for 40 years. (Cancer

Research UK, 2016)

The majority of lung cancers (80%) are classified as non-small cell lung cancer (NSCLC)

(Devesa et al., 2005) of which there are three main types: adenocarcinoma, squamous cell

cancer, and large cell carcinoma. The most common histological type of NSCLC is

adenocarcinoma followed by squamous cell carcinoma (Akin et al., 2012).

Adenocarcinoma develops from mucus making cells in the lining of the airways whereas

squamous cell cancer develops from the surface covering cells in the airways.

Lung cancers are categorised as Stage I-IV depending on the size of the tumour,

involvement of nodes and presence or absence of distant metastases; staging details are

described elsewhere (Goldstraw et al., 2007). In summary, in Stage I disease tumours are

small (up to 5 cm) and localised in one area of the lung. In Stages II-III tumours are larger

(up to 7 cm) and patients may have cancer cells in the lymph nodes or surrounding tissue.

Stage IV relates to patients whose lung cancer has metastasised. In the UK the majority

(47%) of patients are diagnosed with Stage IV lung cancer (National Cancer Intelligence

Network, 2015).
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The Stage of the cancer determines the treatment received by the patient. In Oxford,

Stages I-II are generally treated by surgical resection; medically inoperable patients are

given radical radiotherapy (RT) of 66 Gy (33 fractions) or, for small peripheral lung

tumours, stereotactic ablative radiotherapy (SABR). Higher-risk patients are administered

adjuvant chemotherapy. If the tumour is not completely surgically excised then patients

are also treated with radical RT of 60 Gy (30 fractions) for microscopically incomplete

resection or 66 Gy (33 fractions) for macroscopically incomplete resection. Stage III

treatments vary depending on the patient’s fitness: the optimal treatment is concurrent

chemo-RT (with a ‘platinum doublet’) but is associated with potentially significant side

effects. Sequential chemo-RT treatment, or even RT alone may be delivered to less fit

patients. Stage IV patients receive palliative thoracic RT in order to alleviate their

symptoms.

The overall prognosis associated with NSCLC remains very poor despite improvements

associated with combined modality treatment and advances in the physics and engineering

of RT, which enable the accurate delivery of high doses of radiation to precisely sculpted

treatment volumes. One possible reason for the poor prognosis is the hypoxic nature of the

tumours (Horsman et al., 2012).
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1.2 Hypoxia

Hypoxia occurs when there is an imbalance between oxygen consumption and oxygen

delivery (Span and Bussink, 2015). In simplified terms, hypoxia occurs in tumours which

outgrow their blood supply, causing local oxygen concentrations within some tumour

regions to fall well below that of normal tissue. Hypoxia can be chronic or acute. Chronic

hypoxia was first reported by Thomlinson and Gray in 1955 and is caused by some tumour

cells lying too far from blood vessels to receive a normal level of oxygen, a state termed

diffusion-limited hypoxia. Oxygen diffuses approximately 100-180 m from capillaries

before being fully metabolised, and so cells located further than this distance from their

nearest capillaries are likely to be hypoxic (Powis and Kirkpatrick, 2004). Acute hypoxia

was first reported by Brown in 1979, and was attributed to perfusion fluctuations in the

tumour vasculature and termed transient hypoxia.

Thomlinson and Gray (1955) discovered that tumour cells in vitro irradiated under hypoxic

conditions were much more radioresistant than those irradiated under normoxic conditions.

In normoxic tissues the presence of oxygen increases deoxyribonucleic acid (DNA)

damage via the formation of oxygen free radicals after RT. In hypoxic tissues with low

oxygen concentrations (partial pressures (pO2) less than 10-15 mm Hg, Höckel and

Vaupel, 2001) the radiation dose-levels required for a fixed level of cell kill are much

greater than those required in normoxic cells (Figure 1.1). The relative reduction in dose

required to achieve an isoeffective cell-kill level in the presence of oxygen is termed the

oxygen enhancement ratio (OER) and can reach levels approaching a factor of three.
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Figure 1.1. Cell survival levels following irradiation in hypoxic (nitrogen) and normoxic (air)
conditions (Prekeges et al., 1991).

In addition to being less responsive to RT treatments, hypoxia promotes a more aggressive

phenotype with tumours shown to metastasise more readily and be more resistant to

chemotherapy (Walsh et al., 2014). It is thus a priority to identify tumours in which

hypoxia exists (using imaging, circulating biomarkers, or genomics techniques) and to

develop strategies to reduce it.

1.2.1 Imaging hypoxia

Hypoxia within tumours can be assessed by several methods: directly measuring oxygen

levels, evaluating the expression of endogenous markers as a response to hypoxia, and

measuring physiological processes involving oxygen molecules (Walsh et al., 2014).

Direct measurement of pO2 is possible using Eppendorf needles: a probe is invasively

inserted into the region of interest and pO2 measurements are taken along measurement

tracks (Kallinowski et al., 1990; Vaupel et al., 1991). Studies have shown a link between

hypoxia as measured via the needles and treatment outcome, but the needles can only be

used for superficial tumours and are invasive for patients (Höckel et al., 1993; Nordsmark

et al., 1996). Eppendorf needle pO2 measurements were performed on a number of lung

tumours in 2006 intraoperatively during surgical resection, revealing that tumour hypoxia
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(as measured by Eppendorf needle and endogenous markers) correlated with poor

prognosis (Le et al., 2006). Whilst Eppendorf needle measurements are considered the

‘gold standard’ for hypoxia measurement, their invasive nature means that other imaging

methods are generally preferred.

Many studies have been performed exploring links between endogenous markers of

hypoxia and overall survival: in particular, expression levels of hypoxia-regulated proteins

such as hypoxia inducible factor-1 (HIF1) and some of its targets such as glucose

transporter 1 (GLUT1) and carbonic anhydrase-IX (CAIX) have been measured, with

several studies finding significant links between biomarker expression and overall survival

(Graves et al., 2010).

An alternative approach is to gauge hypoxia using imaging techniques such as Positron

Emission Tomography (PET, described in section 1.3) and Magnetic Resonance Imaging

(MRI). A technique called blood-oxygen-level dependent (BOLD) MRI indirectly

measures hypoxia by detecting the deoxyhaemoglobin concentration. The presence of

deoxyhaemoglobin is associated with an increase in the MR relaxation time of water in

blood and surrounding tissue. For PET imaging, pharmaceutical hypoxia tracers are

labelled with radioisotopes, typically Fluorine (18F) or Copper (64Cu), as described in the

next section.
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1.2.2 PET hypoxia tracers

Several of the tracers developed for PET imaging of hypoxia are based on nitroimidazoles.

These compounds were first introduced in 1979 as hypoxia markers (Chapman, 1979): in

normoxic cells they are reduced and then re-oxidised, but in hypoxic cells further

reduction of the nitro radical anion occurs, causing the compound to become irreversibly

trapped within the cell. This reduction begins to occur at pO2 levels lower than 10 mg Hg,

and the degree of reduction increases as pO2 values decrease (Gross et al., 1995).

18F-Fluoromisonidazole (FMISO) is the most extensively studied of the various PET

tracers used to detect hypoxia. FMISO was developed in 1989 (Rasey et al., 1989), and

the earliest published experience of its clinical use was in 1992 (Koh et al., 1992). FMISO

is a lipophilic molecule, and with a partition fraction of 0.4 it diffuses readily across cell

membranes; unlike some other PET tracers, movement of FMISO is driven entirely by

passive diffusion. As with other nitroimidazoles, FMISO is reversibly reduced and re-

oxidised in normoxic cells, and subsequently diffuses out of them, whereas in hypoxic

cells it is further reduced and bound covalently (and irreversibly) to intracellular molecules

at rates inversely proportional to intracellular oxygen concentrations (Figure 1.2). The

process of passive diffusion leads to slow tracer accumulation in hypoxic tissue and slow

clearance from normal tissue, generating a low target-to-background contrast and requiring

imaging at late time-points (Prekeges et al., 1991). Previous FMISO PET studies carrying

out static imaging of lung cancer have scheduled scans at more than 2 hours post-injection

(Koh et al., 1995; Gagel et al., 2006; Thureau et al., 2013; Vera et al., 2011). A good

correlation has been reported between late FMISO uptake and Eppendorf needle pO2

measurements (Gagel et al., 2004); the degree of FMISO uptake increases sharply as pO2

levels fall to values at which the OER decreases, thus making FMISO PET a potentially

useful tool for imaging levels of hypoxia likely to impact on RT (Figure 1.2(B)).
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(A) (Lee and Scott, 2007) (B) (Krohn et al., 2008)

Figure 1.2. (A) FMISO behaviour in different cell types and (B) FMISO retention (solid line) in
relation to OER (dotted line) and oxygen pressure. Figure 1.2B was originally published in JNM.
Krohn et al. Molecular Imaging of Hypoxia 2008;49:129S-148S © by the Society of Nuclear
Medicine and Molecular Imaging, Inc.

Relatively little work has been carried out to determine the reproducibility of derived

parameters from FMISO scans. Recently a study in Japan on patients with head and neck

cancer performed two FMISO scans 48 hours apart, imaging at 4 hours post-injection: the

differences between mean hypothesised hypoxic volumes (in this case, tumour volumes

having a tumour-to-blood ratio greater than 1.5) measured on the two scans had a one s.d.

spread of ±9.9% (Okamoto et al., 2013). Another study showed geographically stable

FMISO hypoxic subvolumes at 5 weeks into RT for patients with hypoxia on images 2

weeks into RT (Bittner et al., 2013). Poorer reproducibility had been found in earlier

studies of head and neck cancer patients which used an older generation PET scanner and

imaged FMISO uptake at an earlier time point of 2.5 hours post-injection (Nehmeh et al.,

2008; Lin et al., 2008). A new trial soon to open in Oxford involves FMISO PET imaging

of NSCLC patients, and will include a test-retest reproducibility assessment.

In summary, the main limitations of the FMISO radiotracer are its slow pharmacokinetic

profile and modest hypoxic-to-normal tissue ratios. However, at the time of this work

FMISO was the only hypoxia tracer that could practically be transported to the site.

Other nitroimidazole-based hypoxia tracers, such as fluoroazomycinarabinofuranoside

(FAZA), fluoroerythronitroimidazole (FETNIM) and flortanidazole (HX4), have been
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developed with the aim of improving on the pharmacokinetics profile of FMISO (Carlin

and Humm, 2012; Horsman et al., 2012; Fleming et al., 2014).

The pharmacokinetics of FAZA are in fact more favourable than those of FMISO, as

FAZA is more rapidly cleared from the blood (Piert et al., 2005). Consequently FAZA has

been used in several studies to image hypothesised hypoxic volumes within lung tumours

(Postema et al., 2009; Trinkaus et al., 2013; Bollineni et al., 2013). One study of lung

cancer patients imaged using the hydrophilic radiotracer FETNIM (Yang et al., 1995)

reported a strong correlation between sizes of hypothesised hypoxic volumes and overall

survival (Hu et al., 2013). An imaging study compared uptake of the HX4 tracer with

FMISO and 18F-fluorodeoxyglucose (FDG) uptake in 12 patients, and found that FMISO

and HX4 images correlated positively, indicating promise for the use of HX4 (Chen et al.,

2012). The uptake pattern of HX4 between 2 hours and 4 hours post-injection has been

found to be stable (Zegers et al., 2013). Simulation work comparing FMISO, FAZA, and

HX4 suggests that whilst HX4 has the highest contrast ratio, FMISO uptake is more

reproducible (Wack et al., 2015).

Another family of PET hypoxia tracers is based on diacetyl-bis analogues. Copper(II)-

diacetyl-bis(N4-methylthiosemicarbazone) (Cu-ATSM) can be labelled with either Cu-60

(24 minute half-life) or Cu-64 (13 hour half-life). The longer half-life of Cu-64 means that

Cu-ATSM labelled with this isotope is in many ways the more practically useful

radiotracer, allowing late scanning to be undertaken and permitting the tracer to be used at

PET-CT facilities not possessing in-house cyclotrons. Cu-ATSM has been utilised to

image lung cancer patients (Lohith et al., 2009), although recent work suggests that some

Cu uptake is due to the behaviour of ionic Cu formed from hepatic metabolism rather than

just hypoxia (Hueting et al., 2014).
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1.3 PET imaging

PET cameras indirectly image positron-emitting radionuclides by detecting back-to-back

pairs of 511 keV gamma ray photons created by electron-positron annihilation (Cherry et

al., 2012). The positrons are generated by the + decay of radioisotopes such as 18F, which

are attached to tracers whose pharmacokinetics imitate at least part of the pathway of a

physiological process of interest. For example, a common tracer used within oncology is

FDG which, being a glucose analogue, is taken up at sites of high glycolytic activity.

PET systems detect both of the back-to-back gamma-ray photons, and the image

reconstruction process assumes that the positron annihilation event generating them

occurred somewhere along the line of response (LOR) between the two points at which the

pair of photons are detected. Modern PET scanners operate in 3D time of flight (ToF)

mode and record the time interval between detection of the two gamma ray photons,

allowing the estimated location of the annihilation event to be narrowed to an interval

along the LOR, unlike detectors operating in non-ToF mode, which cannot localise the

event to any LOR sub-length. As a result, signal-to-noise ratios are higher in images

obtained from scanners using ToF mode.

In 2D PET scanners lead septa separate neighbouring detector rings, so that only back-to-

back photon pairs travelling in or close to each ring plane are detected. In contrast, more

modern 3D systems detect photon pairs irrespective of their plane of travel provided that

both photons are incident somewhere on the detector system.

Typically a CT image is generated using a 40-140 keV X-ray beam, and is hard-registered

to a PET image. This can be transformed to represent 511 keV gamma ray photons to

produce a PET attenuation map. This map is then used to correct for the attenuation that

gamma ray photons undergo as they emerge from different parts of the body.
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The coincident pairs of gamma photons detected by PET scanners during imaging are

recorded and the data used to reconstruct an image of the distribution of the radiotracer

within the body. This is most commonly achieved using the ordered subset expectation

maximization (OSEM) iterative image reconstruction algorithm (Hudson and Larkin,

1994); a ToF version of this algorithm is implemented as VPFX on GE Healthcare PET

scanners. Prior to the widespread use of OSEM an analytical algorithm called filtered

back projection (FBP) was used. The shift towards OSEM was prompted by its improved

signal-to-noise ratio compared to FBP (Adams et al., 2010; Kinahan and Fletcher, 2010).

Another type of iterative PET reconstruction algorithm (Bayesian penalised likelihood,

BPL) has recently been released for clinical use (‘Q.Clear’, GE Healthcare, Milwaukee,

USA). Studies on this new algorithm have been published showing an improvement in

BPL-reconstructed images compared to OSEM (Teoh*/McGowan* et al. 2015, Teoh et al.

2015, Parvizi et al. 2015); Teoh*/McGowan* et al. (2015) is provided in the Appendix to

the thesis.

A common way of reporting PET uptake values is via the standardised uptake value

(SUV), defined as

(1.1)

where c is the radioactivity concentration, A the injected activity, and m the patient’s

weight.

The typical spatial resolution of a PET scanner is 5 mm (Bettinardi et al., 2011) and

consequently PET image voxels have widths of this length or a little smaller. This length-

scale is much greater than that of typical hypoxic regions, and so each PET voxel is likely

to consist of an average of both normoxic and hypoxic tumour regions, as is the case for

the histopathology section shown in Figure 1.3. This leads to relatively low FMISO PET
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SUV values compared to FDG, which is more uniformly taken up within individual voxels

(Carlin and Humm, 2012).

Figure 1.3 – Histology tumour section showing hypoxic regions (pimonidazole, green) and
vascular perfusion (Hoechst 33342, blue) with white grid indicating example 5 mm2 PET voxels.
Originally published in JNM. Carlin and Humm PET of Hypoxia: Current and Future Perspectives
2012;53:1171-1174 © by the Society of Nuclear Medicine and Molecular Imaging, Inc.

1.3.1 Dynamic PET

When a PET acquisition is performed in ‘list’ mode it is possible to retrospectively

reprocess scan data into distinct time windows. If scanning has been carried out over a

lengthy timespan, the result is known as a dynamic PET (dPET) scan and consists of a

‘cine’ image showing the evolution of tracer uptake within a 3D volume over time. Time-

courses of imaged uptake within single voxels or larger volumes (referred to as time-

activity curves or TACs) can be easily extracted from dPET scans, and analysed with the

aim of generating quantitative information about the mechanisms of tracer uptake.

Different analysis methods can be used: most commonly compartment models have been

fitted to the TACs, but approaches based on spectral analysis, graphical methods

(essentially simplified compartment models, called Patlak plot and Logan plot for

irreversible and reversible uptake respectively), and basis function techniques have also

been attempted (Turkheimer et al., 1994; Patlak and Blasberg, 1985; Logan et al., 1990;

Gunn et al., 1997).
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Compartment models use fitted rate-constants to characterise how a tracer moves from one

compartment to another. Most rate-constants have units of min-1, but the rate-constant K1

which describes tracer movement from the vasculature to the first modelled compartment

is capitalised to indicate its different units of mL blood per min per gram of tissue.

Differential equations are used to describe tracer movement between compartments: for a

simple two-tissue compartment model (shown in Figure 1.4) the equations describing the

system are:

(1.2)

(1.3)

(1.4)

where k2-k4 are the other rate-constants, CB the activity concentration of tracer in the blood

(input function), C1 the activity concentration of tracer in compartment 1 (free intracellular

tracer, for example), C2 the tracer activity concentration in compartment 2 (bound

intraceullular tracer, for example), CPET the total measured activity concentration, and vB

the fractional blood volume. In this thesis an x compartment model refers to an x tissue-

compartment model.

Figure 1.4 – Two-compartment model (Sokoloff et al., 1977).
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When FMISO scans are acquired in dynamic mode they are most commonly analysed

using the two-compartment model shown in Figure 1.4 (Bruehlmeier et al., 2004; Wang et

al., 2009). This two-compartment model has been adapted by redefining using weighting

factors for diffusive and accumulative compartments (Thorwarth et al., 2005) and also by

including parameters to model the spatial diffusion of FMISO (Kelly and Brady, 2006). A

compartment model has also been developed consisting of ten parameters modelling the

full chemical details of FMISO reduction (Casciari et al., 1995).

Whilst it is straightforward to analyse late static images to assess regions of hypoxia there

is a possibility that low uptake levels could be the result of two different mechanisms:

either from decreased binding within cells indicating higher pO2 levels, or from slower

diffusion into the hypoxic cells owing to a lower local level of perfusion (Wang et al.,

2009). Kinetic analysis aims to distinguish between these two situations by analysing

overall uptake time-courses as opposed to single late time-point images. In previous work

a correlation was found between parameter fits obtained from FMISO kinetic analysis and

radiation treatment outcomes (Thorwarth et al., 2005).

Input functions can be obtained either from direct measurement of serial blood samples

taken directly from a vessel (often a radial artery) or from the PET images themselves.

Whilst direct arterial measurement is the gold standard, it is very invasive for patients and

has a risk of adverse effects (Hall, 1971; Machleder et al., 1972). An alternative used

widely since 1989 is to determine the input function from a region of blood visible on the

PET images (Gambhir et al., 1989). Good agreement has been shown between input

functions obtained from arterial sampling and image-derived input functions generated

from volumes outlined within the ascending or descending aorta (van der Weerdt et al.,

2001).
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FBP algorithms have historically been used to reconstruct images for dynamic PET

analysis, but increasingly OSEM algorithms are now being used (Boellaard et al., 2001;

Reinders et al., 2002; Mesina et al., 2003; Lubberink et al., 2004; Morimoto et al., 2006;

Søndergaard et al., 2007). Images reconstructed from short time-frames using FBP suffer

from very high noise, whilst OSEM has a non-negativity constraint that can lead to a

positive bias in quantitative uptake values. In studies comparing FBP and OSEM

reconstruction algorithms for dynamic PET, very similar rate-constants were obtained

from kinetic analyses of both types of image, except for volumes-of-interest (VOIs)

enclosed within a much hotter region with an activity concentration 5 to 10 times that of

the VOI (Boellaard et al., 2001). For lung tumour work this situation is unlikely to occur,

as high activity concentration tumours are surrounded by lung tissue containing large

volumes of air, and throughout this work image-derived input functions have been

measured in a region of the descending aorta so as to be further from hot regions. OSEM

reconstructions (2 iterations, 24 subsets, 6.4 mm Gaussian filter) have been used

throughout the work described in this thesis, owing to the reduced image noise it produces.

Further work is currently underway to compare FBP, OSEM, and BPL reconstructions for

PET kinetic analysis.

1.4 CT imaging

Computed tomography (CT) is carried out using an x-ray source collimated to a fan-beam

of X-rays. The mAs (tube current multiplied by exposure time) of a beam is proportional

to the x-ray fluence produced. Both the source and detector rotate around the patient and

FBP reconstruction can be used to reconstruct an image of the object that would cause the

attenuation measured by the fan beam as it rotates around the patient. Thus by

reconstructing the 2D distribution of attenuations in each slice, a 3D distribution of
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attenuation in the patient can be produced. In order to reduce patient dose, mA modulation

is used: a certain noise-level is selected, and the mA is modulated to ensure that sufficient

photons traverse all the way through the patient at all beam angles to maintain this

consistent noise level.

CT scanners can be used in three main modes: axial, helical, and cine. In axial mode the

imaging system rotates once, generating the data for a single-slice image, then the patient

is translated perpendicular to the plane of rotation of the scanner and another acquisition

occurs; the process is repeated, generating a stack of axial slices until the slices span the

whole volume required to be imaged. In helical mode the table moves continuously whilst

the beam remains on and the imaging system rotates, creating a helical motion around the

patient with a pitch defined as the ratio of table translation-per-imager rotation to the width

of the radiation beam. Both helical and axial CT images essentially represent a snapshot in

time, whereas in cine mode a movie is created by performing axial acquisitions repeatedly

over time at the same table position.

During perfusion CT (pCT) cine imaging a bolus of CT contrast agent is injected into a

patient and its passage through the patient is recorded, creating a dynamic image series

similar to dPET, though on a shorter time-scale. Data from pCT images has been analysed

by fitting a number of models to time-courses of imaged contrast agent concentrations

within patients, generating fitted parameter values which in principle correspond to the

flow of blood into a region, and the volume of blood in the region (Prezzi et al., 2015).
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1.5 PI3K Inhibitors: Buparlisib

Numerous strategies have been investigated to modify tumour hypoxia in order to improve

RT outcomes. In Oxford, lab work has shown that altering oncogenic signalling can cause

a reduction in tumour hypoxia within cells.

The phosphatidylinositol 3-kinase (PI3K) / protein kinase B (Akt) / mammalian target of

rapamycin (mTOR) pathway (shown in Figure 1.5) controls tumour cell proliferation,

growth, and survival after DNA damage, and is frequently dysregulated in human cancers

(Samuels et al., 2004; Yuan and Cantley, 2008; Maity and Bernhard, 2010). Activation of

this pathway is common (50-83%) in NSCLC (Lee et al., 2002; Gupta et al., 2004; Graves

et al., 2010) and many other cancers, and causes an increase in tumour proliferation and

resistance to cell death in tumours. In NSCLC activation can occur via several mechanisms

such as mutation of the epidermal growth factor receptor (EGFR) gene (~8% NSCLC),

mutation of the KRas oncogene (~20-25% NSCLC), and PI3K mutation (~1-2% NSCLC)

(McKenna et al., 2003; Maity and Bernhard, 2010).

Cell-death caused by ionising radiation is most often the result of radiation-induced DNA

double-strand breaks. Studies have shown that activated Akt accelerates the repair of

double strand breaks and therefore improves post-irradiation tumour cell survival (Toulany

and Rodemann, 2013). Activation of the EGFR-Ras-PI3K pathway can cause cells to

become intrinsically radioresistant (Kim et al., 2005; Shaw and Cantley, 2006; Liu et al.,

2009; Akinleye et al., 2013). Therefore it is of interest to investigate PI3K inhibitors,

particularly when their use is combined with RT. In addition to altering intrinsic

radiosensitivity, there is emerging evidence that inhibition of this pathway reduces tumour

hypoxia, thereby reducing extrinsic radioresistance (Qayum et al., 2009).
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Figure 1.5 – The PI3K pathway: in addition to activation of KRAS, EGFR activates the oncogene
PIK3CA which activates AKT and mTOR leading to proliferation and cell growth (Berg and
Soreide, 2012).

Tumours typically have grossly abnormal blood vessels, leading to poor tumour perfusion

and hypoxia. However after seven daily doses of Buparlisib (a specific PI3K inhibitor

formerly called BKM120) in xenograft models tumour perfusion was increased (Figure

1.6), tumour vasculature was normalised, and tumour hypoxia was reduced (Figure 1.7)

(Fokas et al., 2012). Buparlisib induces ‘vascular normalisation’, causing vessels to

become longer, wider and less tortuous. A significant increase in tumour regrowth delay

resulted when animals were treated with radiation and drug (BEZ235, another PI3K

inhibitor) compared to either treatment delivered alone (Figure 1.8), suggesting that it

might be beneficial to combine PI3K inhibitors with RT. BEZ235 has off-target effects

including on DNA-PK (protein kinase that initiates signalling in response to DNA

damage) and as this could exacerbate RT induced side effects only Buparlisib was

considered for the trial.
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Figure 1.8 – Tumour volume changes following BEZ235 and RT (Fokas et al., 2012). (A) The

evolution of tumour volume over time is plotted for tumours of approximately 100 mm3 initial

volume, treated according to one of the following schedules: control, no treatment (circles); daily

doses of BEZ235 (20 mg/kg) on days 0-22 (squares); 6 Gy RT on day 7 (triangles); daily doses of

BEZ235 on days 0-58 with 6 Gy at day 7 (diamonds). (B) Mean times taken for tumours in each

treatment schedule to reach 700 mm3.

If Buparlisib had a similar effect in the human tumour microenvironment, the effectiveness

of RT treatments might well be substantially increased by its administration. A Phase I

study underway in Oxford is assessing the effect of Buparlisib in advanced stage NSCLC

patients, using PET and pCT imaging. Buparlisib has been used as a single agent in

several clinical trials that have administered daily doses of 100 mg (for example BELLE-3,

a Phase III trial in breast cancer), following the result of a prior single agent study which

determined this to be the maximum tolerated dose (MTD) of Buparlisib (Bendell et al.,

2012). The Oxford trial is the first to administer Buparlisib in combination with RT in

NSCLC patients, potentially improving the efficacy of the RT treatment.

BA
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This thesis analyses static and dynamic PET and perfusion CT imaging data collected

during the Oxford trial, according to the following framework:

 Chapter 2 – movement correction systems for PET scanners

 Chapter 3 – description of the trial structure, an investigation of hypothesised

hypoxic volumes determined from late time-point static FMISO data, and the

impact of Buparlisib on these volumes

 Chapter 4 – exploration of the compartment model that best describes whole

tumour FMISO TACs and whose fitted parameter values most accurately match the

kinetics of FMISO uptake, and an exploration of the impact of Buparlisib on the

fitted model rate-constants

 Chapter 5 – exploration of the optimum compartment model for analysing FMISO

kinetics on a voxel-by-voxel basis, an exploration of the fitted model rate-

constants, the impact of Buparlisib on these derived rate-constants, and a

description of the changes in derived rate-constants depending on the distance from

the edge of the tumour

 Chapter 6 – analysis of the pCT data, and evaluation of the impact of Buparlisib on

the derived perfusion parameters

 Chapter 7 – summary of the results obtained, and conclusions drawn.
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2 Movement

2.1 Abstract

A study is presented which evaluates different PET/CT motion correction systems

(uncorrected, gated, QFreeze). A phantom containing three active volumes was imaged

using a GE 690 PET/CT scanner. Three metrics were used to analyse the data: the

maximum standardised uptake values within an active volume (SUVmax), concentration

volume histograms (CVHs), and receiver operating characteristic (ROC) curves. CVHs

describe volumes with uptakes greater than a range of fractions of SUVmax, and are

analogous to dose volume histograms. ROC curves describe the sensitivities and

specificities with which ‘boost voxels’, having imaged uptakes greater than 50% of

SUVmax in the absence of movement, are identified in scans of the moving phantom.

Gated and QFreeze images substantially reduce the distortion introduced into PET images

by periodic movement, eliminating around 60% of the error on SUVmax and 80% of the

loss in the area under the curve (AUC) of ROC curves for a 0.5 mL active volume. Boost

voxels could be identified on uncorrected scans with a sensitivity of 95% and false positive

rate of 35%, which is reduced to 10% using QFreeze or gated images. Overall QFreeze

performed slightly better than gating at clinically typical noise levels, having a

significantly higher AUC for the ROC curve of a 20 mL active volume.

The impact of regular respiratory motion on PET images was substantially reduced by both

gating and QFreeze. At clinically typical noise levels QFreeze provided small, but

significant, advantages over gating.
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2.2 Introduction

Radiotherapy (RT) dose-painting is an emerging technique that delivers escalated radiation

doses to specific tumour subvolumes selected on the basis of functional or molecular

imaging (Ling et al., 2000). One approach uses PET images of the 18F-fluorodeoxyglucose

(18F-FDG) radiotracer (Bentzen, 2005; Søvik et al., 2009) and boosts subvolumes in which

radiotracer uptake exceeds a given percentage (typically 40-50%) of the maximum uptake

within the tumour (Mah et al., 2002; Erdi et al., 2002; Bradley et al., 2004; Deniaud-

Alexandre et al., 2005; van Elmpt et al., 2012). Levels of tracer uptake in PET scans are

commonly represented as SUV (Zasadny and Wahl, 1993). The maximum uptake within a

tumour is denoted as SUVmax.

Over the respiratory cycle lung tumours typically move a distance of around 0.5 cm,

although some tumours can move by more than 2 cm (Seppenwoolde et al., 2002). This

respiratory motion blurs PET images, potentially distorting both SUVmax values and the

shape of tumour subvolumes that have imaged uptake levels in excess of a given fraction

of SUVmax. Several methods have been developed to minimise or correct for movement

during PET imaging, and in this work we evaluate some of them using phantom

measurements analysed via metrics specific to dose-painting. In particular, we determine

their impact on SUVmax (which, being a point measure, is susceptible to both blur and

image noise), and on the sizes and shapes of volumes with imaged uptakes in excess of

different fractions of SUVmax.

Motion correction systems typically record a trace of a tumour movement surrogate during

imaging, and use it either to gate PET images, retaining data collected during one

particular phase interval of the breathing cycle, or to construct 4D-PET images comprising

a sequence of 3D images collected in each breathing phase. The Varian Real-time Position
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Management system (RPM, Varian Medical Systems, Palo Alto, CA) uses a block with six

infrared (IR) markers, placed on a patient’s chest and imaged by an IR camera, to generate

a trace. Alternatives include a belt placed around the chest which detects pressure changes

over the breathing cycle (Anzai Medical Systems, Tokyo, Japan), and systems that detect

air flow or changes in air temperature during breathing. The same systems can be used to

guide the collection of 4D-CT images. PET data collected during particular phase intervals

of the respiratory cycle should, in principle, be attenuation-corrected using ‘phase-

matched’ CT images collected during the same intervals; however, more approximate

corrections can be made using a 3D-CT image collected during the course of quiet

breathing.

QFreeze is a motion correction algorithm developed by General Electric (GE, Milwaukee,

USA). 4D-CT and 4D-PET data are collected using the Varian RPM system, and the PET

data is attenuation-corrected using the phase-matched 4D-CT. PET images of the different

phase intervals are then deformably co-registered to a reference phase (chosen by the user)

and added together to create a single PET image, a process that has been summarised as

‘reconstruct, register, average’ (Wollenweber et al., 2012). Owing to that fact that the

QFreeze PET images comprise data collected across all phase intervals, they are in

principle less noisy than images constructed from data obtained during a single phase.



24

The impact of the QFreeze algorithm on SUVmax values has previously been evaluated

(Wollenweber et al., 2012) using a phantom containing moving spheres of 17 mm internal

diameter filled with the germanium radioisotope 68Ge. In this work we use a phantom

containing 18F-FDG-bearing volumes with diameters between 10 and 30 mm. Alongside

SUVmax measurements, we determine the sensitivities and specificities with which voxels

whose imaged uptakes are 50% or more of SUVmax in PET scans of the static phantom can

be identified in scans of the moving phantom, either making no correction for movement,

or using QFreeze, or a gated PET image.

2.3 Materials and methods

2.3.1 Experimental methods

Three syringes (BD Medical, Franklin Lakes, USA) were attached to a semi-cylindrical

cedar insert located within a cylindrical cut-out in a perspex QUASAR phantom (Modus

Medical, London, Canada). The syringes had diameters of 0.9, 2.3, 2.8 cm, and were filled

with 0.5, 10 and 20 mL of uniform 18F-FDG activity (350 kBq/mL). These active volumes

are denoted here as small, medium and large (Table 2.1) and are smaller than the capacities

of the syringes, whose remaining unfilled volumes contained air (Figure 2.1A). The rest of

the phantom contained no activity. Top-down and axial schematics of the phantom

geometry are shown in Figures 2.1B and 2.1C. The phantom was programmed to move

sinusoidally along a horizontal (z) direction for a 3-second period with a peak-to-peak

amplitude of 2 cm, which is close to the maximum movement expected for patients

(Seppenwoolde et al., 2002), thereby providing a demanding test of the motion correction

software. An auxiliary plate was programmed to move sinusoidally in the vertical (y)

direction with a peak-to-peak amplitude of 1 cm, and an IR marker box was placed on the

plate.
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Syringe 18F volume in
syringe

Syringe
maximum
volume

Active length shown
as dotted line in
Figure 2.1A

Active diameter
shown as dotted line
in Figure 2.1A

Small 0.5 mL 2 mL 0.8 cm 0.9 cm
Medium 10.0 mL 40 mL 2.5 cm 2.3 cm
Large 20.0 mL 60 mL 3.3 cm 2.8 cm

Table 2.1 – Details of active volumes used in the experiment.

The phantom was scanned using a GE Discovery 690 PET/CT camera (GE, Milwaukee,

USA) with the z-direction aligned with the scanner axis, following a PET/CT protocol

comprising a scout scan for positioning, a standard 3D-CT scan, a 4D-CT scan (when

phantom movement was enabled), and a 4-minute PET scan in one bed position. The

Varian RPM system was used to record the respiratory motion trace. Imaging was carried

out three times with phantom movement turned off, and a further three times with the

phantom moving, collecting a total of six complete datasets.

A B C

Figure 2.1 – The phantom geometry: (A) a schematic filled syringe, the solid black region
representing an active (18F) volume whose dimensions are detailed in Table 2.1; (B) a top-down
view of the phantom geometry; (C) axial view.

Phantom
movement
direction (z)

Perspex phantom
Perspex phantom

Large
syringe

Large
syringe

Small
syringe

Movement
direction (z)

Syringe
active width

Syringe
active length

Medium
syringe

IR box
IR box
movement
direction (y)

Cedar

insert

Air

Air

syrnge

Cedar

insert

Phantom

motor

z

x

y

xzy

IR box



26

PET data collected for the static phantom were attenuation-corrected using a static 3D-CT

scan, and then reconstructed to create images denoted here as ‘static’. Data collected for

the moving phantom were initially attenuation-corrected using a standard 3D-CT scan of

the moving phantom and reconstructed without correcting for movement, creating images

denoted as ‘uncorr’. Image reconstruction was carried out using a ToF OSEM algorithm (2

iterations, 24 subsets, 6.4 mm Gaussian filter, 2.7×2.7×3.3 mm voxel).

Using the GE MotionMatch software, PET list-mode data collected for the moving

phantom was also retrospectively split into bins comprising data collected during five

equal phase intervals of the breathing cycle, identified from the respiratory trace. These

intervals are termed A-E and summarised in Table 2.2: each covers 20% of the cycle,

phase A starting at 0% which corresponds to the end of inhalation. The midpoints of the

PET phase ranges were used as the target phases when collecting 4D-CT images.

Phase Name CT target phase % PET phase range %

A 10 0-20
B 30 20-40
C 50 40-60
D 70 60-80
E 90 80-100

Table 2.2 – Details of the five phase bins.

4D-PET images were generated by separately reconstructing the PET data of each phase

bin. Two 4D-PET images were created from each data-set. The first, here termed ‘gated

single CT attenuation correction’ or Gate-SC, was reconstructed from data corrected for

attenuation using a single conventional 3D-CT image. The second, termed ‘gated phase-

matched attenuation correction’ or Gate-PM, was reconstructed from data that had been

attenuation-corrected phase-specifically using a 4D-CT.
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Both 4D-PET images consist of five individual 3D images corresponding to phases A-E of

the respiratory cycle. From the Gate-PM and 4D-CT data, the QFreeze system generates a

single motion-corrected 3D-PET QFreeze image by registering the different phases of the

Gate-PM scan to one reference phase. Some details of this algorithm are given in the

published white paper (Ganin and Wollenweber, 2012) but the exact details are

commercially confidential. As part of this study each of the five phases was sequentially

selected as the reference, thus generating five QFreeze images from each scan of the

moving phantom. The various images generated in the study are summarised in Table 2.3.

In Oxford, patients are typically injected with 4 MBq/kg of 18F-FDG and imaged for 4

minutes per bed position at 90 minutes post-injection. Accounting for physical decay, a

patient’s average specific activity at imaging is 40.566 or 2.27 MBq/kg. Consequently an

SUV of 2 corresponds to an activity concentration of 4.54 kBq/mL, assuming a unit mass

density. The 350 kBq/mL activity concentration within the active volumes imaged in this

work is higher by a factor of 77, and from Poisson statistics the signal-to-noise ratio in

these volumes, imaged for 4 minutes, will be approximately a factor of 9 greater than that

for lesions with an SUV of 2, and these images are therefore termed ‘low noise’. To

represent scans with clinically typical noise images were reconstructed from data taken

from 3-second intervals of one of the 4-minute scans, thus reducing the counts to

approximately the number obtained in 4 minutes from a lesion with an SUV of 2. We have

taken data from three such intervals of 3 seconds, to create repeat ‘clinically typical noise’

scans.
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Image description Schematic illustration Number of
images
generated

CT scan used
for attenuation
correction

Uncorrected
movement
(Uncorr)

1 3D-CT

Gated, single CT
AC (Gate-SC)

5, 1 for each
phase

3D-CT

Gated, phase-
matched AC
(Gate-PM)

5, 1 for each
phase

4D-CT

QFreeze Usually 1, for
a single
reference
phase, but 5
here

4D-CT

Static 1 3D-CT

Table 2.3 – A comparison of image types generated in the study. Three repeat scans have been
obtained for each type of image, both for low and clinically typical noise conditions. AC indicates
attenuation-corrected.

2.3.2 Analysis methods

The image data was analysed using three quantitative metrics: SUVmax, concentration

volume histograms (CVHs), and receiver operating characteristic (ROC) curves (Lusted,

1971).

Using the Hermes Hybrid Viewer (Hermes Medical Solutions AB, Sweden), SUVmax

values were determined for each active volume in images of the moving and static

phantom. Values obtained from scans of the moving phantom were then calculated as

percentages of the SUVmax values obtained for the same active volumes from the static
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scan. Although the true activity concentration within the active volumes is known, it is

preferable to normalise to static scan SUVmax values because the partial volume effect

causes the imaged activity concentrations of small active volumes to lie below the true

concentration, even in the absence of phantom movement (Soret et al., 2007).

CVHs are defined similarly to the previously described activity volume histograms

(AVHs) (Thorndyke et al., 2008). They are analogous to the dose volume histograms

(DVHs) commonly used in RT planning, but display relative imaged activity

concentrations (SUV/SUVmax) rather than doses along the x-axis. The y-axis of cumulative

CVHs shows volumes with activity concentrations greater than the fractions of SUVmax

displayed on the x-axis. In current RT dose-painting protocols, tumour subvolumes

selected for boosting typically have uptakes in excess of 40-50% of SUVmax (Mah et al.,

2002; Erdi et al., 2002; Bradley et al., 2004; Deniaud-Alexandre et al., 2005), and so

CVHs above a lower threshold of 40% of SUVmax were plotted, allowing absolute volumes

with uptakes in the range 40-100% of SUVmax to be compared between different images.

In order to compare the shapes and locations of these regions, as well as their volumes, we

have used the ROC methodology (Lusted, 1971). Specifically, graphs were plotted of the

sensitivities and specificities for volumes comprised of voxels having uptakes greater than

50% of SUVmax in a static phantom image, which can be identified in other images by

selecting voxels with imaged uptakes greater than a given fraction (varied from 20-90% in

increments of 5%) of SUVmax in those images. Here sensitivity is defined as the number of

voxels correctly identified in the moving scan, expressed as a fraction of the number of

voxels with uptakes greater than 50% of SUVmax in the static phantom scan (the

overlapping volume B of Figure 2.2 divided by volumes A and B). Additionally, (1-

specificity), the false positive rate, is defined as the number of voxels incorrectly identified

from the moving scan, expressed as a fraction of the total number of voxels with uptakes
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less than 50% and greater than 5% of SUVmax in the static scan (volume C divided by

volumes C and D). The lower 5% limit on volume D has been chosen in order to limit the

voxels being considered to those within a reasonable distance of the active volume. In the

context of RT dose-painting, sensitivity is the fraction of the voxels that would be chosen

for boosting on the basis of an image unaffected by movement, which are actually boosted

on the basis of a scan in which respiratory movement occurs. The measure

(1-specificity) is the number of voxels incorrectly selected for boosting using a scan of a

moving patient, expressed as a fraction of the total number of voxels that would not be

boosted on the basis of an image free of movement effects.

We carried out ROC comparisons of QFreeze, Gate-PM, and uncorrected images versus a

static image. For each non-standard image type we obtained sensitivities and specificities

from three repeated scans, to estimate both average values and their degree of variability.

In order to determine which voxels (regions of space) in the non-standard images

correspond to voxels in the static image, QFreeze images were rigidly registered to the

static scan; registration of the gated and uncorrected images with the static scan then

followed automatically. ROC analyses of the three repeated static scans versus each other

were also carried out, to assess the degree to which image noise causes the ROC curves for

static images to depart from the ideal of unit sensitivity and specificity. The AUC (Hanley

et al., 1982) was used as a metric of ROC quality: for an ideal image in which boost voxels

could be identified perfectly, the AUC would be 1; whereas for an image containing no

information, in which the locations of boost voxels were randomly guessed, the AUC

would be 0.5.
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Figure 2.2 – Schematic of the ROC analysis.

2.3.3 Statistical methods

Averages, variances and sample standard deviations of SUVmax values, CVH volumes,

sensitivities, specificities and AUCs of ROC curves were calculated from individual values

obtained from three repeat images, collected under both clinically typical and low noise

conditions. Figures plotted in the Results (section 2.4) show average values together with

error bars representing scan-to-scan variation at the one standard deviation level. A two-

tailed paired t-test was used to determine the significance of differences in values between

QFreeze, gated, uncorrected and static scans. Differences in variance were assessed using

the F-test.

The blue lines represent the region in which imaged uptake is
greater than 50% of SUVmax in a scan unaffected by movement.

The red lines represent regions in which voxels have an imaged
uptake greater than some fraction of SUVmax in a scan affected
by respiratory motion, the fraction being higher for the dashed
than for the continuous line.
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Cross-sections from the QFreeze and uncorrected scans are plotted alongside a cross-

section from a scan of the static phantom, together with line profiles along the axis of the

large active volume indicated by the white arrow in Figure 2.3A. The QFreeze profile is

more blurred than the static profile but much sharper than the profile of the uncorrected

scan. The Gate-PM and Gate-SC images are similar to the QFreeze image and are not

shown in the figure.

2.4.1 Maximum imaged uptake levels (SUVmax)

The SUVmax values of the three active volumes are shown in Figures 2.4-2.7 for the

different image types, normalised to the average SUVmax values of the respective active

volumes in the static images. Although the activity concentration within each active

volume was the same, the imaged SUVmax of the small active volume in the static scan was

only 46% of the SUVmax values of the medium and large active volumes due to the partial

volume effect (Soret et al., 2007), and as this difference is unrelated to movement we have

normalised it out.

Figure 2.4A shows normalised SUVmax values at low noise levels in static, QFreeze

(reference phase D), gated (phase D) and uncorrected images. Figure 2.4B shows

equivalent data for scans with clinically typical noise levels. Figure 2.5 shows the variation

by phase of the normalised SUVmax values of the QFreeze and gated scans. Tables 2.4 and

2.5 list the significances of differences between the SUVmax values of the various image

types at low and clinically typical noise levels.

SUVmax values in uncorrected scans are lower than those in static scans, as expected, to a

degree that reaches significance in our dataset for the small and medium active volumes

imaged at low noise levels, and for the small active volume at clinically typical noise

levels (p<0.05). SUVmax values in Gate-SC, Gate-PM and QFreeze images lie closer to the
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static image values, with differences only being obvious for the small active volume

(Figure 2.4) and only reaching significance at low noise levels in this dataset.

Differences between SUVmax values in QFreeze images and those in Gate-PM and Gate-

SC images are insignificant at low noise levels. However, at clinically typical noise levels

SUVmax values in the Gate-PM and Gate-SC images exceed those in QFreeze images,

significantly so for the medium and large active volumes. This occurs because QFreeze

images comprise data from all five respiratory phases, whereas Gate-SC and Gate-PM

images contain data from only one phase and are thus noisier; since SUVmax is a point-

based measure reflecting the highest imaged uptake within a region, its value rises as the

noise level increases. For the medium and large volumes, SUVmax values in the QFreeze

images are very similar to those in static images, and consequently SUVmax values in the

Gate-SC and Gate-PM images overestimate those in the static images. For the small active

volume, however, QFreeze SUVmax values are lower than those in static images

(significantly so at low noise levels) because of the residual movement within each

respiratory phase; small active volume SUVmax values in Gate-SC and Gate-PM images

are closer to those in static images than QFreeze SUVmax values.

For the Gate-PM and QFreeze images the variances of SUVmax values were calculated

across all five phases of the three repeated scans. As expected, the variances of Gate-PM

SUVmax values are significantly greater than those of QFreeze SUVmax values at clinically

typical noise levels for the small and medium active volumes (p = 0.02 and 2×10-6

respectively). However, no significant differences in variance were seen for the large

active volume at clinically typical noise levels, or for any volume at low noise levels.

In summary, SUVmax values in gated and QFreeze images are closer to those in static

images than SUVmax values in uncorrected images of the moving phantom. However,
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SUVmax values of small active volumes in QFreeze images still lie below those in static

images, due to residual movement within each respiratory phase, although for larger

volumes QFreeze SUVmax values are very close to static values. At clinically typical noise

levels, SUVmax values in gated images have higher variances and mean values than

QFreeze SUVmax values. Consequently, for larger active volumes the SUVmax values in

Gate-SC and Gate-PM images overestimate SUVmax values in static images, but for

smaller active volumes they provide better estimates than QFreeze values.

Figure 2.4 – Normalised SUVmax values of the large, medium and small active volumes in static
and uncorrected images, phase D of gated images, and QFreeze images generated using phase D as
the reference, at (A) low, and (B) clinically typical noise levels. The phantom oscillated with a
peak-to-peak amplitude of 2 cm during the non-static scans.
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Syringe size Scan type QFreeze Gate-PM Gate-SC Uncorr
Large
Medium
Small

Static
-
-
0.02

0.02
-
0.02

-
-
0.01

-
0.001
0.002

Large
Medium
Small

QFreeze
-
-
-

-
-
-

-
0.001
0.004

Large
Medium
Small

Gate-PM
-
0.003
0.001

-
0.004
0.003

Large
Medium
Small

Gate-SC
-
0.004
0.003

Table 2.4 – Significances of differences between SUVmax values of the active volumes in the
various image types at low noise levels (phase D of gated images, QFreeze reference phase D).
Dashes indicate p>0.05.

Syringe size Scan type QFreeze Gate-PM Gate-SC Uncorr
Large
Medium
Small

Static
-
-
-

-
-
-

-
-
-

-
-
0.007

Large
Medium
Small

QFreeze
0.009
-
-

0.004
0.05
-

-
-
0.02

Large
Medium
Small

Gate-PM
-
-
-

-
-
0.05

Large
Medium
Small

Gate-SC
-
-
-

Table 2.5 – Significances of differences between SUVmax values of the active volumes in the
various image types at clinically typical noise levels (phase D of gated images, QFreeze reference
phase D). Dashes indicate p>0.05.
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Figure 2.5 – Normalised SUVmax values of the large (L), medium (M) and small (S) active volumes
in static and uncorrected images, phases (A-E) of gated images, and in QFreeze images generated
using each phase as the reference, at (A) low and (B) clinically typical noise levels.

2.4.2 Concentration volume histograms

CVHs are shown in Figure 2.6 for the large active volume in the different image types at

low and clinically typical noise levels. Figure 2.7 shows volumes with uptakes greater than

50% of SUVmax in the different images (denoted as V50%, and expressed as percentages of

the V50% volumes in static scans) for the small, medium and large active volumes at low

and clinically typical noise levels.
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Figure 2.6 – CVHs of the large active volume at (A) low, and (B) clinically typical noise levels
(phase D of gated images, QFreeze reference phase D). For clarity the Gate-SC CVH is not shown
in B.
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Several patterns are apparent in the low noise image data. Firstly, for the small active

volume, V50% is much greater in uncorrected images than in the other images (p<0.02);

V50% values in the QFreeze and gated images are slightly, but insignificantly, larger than in

the static images. Secondly, this trend is reversed for the medium and large active

volumes, with V50% being significantly smaller in uncorrected scans than in static images

(p<0.02). Lastly, there are no significant or substantial differences between V50% values in

the gated and QFreeze images.

Figure 2.7 – Volumes with imaged uptakes greater than 50% of SUVmax in static and uncorrected
images, QFreeze reference phase D, and phase D of gated images, plotted as percentages of the
volumes with > 50% SUVmax uptake in static images for the small, medium and large active
volumes, at (A) low, and (B) clinically typical noise levels.
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The first pattern occurs because SUVmax values are much lower in uncorrected images of

the small active volume than in other images; consequently much larger volumes have

imaged uptakes greater than 50% of SUVmax in uncorrected images. Similarly, SUVmax

values in the gated and QFreeze images are slightly lower than those in static images, due

to residual movement in each image gate, and so V50% values in gated and QFreeze images

are slightly higher than those in static images. The second trend is unrelated to differences

between SUVmax values in the various images (these differences being very small for the

medium and large active volumes) and instead reflects more subtle differences in volumes

with a particular absolute level of imaged uptake. Finally, the lack of difference between

V50% values in QFreeze and gated images reflects the low noise levels in all of the images.

At clinically typical noise levels the first two patterns are also observed, but the third is

not: V50% values in gated images are slightly smaller than those in QFreeze images (p=0.02

significance for the medium active volume, p = 0.08 and 0.09 borderline significance for

the small and large active volumes) because at these noise levels SUVmax values in gated

images are higher than those in QFreeze images. Consequently, at clinically typical noise

levels QFreeze provides better estimates of V50% for the large and medium active volumes

than the gated images, but less accurate estimates for the small active volume.

2.4.3 ROC curves

ROC curves were plotted of the sensitivities and specificities for volumes comprised of

voxels having uptakes greater than 50% of SUVmax in a static phantom image, which can

be identified in other images by selecting voxels with imaged uptakes greater than a given

fraction (varied from 20-90% in increments of 5%) of SUVmax in those images (section

2.3.2, Figure 2.2). ROC curves obtained for the large active volume from images with low
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and clinically typical noise are shown in Figure 2.8. Curves obtained for the small active

volume are shown in Figure 2.9. The plots show sensitivities and specificities with which

boost voxels are identified in QFreeze, Gate-PM and uncorrected images of the moving

phantom, and in another scan of the static phantom. ROC curves obtained from Gate-SC

images are very similar to those obtained from Gate-PM images, and have therefore not

been plotted.

Figure 2.8 – ROC curves for the large active volume in static, QFreeze (reference phase D), Gate-
PM (phase D) and uncorrected images at (A) low, and (B) clinically typical noise levels. The
numbers by the curves show the percentages of SUVmax associated with the nearest points on the
curves.
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Figure 2.9 – ROC curves for the small active volume in static, QFreeze (reference phase D), Gate-
PM (phase D) and uncorrected images at (A) low, and (B) clinically typical noise levels.

In all the graphs, the ROC curves obtained from uncorrected images lie below those

obtained from QFreeze and gated images, which in turn lie below those obtained from

static images. QFreeze and gated ROC curves are similar, with the gated curves lying just

below those obtained from QFreeze images at clinically typical noise levels.
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Mean AUCs and standard errors on the means are listed in Table 2.6 and Table 2.7 for the

different image types at low and clinically typical noise levels respectively. Significances

of AUC differences are shown in Table 2.8 and Table 2.9. AUCs of ROC curves obtained

from uncorrected images are significantly smaller than those obtained from static images,

by around 2.5% and 12% for the large and small active volumes. For QFreeze and static

images, AUCs are also significantly smaller than those obtained for static images, but only

by around 1% and 2% for the large and small active volumes. AUCs of ROC curves

obtained from QFreeze and Gate-PM images are similar, although for the large active

volume at clinically typical noise levels the QFreeze AUC is slightly (0.2%) but

significantly (p=0.005) higher.

Syringe size Static QFreeze Gate-PM Uncorr
Large 1.000(0.000) 0.993(0.002) 0.993(0.003) 0.980(0.002)

Small 1.000(0.000) 0.985(0.002) 0.984(0.002) 0.887(0.009)

Table 2.6 – Mean AUCs for ROC curves obtained from the various image types at low noise
levels. Values in brackets are standard deviations on the means.

Syringe size Static QFreeze Gate-PM Uncorr
Large 0.998(0.001) 0.984(0.003) 0.982(0.003) 0.973(0.003)

Small 0.993(0.007) 0.974(0.005) 0.969(0.005) 0.856(0.049)

Table 2.7 – Mean AUCs for ROC curves obtained at clinically typical noise levels.
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Scan type QFreeze Gate-PM Uncorr Syringe size

Static
0.009
0.003

0.01
0.003

0.002
0.001

Large
Small

QFreeze
-
-

4×10-4

0.002
Large
Small

Gate-PM
0.01
0.002

Large
Small

Table 2.8 – Significances of AUC differences between the various image types at low noise levels.
Dashes indicate p>0.05.

Scan type QFreeze Gate-PM Uncorr Syringe size

Static
0.005
0.004

0.004
0.02

0.002
0.02

Large
Small

QFreeze
0.005
-

0.02
0.03

Large
Small

Gate-PM
0.02
0.03

Large
Small

Table 2.9 – Significances of AUC differences between the various image types at clinically typical
noise levels.

In summary, for the large and small active volumes around 50% and 80% respectively of

the AUC of ROC curves that is lost due to uncorrected movement can be recovered using

QFreeze or gated images. These two image types produce similar results, with QFreeze

performing slightly better in the case of the small active volume at clinically typical noise

levels.
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2.5 Discussion

Much of the distortion introduced into PET scans by respiratory motion is eliminated in

QFreeze and gated images. For the small (0.5 mL) active volume studied in this work,

around 60% of the error on SUVmax and 80% of the loss in AUC of ROC curves was

eliminated, irrespective of noise levels. Using uncorrected scans, boost voxels could be

identified with a sensitivity of 95% and a false positive rate of 35%, whereas using

QFreeze or gated scans the false positive rate was reduced to 10% for the same sensitivity.

At low noise levels, roughly 95% of the error on V50% for the small active volume was

eliminated using these images.

QFreeze and gating perform very similarly at low noise levels, however at clinically

typical noise levels the greater degree of noise in the gated images leads to certain

differences: for the small active volume, SUVmax values in static scans are more accurately

matched by those in gated rather than QFreeze images; whereas for the medium and large

(10 and 20 mL) active volumes, the static SUVmax values are more closely matched by

QFreeze than by gated SUVmax values. Likewise, for the small active volume, V50% values

in gated images are closer to the static image V50% values than those in QFreeze images,

but for the medium and large active volumes QFreeze performs better. Overall, QFreeze

represents a marginal improvement at clinically typical noise levels, having a slightly but

significantly higher AUC for the ROC curve of the large active volume. Notice that in this

study scans were split into five phase intervals: had more phases been used, the gated

images would have been noisier and differences between QFreeze and gated images larger.

Fives gates were used as it is the number used clinically in Oxford; other sites have also

reported on work using five gates (Nehmeh et al., 2003).
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The experiments described here are a simplification of the clinical situation, in which

respiration is not entirely regular, baseline shifts occur, and tumours and surrounding

tissues deform rather than translating rigidly, all of which present greater challenges for

systems aiming to mitigate the impact of movement on imaging. Thus our results likely

provide upper estimates of the gains achievable using QFreeze and gated images. Unlike

patients, the Perspex phantom we imaged contained no background activity (in common

with previous work (Wollenweber et al., 2012)); however average activity concentrations

throughout patients’ bodies are low in comparison with typical uptake levels reported for

non-small cell lung cancers (average SUV being 1 by definition compared to 15 for

tumour SUVmax (Ozgül et al., 2013)), and the phantom did contain multiple active

volumes.

Future work is planned to address the limitations in this study. A body phantom is

currently being built (based on a human MRI scan) that will allow different sizes of lesions

to be placed in it, surrounded by background activity. This body phantom, when made,

will be placed on a new movement platform allowing a range of more realistic patient

respiratory movements.

2.6 Conclusion

In conclusion, the impact of regular respiratory motion on PET images can be substantially

reduced using gating or the QFreeze system, potentially improving the specificity with

which tumour subvolumes can be identified for boosting in RT dose-painting. There was

relatively little difference between QFreeze and gating seen in this study. However,

QFreeze provided very small, but statistically significant, advantages over gating at

clinically typical noise levels.
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3 Buparlisib Trial

3.1 Abstract

A clinical trial is being run to investigate the impact of a potentially hypoxia-modifying

drug, Buparlisib, on perfusion and hypoxia in NSCLC patients. The trial design is a 3+3

dose escalation study exploring the effect of daily doses of 50 mg, 80 mg, and 100 mg

Buparlisib. The imaging protocol of the trial is described and characteristics of the nine

patients recruited to date are detailed. Some representative FMISO images are presented.

The results of an analysis of tumour volumes with tumour-to-blood ratios (TBR) greater

than 1.4 (considered to indicate hypoxia) are described: specifically, changes in these

hypothesised hypoxic volumes before and after one week of Buparlisib have been

determined. The hypothesised hypoxic volumes generally decrease following daily

administration of more than 50 mg of Buparlisib. A significant difference (p=0.02) was

seen in this measure between Cohort 1 (50 mg daily) and Cohorts 2 and 3 (80 and 100 mg

daily respectively).
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3.2 Introduction

3.2.1 Trial background

In a single-centre trial underway in Oxford (NCT02128724, ‘CR-UK Phase I Study of

BKM120 in Patients with Non-small Cell Lung Cancer Receiving Thoracic

Radiotherapy’), the impact of Buparlisib (Novartis, Basel, Switzerland) on perfusion and

hypoxia levels in NSCLC is being explored. The primary objective of the trial is to

determine the MTD of Buparlisib in NSCLC patients when given concurrently with

palliative radiotherapy. Secondary objectives are to measure changes in PET-imaged

FMISO uptake, indicating changes in tumour hypoxia, and changes in tumour perfusion

parameters obtained from analysis of perfusion CT images. The trial is a single-centre

open-label 3+3 cohort study of dose escalation; FMISO PET and perfusion CT images of

patients are obtained at baseline and seven days after administration of Buparlisib without

any other intervention.

3.2.2 FMISO scans

FMISO is transported between the vasculature and tumour cells by passive diffusion,

which is a slow process. FMISO PET imaging is carried out several hours post-injection,

to allow influx of the radiotracer to hypoxic cells and washout from normoxic cells

(Prekeges et al., 1991). Dynamic PET imaging of FMISO uptake at multiple time points

has also been investigated alongside static imaging at a late time point. In this trial both

dynamic and static FMISO scan data is collected and analysed in order to maximise the

information gathered.

Late static FMISO images are commonly analysed using the measures of TBR or tumour

to muscle ratio (TMR) as a means of classifying individual voxels as either hypoxic or not,

rather than the SUV measures frequently used in PET (Koh et al., 1995; Gagel et al., 2006;
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Thureau et al., 2013; Vera et al., 2011). Various researchers have used a range of

thresholds signifying supposedly hypoxic voxels, ranging from 1.2-2 (Swanson et al.,

2009; IND, 2013; Zips et al., 2012; Okamoto et al., 2013). Most commonly, voxels with a

TBR greater than 1.4 are considered to be hypoxic, and this is the threshold used

throughout this work, in which volumes with TBR ≥ 1.4 (often termed ‘hypoxic volumes’) 

are denoted as ‘VTBR1.4’. This work also uses a TBR colour scale such that red regions

depict a TBR greater than 1.4 and no visible PET depicts a TBR lower than 1.

3.3 Materials and methods

3.3.1 Trial details

The trial has been set up as shown in Figure 3.1, with patients being imaged pre-Buparlisib

and after seven days of Buparlisib. The amount of drug varies according to cohort: for

Cohort 1, a dose of 50mg Buparlisib was administered once daily, patients in Cohort 2

were given 80 mg, and those in Cohort 3 are given 100mg. The imaging protocol for

FMISO PET/CT is described in detail below, while the protocol for pCT is described in

Chapter 6.

Figure 3.1 – Trial schematic (Higgins et al., 2014).
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3.3.3 Analysis of late FMISO images

Analysis of the four hour FMISO images has been performed using the Hermes Hybrid

Viewer software (Hermes Medical Solutions AB, Sweden). Tumour outlining has been

carried out with the assistance of a PET consultant radiologist, who contoured the tumour

regions on each CT image obtained from the dynamic, two hour, and four hour PET/CT

scans. The outlined volumes were transferred to the associated PET images (the PET and

CT images being hard-registered via the PET/CT imaging system). If any metastases or

involved nodes were identified within the PET field of view in addition to the tumour, they

were also outlined by the radiologist. Where appropriate, prior patient imaging was used

to guide tumour outlining. A blood volume was also drawn in the centre of the descending

aorta, on at least five PET slices. For each volume outlined, SUVmean values were

generated using the Hermes Hybrid Viewer software (Hermes Medical Solutions AB,

Sweden). TBRmean values were then calculated by dividing these SUVmean values by the

blood SUVmean obtained for the outlined descending aorta.

To calculate the VTBR1.4 volumes, voxel-by-voxel SUVs were exported for the outlined

volumes and divided by the associated blood SUVmean, after which volumes of voxels with

TBRs greater than 1.4 were summed. For each patient the total VTBR1.4 denotes the sum of

VTBR1.4s obtained for the outlined tumour, metastases, and involved nodes within the PET

field of view. Fractional pre- to post-Buparlisib changes in VTBR1.4 were calculated by

dividing the post-Buparlisib total VTBR1.4 value by the corresponding pre-Buparlisib

VTBR1.4. Analysis of the dynamic PET data is considered in Chapters 4 and 5.
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3.3.4 4D-PET/CT

4D-PET/CT imaging was attempted for all trial patients using the Varian RPM system

described in Chapter 2. However, technical problems with 4D-PET/CT acquisition were

encountered for the majority of patients scanned. Initially the IR camera had been

mounted on the wall and the breathing trace could not be detected due to the extended

distance between the IR camera and patient. Even when the IR camera was moved to the

couch, the RPM system was still unable to detect a suitable trace from the patient for the

entire procedure. This was principally because the trial patients were positioned feet-first

in the scanner (to allow dynamic injection), forcing the marker box to be placed at the

superior border of the patient’s chest where there is less respiratory movement than at the

normal inferior chest position. The limited movement of the marker box in this

compromised position was usually insufficient for the gating system to consistently detect

a breathing trace.

For patients where at least one 4D-CT in the FMISO imaging procedure was successful (8

out of 9), the maximum observed movement was 5 mm in the cranial-caudal direction for a

tumour length of 60 mm in the same direction; this is much less than the worst case of 20

mm movement studied in Chapter 2. Average movements for tumours of length 30-110

mm (median 75 mm) were 3 mm in the cranial-caudal direction with an average fractional

movement of 6%. Generally the tumours investigated were situated in the upper lobe

which has been shown to experience less breathing movement than tumours in the lower

lobe (Seppenwoolde et al., 2002). For consistency this work will analyse all of the

patients considering only the 3D-PET/CT scans.



53

3.4 Results

3.4.1 Patients scanned

To date, analysable FMISO PET data has been collected pre- and post-Buparlisib for nine

patients whose basic clinical details are shown in Table 3.1.

Patient Cohort Sex PS Stage Histological
Type

Tumour
Volume

(mL)
1 1 F 1 IV adeno 013
2 1 M 1 IIIa squam 510
3 1 M 1 IV adeno 105
4 2 M 1 IV squam 029
5 2 F 1 IV adeno 135
6 2 F 1 IV squam 180
7 3 F 1 IV adeno 044
8 3 M 0 IV squam 188
9 3 M 1 IV squam 040

Table 3.1 – Details of Buparlisib trial patients; ‘PS’ represents performance status, ‘adeno’

adenocarcinoma, and ‘squam’ squamous cell.

The first three patients in Cohort 3 have completed follow-up with no dose-limiting

toxicities reported, and thus the MTD of Buparlisib in combination with palliative thoracic

radiotherapy has been declared as 100 mg a day. The trial was designed not to investigate

daily doses higher than 100 mg as a result of a prior single agent Buparlisib MTD study

(Bendell et al., 2012). Currently Cohort 3 is being expanded, requiring six additional

patients to be recruited, each also receiving 100 mg of Buparlisib daily. These additional

patients will provide supplementary data regarding changes in hypoxia and perfusion post-

Buparlisib. However, in this work data will only be reported and analysed for the nine

patients who have completed the trial thus far.
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3.4.2 Example FMISO PET images

This section shows images illustrating the typical time-course of FMISO uptake.

Additionally, late time-point images are presented for two patients, showing post-

Buparlisib change and no change respectively. In the next section the late time-point

images of all nine patients are analysed quantitatively.

FMISO PET images from one patient, reconstructed from data collected over 10-minute

time-frames beginning at 35 minutes and at two and four hours post-injection, are shown

in Figure 3.3. FMISO gradually diffuses away in normoxic regions (e.g. muscle) and

accumulates in hypoxic regions. FMISO does not accumulate in necrotic tissue, as can be

seen in Figure 3.4.

Figure 3.3 – Fused FMISO images for Patient 3preC1 at (A) 35 mins, (B) two hours, and (C) four

hours post-injection. All images are of 10 minutes duration and use an SUV scale of 0-3, such that

red corresponds to SUV values greater than 3.
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Axial slices taken from pre- and post-Buparlisib FMISO PET images collected at four

hours post-injection are shown for one patient showing a change in FMISO uptake (Figure

3.6) and one with no change (Figure 3.7).

Figure 3.6 – Four hour images showing a change in FMISO uptake from pre-Buparlisib (left) to

post-Buparlisib (right), using a TBR colour scale 1-1.4.

Figure 3.7 – Four hour images showing no change in FMISO uptake from pre-Buparlisib (left) to

post-Buparlisib (right), using a TBR colour scale 1-1.4.
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3.4.3 Quantitative FMISO data

Table 3.2 lists the metrics of FMISO uptake at four hours post-injection for all outlined

volumes (tumours, metastases and involved nodes) of the nine patients imaged so far. Pre-

Buparlisib VTBR1.4 volumes are plotted against tumour, metastasis, or involved node

volume in Figure 3.8, along with fractional VTBR1.4 volumes (VTBR1.4 divided by volume).

The fractional VTBR1.4 volumes lie at approximately 40% for volumes greater than 100 mL,

showing that size is not a good predictor of hypoxic volume, in common with other work.

Figure 3.8 – Graph showing the relationship between tumour, metastasis, or involved node volume

and VTBR1.4 for all TACs pre-Buparlisib.
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For smaller volumes the fractional VTBR1.4 volumes are lower (<20%) in all but one case.

However, for small volumes the partial volume effect is likely to reduce the detected

uptake and so will alter the derived parameters (Cherry et al., 2012).

Patient SUVmean TBRmean Volume (mL) VTBR1.4 (mL) VTBR1.4 post-
Buparlisib

1preC1 1.1 0.9 13 0.4 +14%

1postC1 1.2 1.0 13 0.4
2preC1 1.5 1.4 510 239 -3%

2postC1 1.9 1.5 490 233
3preC1 2.1 1.4 105 44 +7%

3postC1 2.0 1.4 98 46

3MpreC1 1.6 1.0 6.5 0.6
3MpostC1 1.5 1.1 6.7 1.1

4preC2 1.3 0.9 29 1.3 -17%
4postC2 1.4 0.9 27 1.1

5preC2 2.0 1.2 135 51 -18%

5postC2 1.8 1.1 141 42
6preC2 1.6 1.4 180 90 -26%

6postC2 1.5 1.4 175 70

6NpreC2 1.6 1.4 9.0 3.9
6NpostC2 1.5 1.3 9.2 3.2

7preC3 1.5 1.2 44 6.2 -49%
7postC3 1.4 1.1 37 3.4

7NpreC3 1.5 1.2 8.5 0.8

7NpostC3 1.4 1.1 6.0 0.1
8preC3 1.7 1.3 188 67 -21%

8postC3 1.5 1.2 182 53

8N1preC3 1.3 1.0 6.8 0.1
8N1postC3 1.3 1.1 7.0 0.3

8N2preC3 1.4 1.1 16 0.4

8N2postC3 1.3 1.0 15 0.2
8N3preC3 1.3 1.0 8.0 0.2

8N3postC3 1.2 1.0 7.0 0.05

9preC3 1.6 1.1 40 2.4 -37%
9postC3 1.6 1.0 37 1.5

Table 3.2 – Details of trial patients with VTBR1.4 the percentage change from all outlined volumes

from pre- to post-Buparlisib; ‘M’ represents metastases and ‘N’ node.
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Pre- and post-Buparlisib TBRmean values are plotted in Figure 3.9. For Cohort 1 patients

the post-Buparlisib values are higher, but for the majority of Cohort 2 and 3 patients they

are lower, suggesting that tumour hypoxia may be reduced only in patients receiving daily

doses greater than 50 mg Buparlisib. Using a two-tailed paired t-test, differences between

pre- and post-Buparlisib TBRmean values are not significant for any individual cohort.

However, when Cohorts 2 and 3 are considered together the decrease in TBRmean is

significant (p=0.02).

SUVmean data is plotted in Figure 4.3 of Chapter 4, in order to study how it correlates with

kinetic parameters of FMISO uptake in comparison to TBRmean. However, in this chapter

SUVmean is not plotted because TBR is generally considered to be a more useful measure

for FMISO PET (Koh et al., 1992; Fleming et al., 2014).

Figure 3.9 – Graphs showing TBRmean values of nine patients pre- and post-Buparlisib;

‘M’ represents metastases and ‘N’ node.
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Pre- to post-Buparlisib changes in VTBR1.4 are shown in Figure 3.10. Percentage rather

than absolute changes are graphed as there were large variations in volumes between

patients. Data for the outlined tumour, metastases, and nodal volumes summed for each

patient is shown in Figure 3.10A, and for tumour volumes alone in Figure 3.10B. Both

figures show very similar results. In subsequent chapters analysis is carried out only for

FMISO uptake by primary tumours. Data for non-primary tumour volumes has not been

included due to the low number (one) of such volumes in Cohorts 1 and 2.

For the three Cohort 1 patients, VTBR1.4 increases or only slightly decreases after one week

of Buparlisib, whereas for all six Cohort 2 and 3 patients VTBR1.4 falls. This mirrors the

pattern seen for TBRmean changes and again suggests that a 50 mg daily dose of Buparlisib

for a week is insufficient to reduce hypoxia within tumours. Using the two-tailed t-test

there is a significant difference between VTBR1.4 changes seen in Cohorts 1 and 2 (p=0.02),

and Cohorts 1 and 3 (p=0.02), but with no significant difference between VTBR1.4 changes

seen in Cohorts 2 and 3 (p=0.2).

Figure 3.11 further summarises the data shown in Figure 3.10A, this time plotting the

mean VTBR1.4 and one standard deviation for each cohort (each individual patient’s VTBR1.4

includes tumour, metastasis, and nodal volumes). There is a significant (p=0.005) positive

correlation (r=0.9) between the VTBR1.4 decrease achieved and the daily dose of drug used.

The gradient of the trendline has a 95% confidence interval of 0.5-1%/mg showing a

positive relationship between amount of drug and VTBR1.4 decrease. Further validation of

this finding will be sought in the results from six additional patients currently being

recruited to the expanded Cohort 3 (each receiving 100 mg Buparlisib daily).
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Figure 3.10 – Summary of the decrease in post-Buparlisib VTBR1.4 for each patient (original values

shown in Table 3.2) as a percentage of the pre-Buparlisib VTBR1.4 for (A) all outlined volumes

(tumour, metastases, involved nodes) and (B) all outlined tumour volumes. There is a significant

difference between Cohorts 1 and 2 (p=0.02) and Cohorts 1 and 3 (p=0.02).
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Figure 3.11 – Mean percentage VTBR1.4 decrease post-Buparlisib for each cohort with error bars

showing one standard deviation patient-to-patient within the cohort (n=3). A linear fit gives a

significantly (p=0.005) positive correlation (r=0.9) with a gradient of 0.8%/mg. The 95%

confidence interval for the gradient is 0.5-1%/mg.

3.5 Conclusion

An FMISO imaging protocol designed to investigate changes in perfusion and hypoxia as

part of the Buparlisib trial has been successfully implemented.

The volume of voxels with a TBR greater than 1.4 (the hypothesised hypoxic volume,

VTBR1.4) decreases after daily administration of Buparlisib for doses exceeding 50 mg. A

significant difference is seen in VTBR1.4 between Cohorts 1 and 2 (50 and 80 mg per day,

p=0.02) and between Cohorts 1 and 3 (50 and 100 mg per day p=0.02). A significant

positive correlation exists between daily dose of Buparlisib and decrease in VTBR1.4 (r=0.9,

p=0.005).

In Chapters 4 and 5 of this thesis the dynamic FMISO PET scans are analysed in their

entirety, exploring time-courses of FMISO uptake and any changes in the uptake kinetics

before and after administration of Buparlisib. Later, in Chapter 6 perfusion CT data is

analysed, exploring how tumour perfusion changes after Buparlisib.
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4 Whole Tumour PET Kinetics

4.1 Abstract

A study is presented of the relative abilities of different kinetic models to describe tumour

FMISO uptake TACs obtained from dynamic PET images of patients recruited to the

Buparlisib trial. Models were fitted to 30 TACs and the appropriateness of the fits

compared using the Wald-Wolfowitz runs test, Akaike and Bayesian information criteria

(AIC/BIC), and leave-one-out cross-validation. Statistical simulation procedures were used

to determine the accuracy and precision with which the uptake kinetics were estimated by

fitted model parameters.

An irreversible three-compartment model, 3C5K, provided the best overall description of

FMISO uptake time-courses according to AIC, BIC and cross-validation scores totalled

across all TACs. Fits of the 3C5K model yielded the most accurate and precise estimates

of FMISO uptake kinetics (10% precision for tumour fractional blood volumes and

FMISO binding rate-constants). Whole tumour changes in perfusion and hypoxia before

and after administration of Buparlisib have been characterised using fits of this model, and

the results compared to the patients’ TBR and SUV (given in Table 3.2).
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4.2 Introduction

The radiotracer 18F-fluoromisonidazole (FMISO) diffuses passively into cells, where it is

reduced and, in hypoxic environments, is irreversibly bound. Thus PET imaging of

FMISO uptake can be used to identify hypoxic tumour subvolumes (Rasey et al., 1989;

Casciari et al., 1995; Eschmann and Paulsen, 2005). For locally-advanced stage non-small

cell lung cancer (NSCLC) the current poor survival rates following chemoradiotherapy

(CRT) might be improved by selectively boosting radiation doses delivered to these

tumour subvolumes (Rami-Porta et al., 2007; Eschmann and Paulsen, 2005; Zegers et al.,

2013; Bollineni et al., 2013; Ling et al., 2000).

To achieve this most effectively requires knowledge of the degree of hypoxia, which can

be estimated either from uptake levels in single FMISO images collected 2-4 hours after

tracer injection (Koh et al., 1992), or by analysing the kinetics of FMISO uptake in

dynamic sequences of PET images (dPET) in order to determine the rate-constant of

FMISO intracellular binding. The cellular oxygen concentration is more directly

associated with the estimation of the FMISO intracellular binding rate-constant than

FMISO uptake at a late time point (Casciari et al., 1995). Previous kinetic analysis of

FMISO uptake in head and neck cancers has generated indices that correlate with RT

outcomes (Thorwarth et al., 2005b). In Chapter 3, data from fixed time points was

considered, whilst here and in Chapter 5, PET kinetic data is analysed.

Several methods have been used to analyse dPET data, the most common being

compartment modelling (Muzi et al., 2012; PMOD, 2012). Time-courses of tumour tracer

uptake are often described using a model with two compartments representing the free

intratumor and bound tracer, which, together with blood-borne tracer, make up the total

tumour tracer uptake (Li et al., 2014; Sokoloff et al., 1977). Figure 4.1 shows a schematic



65

illustration of this model alongside an alternative and less frequently used three-

compartment model whose additional compartment describes the tumour interstitium lying

between the vasculature and cells (Bertoldo et al., 2001).

In this thesis xCyK denotes a model comprising a linear chain of x tissue compartments

(excluding blood-borne tracer) and y rate-constants, and so the two- and three-

compartment models with reversible flow between each compartment are named 2C4K

and 3C6K. Rate-constants are numbered sequentially in pairs, K1 and k2 describing

reversible flow between the blood and first compartment, for example. For the three-

compartment model the K1 rate-constant is normalised to ensure that the model is uniquely

identifiable (Bertoldo et al., 2001). In order to associate rate-constants with particular

models the subscript xC is added to their names, except for rate-constants of the 3C model.

Alongside the 2C4K and 3C6K models it is also useful to explore the simpler two- and

three-compartment models 2C3K and 3C5K, in which the rate-constant describing flow

from the bound to unbound tracer compartments is set to zero, since binding of reduced

FMISO is considered to be irreversible. More complex 4C7K and 4C8K four-compartment

models are also illustrated in Figure 4.1, with the additional compartment representing

reduced but unbound intracellular FMISO tracer.

In addition to the models already described, which comprise linear chains of

compartments, there is also a branching compartment model developed by Casciari et al.

(1995) that more fully reflects the pathways taken through tumours by FMISO. This

consists of ten fitting parameters and so is unlikely to be used in kinetic modelling; it has

been simplified into a branching model with three compartments, five effective rate-

constants and six fittable parameters, illustrated schematically in Figure 4.2 and denoted as

3C5Kb. For clarity this model will be considered in the discussion (section 4.5) with the

results (section 4.4) focusing on comparing the linear chain compartment models.
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A. Two-compartment model 2C4K (2C3K for irreversible binding when k4-2cpt = 0)

B. Three-compartment model 3C6K (3C5K for irreversible binding when k6 = 0)

C. Four-compartment model 4C8K (4C7K for irreversible binding when k8 = 0)

Figure 4.1 – (A) Two-, (B) three-, and (C) four-compartment models. Flow rates from one compartment to another are defined by rate-constants (k values),
tracer concentrations in the various compartments, and compartment volumes.
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Figure 4.2 – A simplified compartment model, 3C5Kb, based on the FMISO transport schema of Casciari et

al. 1995. The model effectively has five rate-constants, including k3 and (1-)k3 where  is the proportion

of reduced FMISO that is bound and retained within the tumour.

4.3 Materials and methods

4.3.1 FMISO scan data

Analysis was undertaken of 30 FMISO TACs, obtained for 15 volumes of interest (VOI)

(9 primary tumours, 5 involved nodes, and 1 metastasis) in 9 patients who were each

imaged twice, before and after a week of Buparlisib (Table 4.1).

Patient Cohort VOIs and TAC reference numbers in images
taken pre/post drug administration

1 1 primary (1/2)
2 1 primary (3/4)
3 1 primary (5/6), metastasis (7/8)
4 2 primary (9/10)
5 2 primary (11/12)
6 2 primary (13/14), node (15/16)
7 3 primary (17/18), node (19/20)
8 3 primary (21/22), node 1 (23/24),

node 2 (25/26), node 3 (27/28)
9 3 primary (29/30)

Table 4.1 – Details of the 30 TACs analysed for the AIC/BIC/statistical simulation work.
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The PET data was reconstructed using a ToF OSEM algorithm (2 iterations, 24 subsets,

6.4 mm Gaussian filter, VPFX, GE Healthcare, Milwaukee, USA). The first 45 minutes of

data were binned into two time sequences, S1 (1×30s, 12×5s, 6×10s, 6×30s, 10×60s,

6×300s) and S2 (1×30s, 60×1s, 12×10s, 4×30, 10×60s, 6×300s), and the sequences of

images were reconstructed on a matrix of 5.5×5.5×3.3 mm3 voxels. Data collected during

the two ten-minute intervals (at two hours and four hours post-injection) were processed as

single frames and reconstructed on a 2.7×2.7×3.3 mm3 matrix.

Primary tumours, involved nodes and metastases were outlined on each of the images

(dynamic, two hour, four hour) by an experienced PET radiologist, and blood volumes

were defined within the central part of the descending aorta on five or more consecutive

PET axial slices (van der Weerdt et al., 2001). TACs representing time-courses of mean

tracer activity concentrations within each of the tumour VOIs and blood volumes were

obtained from image sequences S1 and S2 respectively. Activity data from the two later

ten-minute frames were appended to the TACs to extend them to four hours post-injection.

4.3.2. Kinetic analysis and model fitting

Kinetic analysis was carried out using the PMOD system (version 3.6, PMOD

Technologies, Zurich) and in-house MATLAB code (version R2014a, MathWorks, Natick,

Massachusetts). A standard eight-parameter exponential model (Feng et al., 1993; Liu et

al., 2014) was fitted to decay-corrected blood TACs, and the model fits were subsequently

used as input functions describing tracer flow into tumour VOIs. Model parameters were

optimised using the Marquard-Levenberg algorithm to achieve the best match between the

measured and modelled blood data as gauged by the weighted sum of squares:

(4.1)
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in which CPET(ti) and Cmodel(ti) are the imaged and modelled mean activity concentrations

at time ti (the midpoint of the ith of T time-points) and wi is the relative weighting factor

for the time-point, given by

(4.2)

where ti is the duration of the ith frame and  is the decay constant for 18F (Bertoldo et al.,

2001; Liu et al., 2014).

Mathematical representations of the two-, three- and four-compartment models of tumour

tracer uptake were fitted to the decay-corrected FMISO uptake TACs of the 30 VOIs listed

in Table 4.1, using the blood TAC fits as input functions (Sokoloff et al., 1977; Bertoldo et

al., 2001). Again, fitted model parameters were optimised to achieve the best match

between imaged and modelled TACs according to the weighted sum-of-squares (equation

4.1) with an additional fitting parameter, vB, representing the fractional tumour volume

occupied by the blood.

4.3.3. Assessment of model descriptions of the data

The non-parametric Wald-Wolfowitz runs test was used to determine whether imaged

FMISO tumour uptake TACs were adequately described by compartment model fits (Wald

and Wolfowitz, 1940; Cobelli et al., 2001). To further assess the relative abilities of the

different models to describe the data, we used the Akaike information criterion (AIC)

(Akaike, 1974) corrected for small sample size (Burnham, 2004) and the Bayesian

information criterion (BIC) (Burnham, 2004). Both were calculated by adding a scaled

form of the sum-of-squares of equation 4.1 to terms that increase with the number of

model parameters, N, with the best model having the lowest calculated AIC or BIC score.

Specifically, the sum of squares was normalised by a scale factor SF so that
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(4.3)

In equation 4.3 is an estimate of the statistical variance of the imaged mean

activity concentration of the VOI, given by

(4.4)

The number of radioisotope decays occurring within the VOI is Poisson-distributed, and if

all these decays were detected during PET imaging and accurately attributed to the VOI,

the scale factor would be the reciprocal of the VOI volume. However SF takes a much

larger value in practice, due to both noise-propagation during image reconstruction and

because many decays go undetected (Bertoldo et al., 2001; Cobelli et al., 2001; Liu et al.,

2014). For good fits to TAC data and accurate estimates of the variance of imaged activity

concentrations, SSscale has a chi-square distribution with (T-N) degrees of freedom. For

each TAC the SF was estimated as the value of SS/(T-N) obtained from the fit of the model

with the lowest number of parameters of any model that passed the runs test for that TAC,

and was used to estimate the information criteria scores for these TACs.

Model performance was also compared using leave-one-out cross-validation (Picard and

Cook, 1984), a method that does not depend on estimated scale factors. Following this

approach a model is fitted to a complete dataset minus one point, and the difference

between the model fit and the omitted data-point is calculated. This process is repeated

sequentially T times, leaving out a different data-point each time. Finally all the calculated

errors are squared and summed to form the mean square error of prediction (MSEP), with

the model with the lowest MSEP being considered best.
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4.3.4. Accuracy and precision of fitted rate-constants

The primary purpose of kinetic analysis is to estimate the rate-constants of the various

steps in the tracer uptake process. However, the model providing the best description of

tumour TACs may not necessarily be the one whose fitted parameter values also lie closest

to the true rate-constants, and so a statistical simulation procedure was used to assess

which model produces the most accurate and precise rate-constant estimates.

Fits of the 3C5K model to the 30 measured TACs were used to create noise-free ‘ground-

truth’ TACs binned into frames of the same lengths as the original measurements, and

parameter values from these fits were taken as ground-truth rate-constants. This model

was chosen as it had the lowest AIC/BIC/MSEP of the models investigated (Table 4.2).

For each of the 30 ground-truth TACs, 1000 noisy TACs were simulated by adding

normally distributed random variables, with variances given by equation 4.4 to the activity

concentrations of the individual time-frames (Liu et al., 2014; Bertoldo et al., 2001; Wang

et al., 2009; Guo et al., 2009; Muzi et al., 2005). The simulated TACs were then fitted

using the 2C3K, 2C4K, 3C5K and 3C6K models.

The simulated noise introduces random uncertainty and systematic error (bias) into fitted

parameter values, adding to any bias that might result from mismatches between the

models fitted to the simulated TACs and the 3C5K model used to generate them. For each

ground-truth TAC the bias in a fitted model parameter was calculated as the difference

between the mean of the parameter values obtained from fits to the 1000 simulated noisy

TACs and the value of the related ground-truth parameter, and the variance was obtained

from the spread around the mean parameter value. Individual biases obtained for the 30

ground-truth TACs were combined to calculate the mean bias (MB) and variance of bias

values ( ). The mean variance ( ) was calculated for each parameter as the average of
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the parameter variances obtained for the 30 ground-truth TACs. For any particular TAC,

the difference between the mean bias and the unknown individual TAC bias combines to

create a total one standard deviation (1 s.d.) uncertainty on a fitted parameter given by

(4.5)

This total uncertainty is of particular interest since it cannot be eliminated, whereas MB

represents a constant offset on fitted values, which would effectively cancel out if

parameter values were interpreted in the light of research into associations between

outcomes and previous parametric images with the same mean bias (Thorwarth et al.,

2005; Eschmann and Paulsen, 2005).

MB, B, P and T were calculated for the composite flux constants kflux-2C and kflux of the

fitted two- and three-compartment models (equations 4.6 and 4.7, Bertoldo et al., 2001;

Liu et al., 2014).

(4.6)

(4.7)

Similarly, MB, B, P and T values were also calculated for all individual rate-constants

of the fitted models for which directly related rate-constants exist within the ground-truth

3C5K model. Some rate-constants of fitted models are not directly related to any single

3C5K model parameter: processes described by the two-compartment K1-2C parameter, for

example, are split between rate-constants K1 and k3 in three-compartment models. For

such rate-constants only P values were calculated.

Finally the entire process was repeated, this time generating noise-free TACs from fits of

the 3C6K model to the measured TACs, rather than from 3C5K fits, and viewing the

ground-truth uptake process as being represented by fitted 3C6K parameter values.
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4.4. Results

Numbers of tumour TACs for which the fits of each model pass the runs test are listed in

Table 4.2. Total AIC, BIC and MSEP scores summed over all TACs are also shown in the

table for the different models, together with the numbers of TACs for which the models

achieve the lowest AIC, BIC or MSEP scores. Individual runs test results and AIC, BIC

and MSEP scores are presented TAC-by-TAC in Tables 4.3 and 4.4.

The three- and four-compartment models describe the tumour TACs better than two-

compartment models: fits of the 4C7K, 3C5K, 2C4K and 2C3K models pass the runs test

for 100%, 83%, 20% and 0% of the TACs respectively, and summed AIC, BIC and MSEP

scores are much lower for the three- and four-compartment than for two-compartment

models, indicating that the simpler two-compartment models lack the flexibility to fully

describe the data (Raftery, 1995). Fits of the 3C5K model to TACs 11 and 24 are plotted in

Figure 4.3 alongside 2C3K and 2C4K model fits, which visually describe the data less

well.

Total AIC, BIC and MSEP scores summed over all tumour TACs are lowest for the 3C5K

model. Likewise, most (21-24) individual TAC scores are lowest for the 3C5K model; the

generally higher individual scores obtained for the 3C6K, 4C7K, and 4C8K models show

that their additional complexity is usually unnecessary to describe the TAC data.

Interestingly, the more highly-parameterised 4C7K model whose final stage is irreversible

achieves the lowest scores for larger numbers of TACs than the reversible 3C6K model,

implying that the inclusion of a reversible final step is not useful when describing the

kinetics of the FMISO uptake process.
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Model 2C3K 2C4K 3C5K 3C6K 4C7K 4C8K
Runs test passes from fits to all 30 TACs

Runs 0 6 25 26 30 30
Information criteria and cross-validation scores summed for all TACs

AIC 13970 8600 1544 1554 1557 1644
BIC 14174 8836 1813 1840 1850 1945
MSEP 219 131 24.6 26.9 24.8 27.9

Numbers of TACs for which each model has the lowest scores
AIC 0 0 21 3 6 0
BIC 0 0 22 3 5 0
MSEP 0 0 24 3 3 0

Table 4.2 – Summary of runs test results and AIC, BIC and MSEP scores for model fits to all 30

TACs. The lowest AIC, BIC and MSEP scores have been underlined, indicating the best model

according to that measure.

TAC 2C3K 2C4K 3C5K 3C6K 4C7K 4C8K
1     
2    
3  
4  
5    
6    
7    
8    
9     
10   
11    
12    
13    
14    
15    
16    
17  
18  
19     
20    
21    
22    
23    
24    
25    
26    
27     
28     
29     
30    

Table 4.3 – TAC-by-TAC results of the Wald-Wolfowitz runs test for fits of the different models

(ticks indicate runs test passes).
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Models 2C3K 2C4K 3C5K 3C6K 4C7K 4C8K
TAC AIC BIC MSEP AIC BIC MSEP AIC BIC MSEP AIC BIC MSEP AIC BIC MSEP AIC BIC MSEP

1 170 170 7.4 49 57 2.4 34 43 0.52 37 47 0.52 41 50 0.54 44 54 0.52
2 540 550 8.2 310 320 1.6 51 60 0.70 55 64 0.70 58 68 0.71 62 71 0.70
3 580 590 17 260 270 5.0 78 87 1.8 81 90 3.1 56 65 1.5 59 69 3.1
4 260 270 14 88 96 4.6 62 70 4.2 65 74 4.1 56 65 4.1 59 69 4.1
5 720 730 4.4 490 500 4.7 52 61 0.36 49 59 0.39 52 62 0.37 56 66 0.37
6 800 800 2.5 380 390 1.7 52 61 0.15 54 63 0.15 57 67 0.15 61 71 0.15
7 230 230 4.3 150 160 4.8 51 60 1.1 55 64 1.8 58 67 1.3 62 71 1.5
8 350 350 4.4 130 140 2.5 52 61 0.49 52 62 0.63 59 69 0.57 59 69 0.59
9 140 150 23 48 55 2.2 29 37 1.1 32 41 1.9 33 42 1.6 36 45 1.8
10 590 590 6.2 200 210 2.3 100 120 1.7 54 64 0.46 58 68 1.3 56 66 1.3
11 860 870 19 700 710 18 52 61 0.65 55 65 0.78 59 69 0.85 63 73 0.77
12 400 410 2.6 260 270 4.8 52 61 0.51 37 46 0.51 41 51 0.51 44 54 0.54
13 1100 1100 11 650 660 4.7 51 60 0.29 52 62 0.29 58 67 0.34 59 69 0.31
14 1500 1500 6.4 970 980 5.3 51 60 0.14 54 63 0.17 50 60 0.17 54 64 0.56
15 250 260 21 190 200 9.6 51 59 1.3 54 63 1.3 57 66 1.3 61 70 1.3
16 510 520 15 350 360 10 51 60 0.60 54 63 1.0 45 55 0.4 49 58 1.1
17 1900 1900 6.1 1000 1100 4.0 80 89 0.18 83 93 0.21 57 67 0.15 60 70 0.18
18 490 490 5.8 410 410 5.7 75 84 0.73 72 82 0.70 57 67 0.75 58 68 0.72
19 82 89 4.6 50 58 3.9 24 33 0.48 28 37 0.48 31 41 0.48 34 45 0.48
20 120 120 3.7 100 110 2.7 52 61 0.82 53 62 0.85 71 81 0.84 73 84 0.90
21 330 330 1.7 300 310 3.1 51 60 0.74 54 64 0.74 58 67 0.74 61 71 0.74
22 370 380 3.8 260 270 3.8 52 61 0.33 52 62 0.34 55 65 0.34 58 69 0.34
23 130 140 1.6 130 140 1.8 52 61 0.61 61 71 0.61 59 69 0.61 62 72 0.61
24 510 520 2.9 460 470 4.9 52 61 0.31 55 65 0.31 59 69 0.31 62 72 0.31
25 220 230 2.5 200 210 2.4 52 61 0.59 55 65 0.59 59 69 0.59 62 72 0.59
26 420 430 3.8 210 220 4.3 51 60 0.57 54 65 0.57 58 69 0.57 61 72 0.57
27 67 74 2.6 50 58 2.7 31 40 0.89 38 47 0.89 37 47 0.90 41 51 0.92
28 160 170 5.1 50 58 3.2 42 51 1.4 46 55 1.4 49 59 1.4 52 63 1.4
29 106 113 3.9 50 58 1.5 31 40 0.60 34 44 0.69 37 47 0.66 41 51 0.63
30 84 91 4.5 50 58 2.3 26 34 0.65 29 38 0.68 32 42 0.66 35 46 0.66

Table 4.4 – Individual AIC, BIC and MSEP scores listed by each TAC for the various models. The

lowest AIC, BIC and MSEP scores have been underlined for each TAC, indicating the best model

according to that measure.

Table 4.5 displays the results of the statistical simulation analysis of parameter accuracy

and precision for ground-truths represented by fits of either the irreversible 3C5K or

reversible 3C6K three-compartment model to measured TACs. Mean biases and total

uncertainties of fitted 2C4K model parameters are very large, irrespective of the ground-

truth model used. Mean biases and uncertainties of 2C3K model parameters are not as

large as for 2C4K, again demonstrating the superiority of irreversible models for

modelling FMISO uptake; however 2C3K model biases and uncertainties are still
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Ground truth 3C5K model
Model fitted Fitted model parameters

2C3K vB-2C K1-2C k2-2C k3-2C kflux-2C

MB (%) 47 - - -40 25
B (%) 24 - - 23 11

P (%) 14 30 36 12 13

T (%) 27 - - 26 17
2C4K vB-2C K1-2C k2-2C k3-2C k4-2C kflux-2C

MB (%) 25 - - 565 - 1014
B (%) 20 - - 700 - 1049

P (%) 9 7 13 73 45 47

T (%) 22 - - 704 - 1050
3C5K vB K1 k2 k3 k4 k5 kflux

MB (%) 0 -1 0 1 0 0 0
B (%) 4 1 2 4 3 1 0
P (%) 10 5 10 20 11 10 6

T (%) 10 5 10 20 12 10 6
3C6K vB K1 k2 k3 k4 k5 k6 kflux

MB (%) 0 0 1 5 3 13 - 13
B (%) 4 1 2 7 5 17 - 16
P (%) 10 5 9 22 13 34 384 31

T (%) 11 5 9 23 14 38 - 35

Ground truth 3C6K model
Model fitted Fitted model parameters

2C3K vB-2C K1-2C k2-2C k3-2C kflux-2C

MB (%) 48 - - -51 4
B (%) 24 - - 49 33

P (%) 13 36 42 11 10

T (%) 27 - - 50 35
2C4K vB-2C K1-2C k2-2C k3-2C k4-2C kflux-2C

MB (%) 25 - - 510 3173 914
B (%) 20 - - 748 3768 1122

P (%) 11 16 36 65 44 40

T (%) 23 - - 751 3768 1123
3C5K vB K1 k2 k3 k4 k5 kflux

MB (%) 0 -1 -2 -5 -5 -18 -11
B (%) 3 1 2 7 5 21 18

P (%) 10 5 10 21 11 10 8

T (%) 10 5 10 22 12 23 19
3C6K vB K1 k2 k3 k4 k5 k6 kflux

MB (%) -1 0 1 4 3 8 86 6
B (%) 3 1 2 5 4 9 131 8

P (%) 10 5 9 21 13 27 164 22

T (%) 10 5 9 21 13 29 210 24

Table 4.5 – Estimates of the accuracy and precision of parameter values obtained from fits of the
2C3K, 2C4K, 3C5K, 3C6K models to TAC data simulated using ground-truth 3C5K or 3C6K
models. Values of MB, B, P and T are shown for fitted parameters as percentages of the mean
values of directly related ground-truth parameters of the 3C5K or 3C6K models. When no directly
related parameter exists, P values alone are shown as percentages of the mean fitted parameter
values.
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Tumour TBRmean and SUVmean obtained from four hour post-injection PET images (Table

3.2) are plotted in Figure 4.4 against the kflux and k5 rate-constants of 3C5K model fits to

the 30 measured TACs. TBRmean correlates slightly more strongly with kflux than SUVmean

(Pearson r coefficient of 0.83 versus 0.74). Correlations at two hours are weaker, both for

kflux (r = 0.73 at two hours versus 0.83 at four hours for TBRmean) and for k5 (0.54 at two

hours versus 0.71 at four hours for TBRmean).

Figure 4.4 – Tumour to blood ratios (TBRmean) and tumour mean standardised uptake values
(SUVmean) at four hour post-injection plotted against kflux and k5 rate-constants of 3C5K model fits
to the 30 measured TACs.
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The kinetic parameters of patients pre- and post-Buparlisib are shown for the 3C5K model

in Figure 4.5. Only tumour data has been considered for this set of graphs, in order to

match the studies of voxel kinetics (Chapter 5) and pCT (Chapter 6). Figure 4.5 shows

that independent of cohort there are significant increases in vB (p=0.02) and decreases in

K1 (p=0.001) using a paired t-test. The rate-constant associated with hypoxia, k5, increases

after Buparlisib in Patients 1-5 and then decreases for Patients 6-8 with no change for

Patient 9 (not significant over the nine patients). A paired t-test was chosen to assess

Buparlisib response as the error on the parameters is considerably less than the patient-to-

patient parameter variability.

Figure 4.5 – Graphs showing values of 3C5K kinetic parameters for whole tumours of nine patients
pre- and post-Buparlisib for (A) vB, (B) K1, (C) k5, and (D) kflux.
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4.5 Discussion

TACs describing FMISO uptake by advanced stage NSCLC are described better by three-

than by two-compartment models, mirroring an earlier finding for 18F-fluorothymidine

(FLT) uptake in head and neck tumours (Liu et al., 2014). According to information

criteria and cross-validation scores, the irreversible three-compartment model, 3C5K,

describes FMISO uptake better than the reversible 3C6K model, reflecting the irreversible

nature of FMISO intracellular binding. More highly parameterised four-compartment

models also perform less well than 3C5K. Statistical simulations show that when the

ground-truth is represented by either 3C5K or 3C6K models, fits of 3C5K provide more

precise estimates of kinetic rate-constants than fits of the other two- and three-

compartment models tested.

For 6 of the 30 TACs studied, however, fits of the 4C7K model achieve lower AIC, BIC or

MSEP scores than the three-compartment model fits (Table 4.4), raising the question of

whether the more complex four-compartment model should be used to analyse the kinetics

of these TACs. We have therefore carried out a statistical simulation sub-study for these

six TACs, this time viewing 3C5K or 4C7K fits to the TACs as ground-truth, adding noise

to them, and calculating the accuracy and precision of parameter values of model fits to the

simulated noisy data. Values of the k5 FMISO binding rate-constant obtained from 3C5K

model fits were compared to a composite effective binding rate-constant keb defined for the

4C7K model as the combination (k5-4C k7-4C / (k6-4C + k7-4C)) of fitted 4C7K parameters. The

equivalence between k5 and keb follows if the k5-4C and k6-4C rate-constants of FMISO

reduction and re-oxygenation are large compared to FMISO binding (k7-4C) (Casciari et al.,

1995). Results of the sub-study are summarised in Table 4.6: even for these six TACs, fits
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of the 3C5K model provide more precise estimates of the effective FMISO binding rate-

constant than the 4C7K fits, regardless of which model is viewed as the ground-truth.

Ground truth 3C5K model
Model fitted Fitted model parameters

3C5K vB K1 k2 k3 k4 k5

MB (%) 0 0 0 0 0 0
B (%) 1 0 1 2 0 1
P (%) 9 4 7 11 6 8

T (%) 9 4 7 11 6 8

4C7K vB K1 k2 k3 k4 keb

MB (%) -7 9 68 1044 1226 103
B (%) 8 9 76 1141 860 96

P (%) 10 5 28 76 48 51

T (%) 13 10 81 1143 861 109

Ground truth 4C7K model
Model fitted Fitted model parameters

3C5K vB K1 k2 k3 k4 k5

MB (%) 13 -12 -29 -48 -60 -19
B (%) 19 15 39 66 54 33

P (%) 11 4 5 2 1 7

T (%) 22 15 39 66 54 33

4C7K vB K1 k2 k3 k4 keb

MB (%) -7 8 30 42 37 17
B (%) 17 16 55 71 46 30

P (%) 14 12 48 59 39 62

T (%) 22 20 73 93 60 68

Table 4.6 – Summary of a statistical simulation sub-study carried out for six TACs that were better described
by the 4C7K model than by three-compartment model fits. Values of MB, B, Pand T are tabulated for
3C5K and 4C7K models fitted to noisy TACs simulated from underlying ground-truth 3C5K and 4C7K
model data fits. The 4C7K effective rate-constant for FMISO binding, keb = (k5-4C k7-4C / (k6-4C + k7-4C)).

Alongside the models already tested, which comprise linear chains of compartments, the

branching compartment model developed by Casciari et al. (1995) that more fully reflects

the pathways taken through tumours by FMISO has been explored. Greater information

criteria and MSEP scores are obtained when fitting the full ten parameter model of

Casciari than when fitting 3C5K, a finding that follows the overall trend seen in Table 4.2

whereby scores increase as model parameter numbers rise from six (for the 3C5K model)



82

to nine (for the 4C8K model). A simplification of the full Casciari model as a branching

model with three compartments, five effective rate-constants and six fittable parameters is

shown in Figure 4.2 and denoted as 3C5Kb. Transformation analysis (Cobelli and

DiStefano, 1980) shows, however, that the 3C5Kb and conventional 3C5K linear chain

models are directly equivalent, a result that is confirmed by the matching AIC, BIC and

MSEP scores obtained for fits of the two models.

We have also explored the impact of constraining the rate-constants of the standard 3C5K

model. Specifically, FMISO transport between the vasculature and tumour interstitium is

known to be passive, as is transport between the interstitium and cells (Grunbaum et al.,

1987), properties which in principle allow the 3C5K transport rate-constants K1, k2, k3, k4

and k5 to be reduced to just four fittable parameters. In practice, though, greater

information criteria and MSEP scores are obtained when this constraint is applied than

when the 3C5K model is left unconstrained.

The kinetic analysis described has been performed using image-derived input functions

(IDIFs) calculated from mean tracer activity concentrations within volumes drawn in the

descending aorta. The gold-standard method for determining input functions is direct

arterial line sampling; we chose to use IDIFs, however, for patient comfort and safety and

because good agreement has been demonstrated between directly sampled input functions

and IDIFs obtained from the descending aorta (van der Weerdt et al., 2001).
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TBRmean and SUVmean measures of tracer uptake obtained from four hour scans correlate

more closely with the FMISO flux-constant kflux and intracellular binding rate-constant k5

than uptake measures obtained from two hour scans. Mechanistically, uptake is expected

to correlate with kflux and k5 more strongly at later time-points, kflux being interpretable as

proportional to SUVmean at infinite time. The data shows that this expected trend is not

overcome by increases in statistical noise at late time-points due to tracer decay, and

therefore patients will continue to be imaged at the four hour time-point. Stronger

correlations were obtained for TBRmean than for tumour SUVmean, agreeing with previous

work using TBR-based measures to represent the amount of tissue hypoxia (Koh et al.,

1992; Fleming et al., 2014).

Overall, then, for the NSCLC tumours studied here the 3C5K model provides better

descriptions of FMISO uptake TACs, and more accurate and precise estimates of FMISO

uptake kinetics, than other two-, three- and four-compartment models. Using this model

to assess tumour response to Buparlisib, it can be seen in Figure 4.5 that decreases in the

K1 rate-constant and increases in the modelled fractional blood volume vB occur in

significant numbers of patients after administration of Buparlisib (p=0.001 for K1, p=0.02

for vB). Thus the rate-constant of tracer flow (perfusion) from the blood to the tumour

interstitium is lower after Buparlisib administration, and the modelled blood volume

within the tumour is higher. These results concord with some findings of pre-clinical

studies with Buparlisib (described in Chapter 1) in which blood vessels underwent

vascular normalisation. Independent perfusion data tested using pCT is described in

Chapter 6.
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4.6 Conclusion

According to information criteria and cross-validation measures, a 3C5K model of

irreversible tumour FMISO uptake comprising a linear chain of three compartments

describes time-courses of FMISO uptake by advanced stage NSCLC better than the other

two-, three- and four-compartment models investigated. Fits of this model also provide the

most accurate and precise estimates of FMISO uptake kinetics, with statistical simulation

studies indicating a precision of 10% for fitted values of the tumour fractional blood

volume and intracellular FMISO binding rate-constant.

Using this model to assess whole tumour changes in response to Buparlisib it was seen

that, independent of cohort, K1 significantly decreased and vB significantly increased, a

finding which is consistent with vascular normalisation seen in pre-clinical studies.

The k5 rate constant (linked to hypoxia) increased for Patients 1-5 and decreased for

Patients 6-8 post-Buparlisib, differing from the VTBR1.4 results in Chapter 3 which

decreased for all patients in Cohorts 2 and 3 (Patients 4-9). The change in whole tumour

k5 values are not significant (p>0.05) across all nine patients, perhaps indicating that these

indices show a more diverse and cohort-dependent response to Buparlisib. This will be

examined in Chapter 5 where the kinetic analysis is extended to consider voxel PET

kinetics and the optimum model for this case, where noise levels are higher, is identified.
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5 Voxel-by-voxel analysis of FMISO uptake kinetics
This chapter on voxel-by-voxel kinetic analysis is divided into three sections:

A. model selection

B. kinetic parameter values, clustering, and the overall effect of Buparlisib

C. variation of kinetic parameter values with distance from the tumour edge, and the

effect of Buparlisib at different distances from the tumour edge

A) A study is presented of the relative abilities of different kinetic models to describe

voxel FMISO uptake TACs. Models were fitted to 30 TACs and the appropriateness of

the fits compared using the Wald-Wolfowitz runs test and AIC/BIC measures. Statistical

simulation procedures were used to determine the accuracy and precision with which the

uptake kinetics were estimated by fitted model parameters. An irreversible two-

compartment model, 2C3K, was found to provide the best overall model description.

B) A clustering method is presented to distil the information from the voxel kinetic

analysis into the minimum number of clusters that adequately describe the data. This

highlighted a limitation of the TBR metric for voxels with low K1-2C and high k3-2C.

Analysis using clustered data and weighted means showed a significant increase in vB-2C

and significant decrease in K1-2C for all cohorts post-Buparlisib, with a cohort-dependent

change in k3-2C.

C) Categorising parameter values according to their distance from the tumour edge

showed vB-2C and K1-2C increasing significantly towards the tumour edge and k3-2C

decreasing significantly towards the tumour edge. Post-Buparlisib significant changes

have been shown in the weighted means of vB-2C and of K1-2C (throughout the tumour

volume). The response of k3-2C to Buparlisib is distance dependent: weighted mean values

decrease in edge and outer distance categories and increase in inner and central categories.
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5.A Model selection

5.A.1 Introduction

In Chapter 4 the 3C5K irreversible three-compartment model was found to be optimal for

analysing the kinetics of FMISO uptake by whole tumours, whose TACs contain relatively

little noise as the signal is averaged across their entire volume. Noise levels on the TACs

of individual voxels are much higher, and so a simpler model might provide a more stable

description of the kinetic rate-constants. Models similar to the 2C3K irreversible two-

compartment model described in Chapter 4 have previously been used to perform voxel-

based kinetic analyses of FMISO PET uptake data, but these earlier studies did not

investigate other models (Bruehlmeier et al., 2004; Thorwarth et al., 2005; Wang et al.,

2009) whereas here the performance of a range of different compartment models is

compared.

5.A.2 Materials and methods

The PET/CT images collected at two and four hours post-injection (10-minute PET scan

each) were rigidly registered to the dynamic PET/CT image (45-minute PET scan

commencing upon tracer injection) using an automatic registration tool in the Hermes

Hybrid Viewer (Hermes Medical Solutions AB, Stockholm) and followed by manual

adjustment when required. The activity concentrations and coordinates of the tumour PET

voxel values outlined on the registered two and four hour post-injection images were

exported and (using MATLAB code, version R2014a, MathWorks, Natick, Massachusetts)

the activity concentrations were interpolated onto the coordinates of voxels within the

tumour in the dynamic scan. The interpolated PET values were then appended to the voxel

TACs obtained from the dynamic scan.
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FMISO uptake kinetics have been analysed for a total of 24,662 voxels, comprising 9

primary tumours in 9 patients each imaged twice, as detailed in Table 5.1. The kinetic

analysis uses the methods described in the whole tumour kinetic modelling work (4.3.2).

For each voxel the compartment model fitting process was initiated from 100 sets of

random starting values, to attempt to reach global rather than local best fits. Runs tests and

AIC and BIC scoring were also performed using the methods described in Chapter 4

(4.3.3). However, for practical reasons SF values were calculated (4.3.3) for three

randomly selected voxels within each tumour volume and the average SF applied to all of

the voxels in that volume, as opposed to calculating an individual SF for every voxel.

Also, rather than calculating AIC and BIC scores for all 24,662 voxels, they were instead

calculated for a subset of 30 voxels comprising 3 voxels randomly selected from each of

10 outlined tumour volumes in 5 patients, each imaged twice.

Patient Voxels Volume (mL)

1preC1 140 13

1postC1 135 13
2preC1 5116 510

2postC1 5023 490
3preC1 1065 105

3postC1 1102 98

4preC2 261 29
4postC2 268 27

5preC2 1332 135

5postC2 1370 141
6preC2 1918 180

6postC2 1803 175

7preC3 444 44
7postC3 344 37

8preC3 1973 188

8postC3 1858 182

9preC3 259 40
9postC3 251 37

Table 5.1 – Details of the outlined tumour volumes and numbers of voxels they contain.
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A numerical simulation study similar to that described in Chapter 4 was carried out to

determine the accuracy and precision of the fitted rate-constants derived from different

model fits to the voxel TACs. The same methodology was followed for this voxel-by-

voxel analysis as for the whole tumour case, described in 4.3.4, although rather than using

fits to the TACs measured for all 24,662 voxels to provide the ground-truth, fits to the

TACs of just the 30 voxels selected for the AIC/BIC analysis were used instead.

Initially 3C5K model fits to these 30 TACs were used to create noise-free ‘ground-truth’

TACs, and parameter values from these fits were taken as ground-truth rate-constants. For

each of the 30 ground-truth TACs, 1000 noisy TACs were simulated by adding normally

distributed voxel-level noise (described in 4.3.4). The simulated TACs were then fitted

using the 2C3K and 3C5K models, and these simulated data fits were used to calculate the

MB, B, P, T for each parameter (method described in 4.3.4). This process was then

repeated, now using 2C3K model fits to the 30 measured TACs to represent the ground-

truths. Only irreversible models (2C3K and 3C5K) were considered for the voxel statistical

simulation work, as prompted by the findings of the whole tumour kinetic modelling

study.

5.A.3 Results

Runs test results for all voxels are shown in Table 5.2, which lists the percentages of

voxels within each volume that pass the runs test at significance levels p=0.05 and p=0.01.

Table 5.2 shows that at both significance levels a greater proportion of voxels pass the runs

test for the 3C5K model than for 2C3K (93% compared to 72% for p=0.05, with 93%

being very close to the 95% value expected by chance for p=0.05 and a well-fitting

model).
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Models 2C3K 3C5K 2C3K 3C5K
Patient/Scan p = 0.05 p = 0.01
1preC1 73% 99% 86% 99%
1postC1 70% 96% 88% 100%
2preC1 76% 93% 90% 98%
2postC1 71% 90% 87% 97%
3preC1 56% 89% 76% 97%
3postC1 70% 95% 84% 99%
4preC2 79% 93% 92% 98%
4postC2 72% 97% 87% 99%
5preC2 46% 95% 65% 99%
5postC2 84% 93% 94% 98%
6preC2 63% 95% 78% 99%
6postC2 57% 94% 74% 99%
7preC3 61% 95% 77% 99%
7postC3 61% 92% 80% 97%
8preC3 90% 94% 97% 99%
8postC3 88% 95% 96% 99%
9preC3 92% 94% 98% 98%
9postC3 92% 94% 96% 98%
Total 72% 93% 86% 98%

Table 5.2 – Proportion of voxels in each volume for which fits of the 2C3K and 3C5K kinetic
models pass the runs test at significance levels of p=0.05 and p=0.01.

Table 5.3 shows the number of runs test passes and the AIC and BIC results for the TACs

of the subgroup of 30 voxels investigated (shown in Figure 5.3). For this subgroup of

voxels the 3C5K model had 100% runs test passes and achieved the lowest overall AIC

and BIC scores of the four models tested, as well as having the lowest individual AIC and

BIC scores for the largest number of voxel TACs. The same result was seen for whole

tumours, although the difference in AIC and BIC values between the 2C and 3C models

was much larger for whole tumours than for voxels (Tables 4.2 and 5.3). Thus the more

complex 3C5K model is able to describe the shape of individual voxel TACs better than

the simple 2C3K model. However, the primary aim of this work is to explore the potential

of fitted model parameters to gauge the degree of hypoxia, and for this purpose the choice

of model should be guided more by the accuracy and precision of the fitted model

parameters than by the model’s ability to describe TAC shapes.
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Model 2C3K 2C4K 3C5K 3C6K

Runs test passes from fits to all 30 TACs
Runs 22 27 30 30

Information criteria summed for all statistical simulation TACs
AIC 1793 1500 1424 1508
BIC 2002 1738 1687 1790

Numbers of TACs for which each model has the lowest scores
AIC 4 8 18 0
BIC 8 7 15 0

Table 5.3 – Summary of runs test results and AIC and BIC scores for model fits to all 30 TACs
used in the statistical simulation analysis. The lowest AIC and BIC scores have been underlined,
indicating the best model according to that measure.

Table 5.4 displays the results of the statistical simulation analysis for ground-truths

represented by fits of either the 2C3K or 3C5K models to measured TACs. For 2C3K

ground-truth TACs the 2C3K model fits have lower MB, B and P values than the 3C5K

model fits, and so unsurprisingly 2C3K can be considered to be more accurate and precise

than 3C5K for this case.

For 3C5K ground-truth TACs, the 2C3K model fits have lower P values than the 3C5K

model fits, suggesting that 2C3K is more precise. In contrast, 2C3K model fits have higher

MB and B values than the 3C5K model fits, suggesting that 2C3K is not as accurate in

this respect. However, for k3-2C the total uncertainty (combining the random uncertainty

P in quadrature with voxel-to-voxel variation in bias B) is lower for 2C3K than 3C5K

model fits, while for kflux the total uncertainty is the same for 2C3K as for 3C5K model

fits. Since the mean bias could in theory be eliminated by appropriate normalisation using

previous imaging and histopathology data, the 2C3K model is optimal as it provides

results that are more precise overall, with total uncertainties of 21% and 37% for K1-2C and

k3-2C respectively.
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Ground-truth 2C3K model
Model fitted Fitted model parameters

2C3K vB-2C K1-2C k2-2C k3-2C kflux-2C

MB (%) -12 -4 -4 -4 -4
B (%) 13 7 7 6 5

P (%) 36 20 28 37 29

T (%) 39 21 29 37 30
3C5K vB K1 k2 k3 k4 k5 kflux

MB (%) -22 - - - - 398 -5
B (%) 39 - - - - 591 11
P (%) 43 199 155 61 64 89 32

T (%) 58 - - - - 597 34

Ground-truth 3C5K model
Model fitted Fitted model parameters

2C3K vB-2C K1-2C k2-2C k3-2C kflux-2C

MB (%) 53 - - -42 24
B (%) 85 - - 56 37

P (%) 44 32 42 33 31

T (%) 96 - - 65 47
3C5K vB K1 k2 k3 k4 k5 kflux

MB (%) -5 25 104 90 67 27 -1
B (%) 15 174 535 208 104 58 13

P (%) 56 188 227 119 125 142 44

T (%) 58 257 581 240 162 153 47

Table 5.4 – Estimates of the accuracy and precision of parameter values obtained from fits of the
2C3K and 3C5K models to TAC data simulated using ground-truth 2C3K or 3C5K models. Values
of MB, B, P and T are shown for fitted parameters as percentages of the mean values of directly
related ground-truth parameters of the 2C3K or 3C5K models. When no directly-related parameter
exists, P values alone are shown as percentages of the mean fitted parameter values.

5.A.4 Conclusion

Total uncertainties (combining statistical uncertainties with patient-to-patient bias

variation) on parameter values obtained from fits of the 2C3K compartment model to

individual voxel TACs are lower than the total uncertainties on parameter values obtained

from 3C5K model fits. Therefore throughout the rest of this work the 2C3K model is used

to analyse the kinetics of FMISO uptake in individual voxels.
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5.B Kinetic parameter values, clustering, and effect of Buparlisib

5.B.1 Introduction

24,662 individual voxel TACs were acquired as part of the Buparlisib trial. In Chapter 4

the derived rate-constant values obtained from fits to the 30 TACs of the whole tumour

volumes were examined individually. This approach is not as practical for some aspects of

analysing fits to the many individual voxel TACs, and therefore a clustering method is

applied to the rate-constant values obtained for the individual voxels, to assist with data

interpretation and visualisation. Previously Thorwarth et al. (2005b) informally grouped

data based on regions drawn around a graph of voxel perfusion and hypoxia measures

obtained from kinetic analysis:

Figure 5.1 – Example clustering (Thorwarth et al., 2005b).

The clustering technique used in this work is based on a statistical method developed by

Liu et al. (2014) which accounts for the uncertainties on fitted parameter values of each

voxel, and, using an expectation-maximization–Bayesian information criterion approach,

determines the number of clusters that best describe the underlying data.
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5.B.2 Materials and methods

Voxel TACs were generated and kinetic analysis performed on them as detailed in 5.A.2,

using the 2C3K model. When appropriate, the derived parameter values were clustered

(Table 5.4) using in-house MATLAB code (version R2014a, MathWorks, Natick,

Massachusetts) according to the method of Liu et al. (2014), extended to factor patient-to-

patient bias variation into estimates of total uncertainties on fitted parameter values, as

detailed below:

1. A number of discrete cluster levels K is assumed.

2. Parameter values xi of each voxel i (1, ..., N) are initially grouped into K discrete

levels of value Xcluster-j (j = 1, ..., K) using a weighted k-means clustering algorithm.

The weights associated with each point, wi, are defined as

(5.1)

where B is the variability (one s.d.) of patient-specific bias for that parameter

(from Table 5.4) and i is the statistical uncertainty (one s.d.) on the fitted

parameter value.

3. Matrix Zij is generated where a value of 1 is assigned if voxel i is assigned to

cluster level j and 0 assigned for other matrix elements.

4. An iterative expectation-maximization (EM) algorithm is used to refine the initial

clustering, adjusting Xcluster and Zij values to maximise the mixture-likelihood.

5. After convergence, the BIC is calculated as BIC(K) = -2 ln L(K) + K lnN.

6. Steps 1 to 5 are repeated for a range of K levels (typically 1-15).

7. The cluster grouping with the lowest BIC is taken to be the best clustered

representation of the data.
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Clustering can be carried out for parameter values obtained for the voxels belonging to all

patients, or for the voxels belonging to patients in a specific cohort or belonging to a

particular patient or even one particular scan. At different points in this work clustering has

been carried out for all of these different data groups. However, when exploring the effects

of Buparlisib, clustering has been carried out for all voxels together from all images

collected before and after drug administration, so that the cluster-levels are the same for

voxels in pre- and post-Buparlisib images, allowing the significance of changes in

proportions of voxels clustered into these levels to be assessed. Likewise, when exploring

the impact of depth within a tumour on fitted parameter values, clustering was carried out

for voxels at all depths before analysing differences in clustering patterns according to

depth.

The chi-square test of homogeneity was used to assess pre- to post-Buparlisib changes in

the percentages of voxels assigned to different cluster levels for each parameter. The null

hypothesis for this test is that within statistical uncertainties the same proportion of voxels

lies within each cluster grouping in both pre-and post-Buparlisib images; the test therefore

determines the significance of observed changes in these proportions after administration

of Buparlisib. Statistical significances of p<0.05, 0.01, 0.001 and 0.0001 are indicated via

the symbols *, **, *** and **** respectively in graphs of clustered data.

In order to assess whether on average fitted parameters increase or decrease post-

Buparlisib, a weighted mean ( ) of the unclustered values has been calculated as:

(5.2)

where xi is the parameter value for the ith of N total values and wi the weighting as defined

in equation 5.1.



95

The unbiased estimate of sample variance (s2) is:

(5.3)

This is calculated pre- and post-Buparlisib for each parameter with the degrees of freedom

(DOF) calculated as:

(5.4)

where npre is the number of values pre-Buparlisib and npost the number post-Buparlisib.

The statistical significance of the difference of each weighted mean from pre- to post-

Buparlisib was then assessed using a t-test for samples of unequal variance (Welch’s t-

test). Again, statistical significances of differences in weighted means are indicated in the

tables via the symbols ‘NS’ (not significant), * p<0.05, ** p<0.01, *** p<0.001, and ****

p<0.0001.

Using these approaches, three facets of the data are explored in this section of the work:

correlations between the fitted values of different rate-constants (5.B.3); scan-to-scan,

patient-to-patient, and cohort-to-cohort variations in numbers of clustering levels (5.B.4);

and the impact of Buparlisib on fitted parameter values, assessed both in terms of changes

in clustering patterns and in weighted means (5.B.5).

5.B.3 Results: Kinetic analysis

Figures 5.2 and 5.3 show unclustered data obtained from all analysed voxels. In Figure 5.2

TBR is plotted against K1-2C, k3-2C and kflux-2C: there is no correlation between TBR and

K1-2C (Pearson’s correlation coefficient, r=0.05), a weak correlation between TBR and k3-2C

(r=0.53), and a strong TBR correlation with kflux-2C (r=0.82). In Figure 5.3 a weak negative

correlation can be observed between k3-2C and K1-2C (r=-0.22)
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In Figure 5.2A it can be seen that for high K1-2C values (greater than 0.8 ml/min/g), TBR

values are quite constant at a level around unity, presumably because these voxels are not

hypoxic and the rapid diffusion of FMISO from the blood into the tumour and back again

effectively equilibrates tracer activity concentrations within the tumour and blood.

Figure 5.2B shows that whilst a weak positive correlation exists between k3-2C and TBR

(higher values of TBR are associated with hypoxia), many voxels with TBRs below the 1.4

threshold also have high k3-2C levels. These voxels could be poorly perfused, leading to

very low rates of FMISO influx which would cause TBRs to remain relatively low despite

generating hypoxic conditions which would cause long-term FMISO accumulation,

leading to high fitted k3-2C values.

Figure 5.2C shows a strong positive correlation between kflux-2C and TBR values

determined at 4 hours post-injection. This is to be expected since kflux-2C is a measure of the

rate of tracer uptake under equilibrium conditions and should therefore correlate strongly

with TBR at late time points. A small group of voxels have high kflux-2C but low TBR

values: these voxels turn out to have high vB-2C values, and therefore they would be

expected to have TBR values close to 1, due to their high blood content.

Figure 5.3 shows that high K1-2C values are generally associated with low k3-2C, and high

k3-2C with low K1-2C, as expected. In Figures 5.2 and 5.3 it is difficult to see the detail of

relationships between parameter values due to the number of values plotted, and therefore

in the next section clustering is used to improve clarity.
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Figure 5.2 – Graph of TBR versus (A) K1-2C, (B) k3-2C, and (C) kflux-2C for all analysed voxels.
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Figure 5.3 – Graph of k3-2C versus K1-2C for all analysed voxels. The red points indicate those used

for the statistical simulation work (5.A.3).

The parameters derived from the kinetic analysis can be used to create parametric maps,

which are spatial representations of the kinetic parameters. An example is shown in

Figures 5.4A, 5.4B, and 5.6A for the parameters vB-2C, K1-2C, k3-2C respectively illustrating

the same tumour slice for each.

Figure 5.4 – Parametric maps obtained for Patient 6 pre-Buparlisib for (A) vB-2C and (B) K1-2C.
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Example TACs from this same patient are shown in Figure 5.5 for both a voxel on the

edge of the tumour (Figure 5.5A and 5.5C) and in the centre of the tumour (Figure 5.5B

and 5.5D).

Figure 5.5 – Fits of the 2C3K model to TACs from the tumour edge (plots A and C) and tumour

centre (B and D) for Patient 6 pre-Buparlisib. Time post-injection is plotted on linear (A/B) and

logarithmic (C/D) scales.

5.B.4 Results: Clustering

The number of clusters into which different parameters (vB-2C, K1-2C, k2-2C, k3-2C, kflux-2C,

TBR) are grouped, when clustering is carried out separately for the voxels within each

tumour on each scan, is presented in Table 5.5. Table 5.6 shows the number of clusters

obtained for the same parameters when the voxels for both scans of each patient, or each

cohort, or all cohorts, are included in the clustering process. The table also shows the

number of voxels grouped within each clustering. Figure 5.6 shows a slice through a k3-2C

tumour parametric map of Patient 6 obtained pre-Buparlisib, together with the clustered
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version of the map, for which the clustering was performed for that scan alone. Whereas

unclustered images contain a broad and continuous range of parameter data, the clustered

images provide a representation in which the data is grouped into a discrete set of levels,

generally over a slightly narrower range, and the number of levels and their values are

chosen to best represent the raw individual voxel data, taking into consideration the

individual fitted parameter values and known total uncertainties on them.

Patient
/Scan

Number of
voxel TACs
clustered

Number of cluster-levels
vB-2C K1-2C k2-2C k3-2C kflux-2C TBR

1preC1 140 2 4 5 1 1 4
1postC1 135 2 5 5 1 2 3
2preC1 5116 3 8 4 2 2 4
2postC1 5023 4 9 6 6 8 8
3preC1 1065 4 4 4 2 3 4
3postC1 1102 4 5 5 4 5 6
4preC2 261 4 2 2 1 1 2
4postC2 268 5 4 4 1 1 3
5preC2 1332 3 5 4 4 4 4
5postC2 1370 3 7 5 4 6 8
6preC2 1918 3 7 5 4 3 3
6postC2 1803 3 9 6 4 3 4
7preC3 444 4 5 4 3 4 3
7postC3 344 4 5 4 3 3 2
8preC3 1973 2 4 4 2 3 4
8postC3 1858 2 6 4 2 3 3
9preC3 259 1 2 2 1 1 2
9postC3 251 2 3 2 1 1 2

Table 5.5 – Number of cluster-levels obtained when voxel-by-voxel 2C3K model fit parameter

values are clustered for each scan individually.
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Patient Number of
voxel TACs
clustered

Number of cluster-levels
vB-2C K1-2C k2-2C k3-2C kflux-2C TBR

1C1 275 2 5 6 1 1 4
2C1 10139 4 9 6 3 8 6
3C1 2167 4 4 5 4 5 5
4C2 529 4 4 3 1 1 3
5C2 2702 3 10 7 4 6 6
6C2 3722 3 9 6 4 3 3
7C3 788 5 6 5 3 3 3
8C3 3831 2 6 5 2 3 3
9C3 510 1 4 2 1 1 3
Average
patient

3.1 5.2 4.2 2.6 3.0 3.8

All C1 12581 5 9 6 7 6 7
All C2 6952 7 11 8 4 5 7
All C3 5129 4 7 7 2 5 4
All
C1,2,3

24662 6 14 7 4 10 7

Table 5.6 – Number of cluster-levels obtained when voxel-by-voxel 2C3K model fit parameter

values are clustered for both scans of each patient, for all the scans of each cohort, and for all scans

together.

Figure 5.6 – A slice taken from the pre-Buparlisib k3-2C parametric map obtained for Patient 6,

showing (A) unclustered, and (B) clustered k3-2C values. Clustering was carried out using data from

both the pre- and post-Buparlisib scans of Patient 6.

Commonly FMISO images are assessed on the assumption that tissues are hypoxic within

voxels having TBRs greater than a typical threshold of 1.4, as discussed in Chapter 3.

Figure 5.7 is a bubble plot of the numbers of voxels assigned to K1-2C and k3-2C cluster-

levels when all 24,662 voxels were clustered together. The size of each bubble represents

A B
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the number of voxels contributing to that data point, and its colour represents the

proportion of those voxels having TBRs greater than 1.4 (Figure 5.7). While high

percentages of voxels having TBR values >1.4 are generally associated with larger k3

values, it can be seen that at the highest levels of k3-2C, the fraction of voxels with TBRs

greater than 1.4 is low when K1-2C is also low (the region within the blue box at the top left

corner of the plot) – meaning that these voxels would not generally be considered hypoxic

on the basis of their TBR values, despite having high k3-2C values. This mismatch is

perhaps the result of very poor perfusion, represented by the low K1-2C values,

fundamentally limiting the quantity of tracer available for uptake. Such mismatches have

been described before (Wang et al., 2010) and used as an example of the need to assess the

response of each voxel via kinetic analysis as well as static uptake measures. For low k3-2C

values almost all voxels have TBRs <1.4, as would be expected if low k3-2C and low TBR

were both indicative of normoxia.

Figure 5.7 – Bubble plot showing clustered k3-2C versus K1-2C; the size of the bubbles indicates the
number of points in each cluster. Bubbles are coloured according to the proportion of voxels with
a TBR greater than 1.4. The blue box indicates a region of the graph where k3-2C is high and yet
there are a small number (less than 40%) of voxels with TBR>1.4.
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5.B.5 Results: Impact of Buparlisib on kinetics

Figure 5.8 plots the weighted means of fitted voxel parameter values in pre- and post-

Buparlisib images. Table 5.7 summarises the direction of change of these weighted mean

values, and indicates the statistical significance of the changes. For the parameters K1-2C,

vB-2C, k3-2C, and TBR, Figures 5.9 to 5.11 respectively show the fractions of tumour voxels

assigned to different cluster-levels in images collected pre- and post-Buparlisib, allowing

the significance of changes in cluster proportions to be assessed. The clustering was

carried out for all tumour voxels in all images together, so that the cluster-level thresholds

are the same for pre- and post-Buparlisib images. With the exception of k3-2C which

clusters into only four levels, parameter cluster-levels have been partly merged for clarity,

as detailed in Table 5.8, so that only four different colours are displayed in each bar chart.

From Figures 5.9 to 5.12 it can be seen that there is a large amount of heterogeneity in all

kinetic parameters between the three cohorts pre-Buparlisib. Due to this each cohort has

been treated separately for comparisons pre- to post-Buparlisib.

Figure 5.8 – Graphs showing weighted mean values of 2C3K kinetic parameters pre- and post-
Buparlisib for (A) vB-2C, (B) K1-2C, (C) k3-2C, and (D) TBR; error bars shown are the standard error
on the mean.
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Patients vB-2C K1-2C k3-2C TBR

1C1 NS **** * *
2C1 **** **** **** ****
3C1 **** **** NS ****
4C2 NS **** **** ***
5C2 **** **** **** ****
6C2 NS **** *** **
7C3 **** **** NS NS
8C3 **** **** **** ****
9C3 **** **** NS ****
All C1 * **** **** ****
All C2 **** **** *** ****
All C3 **** **** **** ****
All C1,2,3 **** **** NS ****

Table 5.7 – Direction (arrows) and degree of significance (asterisks) of differences between the

weighted means of fitted vB-2C, K1-2C, k3-2C, and TBR parameters in images obtained before and after

Buparlisib administration, listed for individual patients and for patient cohorts.

Graph
Clusters

Merged cluster levels
vB-2C K1-2C

(mL/min/g)
k3-2C

(1/min)
TBR

Group 1 0.005 0.02, 0.03, 0.04,
0.05, 0.07

0.0009 0.31, 0.53,
0.76, 1.0

Group 2 0.05 0.09, 0.11, 0.13 0.003 1.4

Group 3 0.1 0.17, 0.20, 0.24 0.005 1.8

Group 4 0.18, 0.31, 0.61 0.31, 0.40, 0.54 0.01 2.4

Table 5.8 – Partial merging of the original cluster-levels for vB, K1, k3, and TBR into four

groupings, which are subsequently used in clustered bar charts and bullseye charts.

Figure 5.9 shows that following administration of Buparlisib the K1-2C cluster groups

change significantly for all cohorts (p<0.0001). The weighted mean of K1-2C decreases

post-Buparlisib for all cohorts and patients (p<0.0001) (Table 5.7). Figure 5.10 shows that

post-Buparlisib, the vB-2C cluster groupings change significantly (p<0.01 for Cohort 2, and

p<0.0001 for Cohorts 1 and 3). However, the weighted mean of vB-2C decreases post-

Buparlisib for Cohort 1 (p<0.05) and increases for Cohorts 2 and 3 (p<0.0001) (Table 5.7).

Whilst for Cohort 3 all three patients have significant increases in the weighted mean vB-2C,

for Cohort 2 there is a decrease in vB-2C for Patient 6 (p>0.05), and for Cohort 1 there is a

significant decrease in vB-2C for Patient 2 (p<0.0001).
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Figure 5.9 – Changes between pre- and post-Buparlisib images in percentages of fitted voxel K1-2C

values clustered with all voxels together and by cohort. Asterisks indicate the statistical
significance of changes between pre- and post-Buparlisib images.

Figure 5.10 – Changes between pre- and post-Buparlisib images in percentages of fitted voxel vB-2C

values clustered with all voxels together and by cohort. Asterisks indicate the statistical
significance of changes between pre- and post-Buparlisib images.

Overall the K1-2C and vB-2C results suggests that the vasculature is becoming less permeable

(leaky) in all cohorts and that the volume of blood passing through the tumour is

increasing for all patients in Cohort 3 and for the majority of patients in earlier cohorts;

these changes might be considered to represent a process of vascular normalisation.
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Figure 5.11 shows that for each cohort there are significant changes in the patterns of k3-2C

clustering following Buparlisib administration (p<0.0001). Post-Buparlisib, the number of

voxels lying in the lowest k3-2C cluster-level (k3-2C = 0.0009 min-1) increase, as do numbers

lying in the highest cluster-level (k3-2C = 0.01 min-1). These two findings run in opposite

directions, which could be explained by the conjecture that the effect of Buparlisib varies

with location within tumours, a hypothesis that will be explored in the next section (5.C).

The weighted mean values of k3-2C significantly decrease for Cohorts 1 and 3 after

Buparlisib (p<0.0001), but increase for Cohort 2 (p<0.001). Within each cohort the

direction of these weighted mean changes varies from patient to patient: for example, in

Cohorts 1 and 3 the weighted mean values of k3-2C actually increase for 2 out of 3 patients,

despite the weighted mean for all three patients significantly decreasing. It thus appears

that Buparlisib has a more complex effect on k3-2C than on vB-2C or K1-2C, which may be due

to the drug’s impact on k3 being driven by a combination of its contrasting effects on K1-2C

and vB-2C.

Figure 5.11 – Changes between pre- and post-Buparlisib images in percentages of fitted voxel k3-2C

values clustered with all voxels together and by cohort. Asterisks indicate the statistical
significance of changes between pre- and post-Buparlisib images.
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In Figure 5.12 it can be seen that percentages of voxels assigned to different TBR cluster

groups change significantly after administration of Buparlisib (p<0.0001). In Cohorts 1

and 2 the numbers of voxels assigned to the highest TBR cluster-level (TBR=0.24)

increases post-Buparlisib, while in Cohorts 2 and 3 the number of voxels assigned to the

lowest TBR cluster-level (TBR=0.3-1) also increases. Again, these findings may suggest

that the effects of Buparlisib vary with location within tumours. The weighted mean TBR

value across all cohorts decreases significantly post-Buparlisib (p<0.0001); and weighted

mean TBR values also decrease for each individual patient except Patient 1. These

reductions in weighted mean TBR values concord with the decreases in the proportion of

tumour cells with TBR greater than 1.4 noted in Chapter 3, and might be interpreted as

indicating that Buparlisib is reducing tumour hypoxia.

Figure 5.12 – Changes between pre- and post-Buparlisib images in percentages of fitted voxel TBR
values clustered with all voxels together and by cohort. Asterisks indicate the statistical
significance of changes between pre- and post-Buparlisib images.
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5.B.6 Conclusions

A clustering algorithm has been used to distil the underlying information contained within

parametric images from the noisy data on which they are based. Clustering all the data

together yielded 6 cluster levels for vB-2C, 14 for K1-2C, 4 for k3-2C, and 7 for TBR.

Clustering the data for each patient separately (but including both the pre- and post-

Buparlisib scan data) produced an average of 3 cluster-levels for vB-2C, 5 for K1-2C, 3 for

k3-2C, and 4 for TBR across the nine patients.

Following administration of Buparlisib, significant changes occurred in the clustering

patterns of the K1-2C and vB-2C parameters. These changes are accompanied by a significant

decrease in the overall weighted mean of K1-2C values, and a significant increase in the

weighted means of vB-2C values for Cohorts 2 and 3, which is suggestive of vascular

normalisation. The overall weighted mean of TBR values also falls significantly post-

Buparlisib. Changes in k3-2C are more complex, however, with the direction of changes in

weighted mean values differing both between cohorts and between individual patients

within them: in Cohorts 1 and 3 the k3-2C weighted mean value falls significantly post-

Buparlisib, whereas in Cohort 2 it significantly increases.
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5.C Fitted kinetic rate-constants: variation with distance from the

tumour edge

5.C.1 Introduction

It might be expected that perfusion would rise and levels of hypoxia would fall with

increasing distance from the centre of tumours towards their edge. However, no work

appears to have been published demonstrating this distance dependence based on PET

kinetic modelling, although previous work using pCT imaging rather than PET has shown

permeability and fractional blood volumes to be higher at tumour edges than at their

centres (Ng et al., 2007). The lack of PET studies exploring this varied effect according to

distance is likely due to the fact that many of the dynamic PET scanning studies of

hypoxia reported to date have been carried out for head-and-neck tumours which are

relatively small in size. Several NSCLC patients from the Buparlisib trial have relatively

large tumours, however, allowing the variation of the derived rate-constants based on

distance from the edge of the tumour to be investigated in these patients.

5.C.2 Materials and methods

In-house MATLAB code (version R2014a, MathWorks, Natick, Massachusetts) was used

to determine how far each tumour voxel (of dimension 5.5×5.5×3.3 mm3) lies from the

nearest edge of the outlined tumour volume as defined by a consultant radiologist. These

distances were then separated into four categories: edge voxels on the edge of the VOI (the

outermost shell of voxels), outer voxels (up to 5.5 mm from VOI edge), inner voxels

(between 5.5 and 11 mm from VOI edge), and central voxels (greater than 11 mm from

VOI edge). Clustering was carried out for kinetic parameter values obtained from 2C3K

model fits to all 24,662 voxels, as described in 5.B.2, and then each voxel was assigned a

distance category. The data was then displayed in bullseye graphs such that the central
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voxels are represented by an inner ring, edge voxels by the largest diameter ring, and the

other two layers represented by the intermediate rings, as illustrated in Figure 5.13.

Figure 5.13 – Schematic bullseye graph showing distance categorisation.

For each distance category, the chi-square test of homogeneity was used to assess the

significance of pre- to post-Buparlisib changes in the proportions of voxels assigned to

each cluster level. Levels of significance p<0.05, 0.01, 0.001 and 0.0001 are indicated on

the graphs by the symbols *, **, *** and **** respectively.

In order to assess whether the fitted parameters in each distance category increase or

decrease overall post-Buparlisib, fitted weighted means of unclustered values have been

calculated, as described in 5.B.2. The statistical significance of the difference in weighted

mean of the parameter values in each distance category pre- to post-Buparlisib was then

assessed using a t-test for samples of unequal variance (Welch’s t-test).
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5.C.3 Results: Variation of derived rate-constants with distance from the tumour

edge

Clustered parameter values of voxels in the pre-Buparlisib image of Patient 6, categorised

by distance from the tumour edge, are shown in Figure 5.14. For this patient it can be seen

that the percentages of K1-2C and k3-2C values which cluster into different levels change

very significantly (p<0.0001) between each voxel layer and the neighbouring layer lying

closer to the tumour edge. Changes in the clustering patterns of vB-2C are similar to those

seen for K1-2C, although for vB-2C the changes generally have lower levels of significance.

For K1-2C, weighted mean values calculated for each distance category increase very

significantly between each voxel layer and the neighbouring layer lying closer to the

tumour edge (p<0.0001), while for k3-2C, weighted mean values fall very significantly

between the same layers (Table 5.9). For vB-2C, weighted mean values increase

insignificantly between each voxel layer and the neighbouring layer lying closer to the

tumour edge (p>0.05). In Figure 5.15 these weighted mean values are plotted against

tumour layer for vB-2C, K1-2C, and k3-2C.

Figure 5.14 – Bullseye graphs showing distance variation of (A) vB-2C, (B) K1-2C, and (C) k3-2C for

Patient 6 imaged pre-Buparlisib (tumour volume 180 mL). Asterisks indicate the statistical

significance of differences in clustering patterns between adjacent distance categories.



112

Distance categories vB-2C K1-2C k3-2C

Centre to inner NS **** ****
Inner to outer NS **** ****
Outer to edge NS **** ****

Table 5.9 – Direction of differences in weighted means between sequential distance categories pre-

Buparlisib for Patient 6 imaged pre-Buparlisib; asterisks indicate the statistical significance of

differences in weighted mean values between adjacent distance categories.

Figure 5.15 – Variation with distance from the tumour edge of weighted mean values of (A) vB-2C,

(B) K1-2C, and (C) k3-2C parameters for Patient 6 imaged pre-Buparlisib. Error bars shown are

standard error on the mean.

Clustered parameter values of all voxels in the pre-Buparlisib images, categorised by

distance from the tumour edge, are shown in Figure 5.16. Significant differences (p<0.001)

are seen between each sequential distance category in the proportions of voxels assigned to

each cluster grouping.

Moving outwards from the tumour centre, weighted mean k3-2C values decrease very

significantly between each voxel layer and the neighbouring layer lying closer to the

tumour edge (p<0.0001), reflecting the changes seen for Patient 6. For K1-2C, weighted

mean values increase very significantly (p<0.0001) between each layer and the

neighbouring layer lying further from the tumour centre until the outer layer is reached,

when the weighted mean K1-2C then falls very significantly between this layer and the edge.

For vB-2C, weighted mean values rise significantly between each voxel layer and the

A B C
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neighbouring layer lying closer to the tumour edge (p<0.001). In Figure 5.17 these

weighted mean values are plotted against tumour layer for vB-2C, K1-2C, and k3-2C.

Figure 5.16 – Distance variation of the clustering of (A) vB-2C, (B) K1-2C, and (C) k3-2C values

obtained from all pre-Buparlisib images. Asterisks indicate statistical significances of differences

between adjacent distance categories.

Distance categories vB-2C K1-2C k3-2C

Centre to inner *** **** ****
Inner to outer **** **** ****
Outer to edge *** *** ****

Table 5.10 – Direction of differences in weighted means between sequential distance categories

pre-Buparlisib for all patients; asterisks indicate statistical significances of differences between

adjacent distance categories.

Figure 5.17 – Variation with distance from the tumour edge of weighted mean values of (A) vB-2C,

(B) K1-2C, and (C) k3-2C parameters for all patients pre-Buparlisib. Error bars shown are standard

error on the mean.

A B C
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5.C.4 Results: Influence of distance from the tumour edge on the impact of

Buparlisib on FMISO uptake kinetics

In Figures 5.18-20 bullseye graphs representing percentages of voxels clustered into

different data groups are shown for the parameters vB-2C, K1-2C, and k3-2C respectively. The

data included in the graphs represents all the tumour voxels imaged, but is split between

voxels in pre- and post-Buparlisib images. The data is presented for all patients together,

and split by cohort. From Figures 5.18 to 5.20 it can be seen that there is a large amount of

heterogeneity in all kinetic parameters between the three cohorts pre-Buparlisib. Due to

this each cohort has been treated separately for comparisons pre- to post-Buparlisib.

The clustering of parameter values was carried out before the splitting of the data, thereby

ensuring consistent cluster-levels across the different graphs. Figure 5.21 presents

summary bullseye graphs showing changes in weighted mean values for vB-2C, K1-2C, and

k3-2C for each distance category, calculated for individual cohorts and for all patients

together.

Changes in clustering patterns are seen after administration of Buparlisib, which for vB-2C

and K1-2C are very significant (p<0.0001) for the majority of distance categories and

cohorts (Figures 5.18 and 5.19). Weighted mean values of K1-2C (Figure 5.21B) decrease

significantly after Buparlisib administration for all cohorts and distance categories

(p<0.0001) except for Cohort 1 central voxels, for which K1-2C decreases insignificantly

(p>0.05). Weighted mean values of vB-2C (Figure 5.21A) increase overall post-Buparlisib,

and for Cohorts 2 and 3 these increases are significant for all but one distance category

(p<0.05). For Cohort 1 vB-2C falls insignificantly post-Buparlisib (p>0.05) in all but the

central voxels, where vB-2C decreases significantly post-Buparlisib (p<0.01). These

findings match the conclusions of the overall analysis (not split by distance category)

(5.B.5), but here it can be seen that vascular normalisation (lower K1-2C, higher vB-2C)
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occurs throughout tumour volumes in Cohorts 2 and 3, while in Cohort 1 there is less

evidence of vascular normalisation.

For k3-2C the response to Buparlisib is less coherent, as can be seen in Figure 5.20. The

percentages of voxels assigned to different k3-2C cluster-levels change significantly after

administration of Buparlisib in all distance categories when all patients are considered

together. However, changes for some distance categories are insignificant in Cohorts 2 and

3 when considered separately. Generally the patterns of change seen are complex, with a

tendency for the percentages of voxels lying within both the lowest cluster-level and the

highest two cluster-levels to increase post-Buparlisib.

Overall, the weighted mean value of k3-2C (Figure 5.21C) decreases very significantly for

edge category voxels post-Buparlisib and decreases insignificantly in the outer layer, but

rises significantly in the inner and central layers. For individual cohorts the picture is more

mixed. For Cohort 1 the weighted mean k3-2C value falls significantly in the edge and outer

layers post-Buparlisib, but increases significantly in the central layer. For Cohort 2 the

weighted mean k3-2C rises significantly in all layers after administration of Buparlisib,

while for Cohort 3 it rises significantly in the inner and central layers but falls significantly

in the outer and edge layers. Generally, then, weighted mean k3-2C values fall in regions

lying close to the tumour edge following administration of Buparlisib, but rise in more

central regions.
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Figure 5.18 – Bullseye graphs showing pre- versus post-Buparlisib vB-2C changes in fractions of

voxels clustered into different cluster-levels, both for all patients together (top) and by cohort.

Asterisks indicate statistical significances of pre- versus post-Buparlisib differences.
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Figure 5.19 – Bullseye graphs showing pre- versus post-Buparlisib K1-2C changes in fractions of

voxels clustered into different cluster-levels, both for all patients together (top) and by cohort.

Asterisks indicate statistical significances of pre- versus post-Buparlisib differences.
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Figure 5.20 – Bullseye graphs showing pre- versus post-Buparlisib k3-2C changes in fractions of

voxels clustered into different cluster-levels, both for all patients together (top) and by cohort.

Asterisks indicate statistical significances of pre- versus post-Buparlisib differences.
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Figure 5.21 – Bullseye graphs showing the direction and significance of changes in weighted mean

values for (A) vB-2C, (B) K1-2C, and (C) k3-2C following administration of Buparlisib. Asterisks

indicate the degree of statistical significance of the pre- versus post-Buparlisib changes for each

distance category.
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5.C.5 Conclusions

Significant variation has been found between the distribution of parameter values in voxels

lying at different distances from the tumour edge, with weighted mean values of vB-2C and

K1-2C generally increasing towards the tumour edge and k3-2C decreasing towards the

tumour edge.

After administration of Buparlisib, significant changes have been observed in the weighted

means of vB-2C (increasing for Cohorts 2 and 3) and of K1-2C (decreasing for all cohorts)

throughout the tumour volume. The response of k3-2C to Buparlisib is distance dependent:

weighted mean values decrease in edge and outer distance categories and increase in inner

and central categories when all voxels are considered together. This overall pattern is also

seen for Cohorts 1 and 3, but for Cohort 2 the weighted mean values of k3-2C increase

significantly post-Buparlisib for voxels in all distance categories.
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5.D Overall conclusions of the voxel-by-voxel kinetic analysis

In this Chapter it has been shown that fits of the irreversible 2C3K two-compartment

model to TACs obtained for individual tumour voxels provide estimates of rate-constants

which have lower total uncertainties than the fitted parameter values obtained for any of

the other models studied. A comprehensive voxel-by-voxel analysis of the uptake kinetics

of FMISO has been carried out using the 2C3K model, studying changes in FMISO

kinetics following administration of Buparlisib, and variation of the kinetics with depth

within tumours.

Variations in the weighted mean values of vB-2C and K1-2C have been shown, with both

generally increasing significantly from the tumour centre towards the tumour edge and the

weighted mean values of k3-2C decreasing significantly towards the tumour edge.

Following administration of Buparlisib, a significant decrease in the weighted mean of

K1-2C was observed for all cohorts, and a significant increase in the weighted mean of vB-2C

for Cohorts 2 and 3, which is suggestive of vascular normalisation. These changes in K1-2C

and vB-2C post-Buparlisib have been shown to occur throughout the tumour volume.

Variation within the weighted mean values of k3-2C is more complex, with the direction of

change differing both between cohorts and between individual patients within them: in

Cohorts 1 and 3 the k3-2C weighted mean falls significantly post-Buparlisib, whereas in

Cohort 2 it increases significantly. The response of k3-2C to Buparlisib appears to be

distance dependent: weighted mean values decrease in edge and outer distance categories

and increase in inner and central categories, when all voxels are considered together.
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6 Perfusion CT
6.1 Abstract

A study is presented of the analysis of pCT data from the Buparlisib trial. A first pass pCT

technique was performed on all the patients pre- and post-Buparlisib. The pCT data was

analysed using a commercial software model (AATH) as well as an alternative model, the

Extended Toft’s model (ETM), which models the blood volume in a similar way to PET

kinetic modelling.

There is a decrease in blood flow (BF) post-Buparlisib for Cohorts 2 and 3, significant for

Cohort 2. There is a significant decrease in vB-pCT-AATH for all patients post-Buparlisib.

A good correlation (r=0.75) has been shown between K1 as measured from PET kinetic

modelling and BF×E (the equivalent parameter) as measured by pCT analysed by the

commercial software model. Using the alternative pCT model a good correlation (r=0.69)

is seen between vB-pCT-ETM and vB-PET.
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6.2 Introduction (Liu et al., 2014)

6.2.1 Perfusion CT analysis

There are a variety of methods to analyse pCT data, based on the relationship between the

concentration of iodine within vessels and tissue being linearly proportional to changes in

measured CT attenuation. Iodine is injected as a bolus through a venous cannula and its

passage through the patient recorded in order to measure tissue perfusion, a technique first

proposed in 1980 (Axel, 1980).

Several commercial manufacturers have implemented different kinetic models to analyse

this data; GE systems use the Adiabatic Approximation to the Tissue Homogeneity

(AATH) model (St Lawrence and Lee, 1998). This is essentially a deconvolution

technique which calculates the impulse residue function (IRF) from the arterial and tissue

TACs (Petralia et al., 2010). The IRF represents the response of each tissue voxel that

would have resulted from an ideal (instantaneous) injection of the contrast agent: an

example is shown in Figure 6.1 with its associated equation 6.1. The algorithm then

calculates various perfusion parameters from this: blood flow (BF), blood volume

(vB-pCT-AATH), mean transit time (MTT), and permeability surface area product (PS). BF is

the flow rate through vasculature in tissue, vB-pCT-AATH the volume of blood within

vasculature, MTT the time from artery to vein, and PS the rate-constant for flux between

the plasma and interstitial space. vB-pCT-AATH is calculated by multiplying BF by MTT,

using the central volume principal (Meier and Zierler, 1954).

Figure 6.1 – Example AATH IRF.
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(6.1)

where E is the extraction fraction (defined in equation 6.4), and  the contrast arrival delay.

An alternative perfusion model is the Extended Toft’s model (ETM) (Tofts, 1997;

Sourbron and Buckley, 2013). This is more constrained than the AATH model, giving

three perfusion-related parameters rather than four: the volume transfer constant ktrans,

vascular volume vB-pCT-ETM, and interstitial volume ve. It models the vasculature in a similar

way to PET kinetic modelling with no mean transit time, meaning that the input function

appears as a sharper peak unblurred by the transit time. The IRF equation for ETM is:

(6.2)

There has been some work on the reproducibility of perfusion parameters using various

models. Work by Ng on lung tumours showed large variability, with changes of 33-148%

required for the different parameters to be significantly greater than the test-retest

variability (Ng et al., 2011). However, this was performed on a 16-slice CT, whereas a 12

patient study on a 64-slice CT had smaller errors with within-subject coefficient of

variations of 9.3%, 16.4%, 11.2% and 14.9% for vB-pCT-AATH, BF, MTT and PS

respectively (Larici et al., 2014). Using the published Bland-Altman plots, changes of

26%, 43%, 27%, and 35% are required for a change to be significantly greater than the

test-retest variability (Larici et al., 2014).
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6.2.2 Perfusion in PET

The rate-constant derived from PET kinetic modelling, K1, is associated with blood flow

(BF) by

(6.3)

where E is the extraction fraction defined by considering the capillary as a cylinder as

(Renkin, 1959; Crone, 1963):

(6.4)

where P is the permeability and S the surface area (and PS the permeability surface area

product). For highly permeable tracers the product PS is much greater than BF giving an

extraction fraction close to 1: these tracers are useful for measuring blood flow and are

flow-limited. Alternatively, where BF is greater than PS (with K1 therefore tending to PS),

tracers are used to measure permeability and are permeability-limited.

It is thus possible to associate the measurement of flow calculated from a pCT scan (BF)

with K1 derived from PET kinetic modelling if the PS for the tracer, in this case FMISO, is

known.

The permeability can be estimated using (Laidler, 1978; Cussler, 1997):

(6.5)

where D is the diffusivity of misonidazole shown to be 5.5×10-11 m2 s-1 for a multi cellular

membrane (Cowan et al., 1996), K the partition fraction of 0.40 for FMISO (Grunbaum et

al., 1987), and x the width of capillary membrane, 0.2-1 m (Marieb, 2005; Wieser et

al., 2005). This gives a permeability in the range of 2.2–11×10-5 m s-1. The centre of this

range is 6.6×10-5 m s-1 = 4.0×10-3 m min-1.
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The capillary surface area to volume ratio is given by:

(6.6)

where L is the capillary length and r the capillary radius of approximately 10 m (Marieb,

2005) giving S/V = 2×105 m-1.

In pCT analysis, BF is measured in mL/100g/min, and so with units of mL/g/min for K1:

(6.7)

is the expected relationship between K1 derived from PET kinetic modelling and BF from

pCT. A single estimate is used for FMISO PS here, because the PS from the pCT analysis,

calculated for each individual patient, relates to the iodine contrast agent and generally

requires a delayed imaging phase to achieve an accurate measurement (Miles, 2003; Miles

et al., 2012).

This chapter will investigate the changes in derived perfusion parameters post-Buparlisib

and the correlation of these parameters with the corresponding ones from PET kinetic

modelling.

6.3 Materials and methods

6.3.1 Perfusion CT imaging protocol

Following the FMISO PET/CT scan at 4 hours post-injection, the pCT imaging protocol

takes place as detailed in Figure 6.2. Patients are imaged in a supine position with their

arms raised (if possible), using a GE Discovery 690 PET/CT scanner (GE Healthcare,

Milwaukee, USA). A pre-contrast CT is performed for localisation of the region that the

pCT scan will be performed on. During the pCT scan the patient is instructed to hold their

breath for as long as possible (at inspiration) and to breathe out very slowly if they need to.
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The pCT scan takes an image each second for 45 s with the venous CT taking place

immediately afterwards, over the same volume as the pre-contrast CT.

Figure 6.2 – Details of pCT imaging protocol.

Whilst the pre-contrast CT can have a large axial coverage, the pCT is limited to 4 cm

axially due to high temporal resolution (one image per second) and the CT detector width.

For larger tumours this means that the entire tumour is not fully covered by the pCT scan,

as shown in Figure 6.3. Prior to patient scanning a consultant radiologist defines a

reproducible CT landmark that can be used to maximise the amount of viable tumour

included in the pCT coverage.

Figure 6.3 – Coronal slice of Patient 5; the section in colour indicates the volume over which the
pCT was performed and the underlying greyscale CT is from the pre-contrast CT.
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6.3.2 Perfusion CT image analysis

Once the pCT images have been acquired they are processed as shown in Figure 6.4.

Figure 6.4 – Detail of pCT analysis protocol.

A motion correction step is used to pre-process the pCT data as it is very difficult for the

patient to maintain a breath hold for 45 s. Movement during the scan is an issue for pCT

images as the patient is in an extreme position (full inspiration) and the voxel size is very

small in the x- and y-directions (0.7 mm), which is why Oxford's engineering department

has developed software that corrects for this movement (Papież et al., 2014). The motion-

corrected pCT data is then processed voxel-by-voxel using the commercial software GE

Perfusion 4D (GE Healthcare, Milwaukee, USA) which generates pCT parametric images

for BF, vB-pCT-AATH, MTT, and PS. Additionally the ETM model was fitted to the data by

collaborators (Oxford Institute of Biomedical Engineering) using MATLAB code (version

R2014a, MathWorks, Natick, Massachusetts) which generated pCT result images for ktrans,

vB-pCT-ETM, and ve. The input function for both models was taken from the mean of a ROI

drawn in the centre of the descending aorta.

The pre-contrast CT (hard registered to the pCT result images) was rigidly registered (also

allowing for manual adjustment if required) to the CT of the dynamic FMISO PET/CT

scan using the Hermes Hybrid Viewer software (Hermes Medical AB, Sweden). For

tumours where the 4 cm axial coverage did not include the entire tumour the PET kinetic

Movement
correction
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Papiez et al. (2014)

pCT analysis

• GE AW (AATH model)

• MATLAB (ETM model)

Register pCT
to FMISO
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VOIs to pCT parametric
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analysis was repeated over the volume that was within the pCT, as per the method detailed

in 4.3.2, so that the PET kinetic modelling and pCT results could be compared. The

previously defined tumour VOIs were copied from the dynamic PET study to the pCT

result images, voxel values from the pCT parametric images were exported, and then the

mean values from the imaged tumour for each of the pCT parameters were recorded. A

two-tailed paired t-test was used on these mean values to assess the change due to

Buparlisib in each cohort.

6.4 Results

6.4.1 Perfusion CT data

The tumour pCT result values for each patient pre- and post-Buparlisib are shown in Table

6.1, analysed using the AATH model.

Cohort Patient AATH Model Volume of
tumour
imaged using
pCT (mL)

Fraction of the
PET-imaged
tumour volume
(%)

BF
(mL/
100g/
min)

vB-pCT-

AATH

(mL/
100g)

MTT
(s)

PS
(mL/
100g
/min)

1preC1 42.0 3.6 8.6 14.3 13 100
1postC1 42.6 2.6 6.2 14.8 13 100
2preC1 88.4 9.0 11.2 8.7 140 27
2postC1 118.5 8.0 8.3 7.4 140 29
3preC1 64.2 4.0 6.3 9.2 74 70
3postC1 60.2 3.8 5.8 7.6 74 75

4preC2 102.2 7.2 6.4 7.8 29 100
4postC2 84.3 4.7 6.2 6.0 27 100
5preC2 55.8 4.0 8.1 5.7 93 68
5postC2 36.2 3.0 10.1 6.0 100 71
6preC2 106.2 6.5 7.8 6.0 87 49
6postC2 94.5 6.2 6.1 6.8 84 48

7preC3 79.5 7.7 7.8 7.1 29 65
7postC3 69.2 5.9 8.1 9.6 22 58
8preC3 69.1 7.6 10.1 12.7 115 61
8postC3 35.7 3.1 9.3 11.1 111 61
9preC3 58.6 4.8 8.2 8.7 40 100
9postC3 47.4 3.2 6.9 9.0 37 100

Table 6.1 – Mean pCT parameters for the AATH and ETM model for patients’ tumours pre- and

post-Buparlisib.
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6.4.2 Response to Buparlisib

Figure 6.5 shows BF results for an example axial slice pre- to post-Buparlisib of an AATH

model pCT parametric image, showing a decrease in BF post-Buparlisib. The AATH

model pCT parameters pre- and post-Buparlisib are shown in Figures 6.6 and 6.7.

Figure 6.5 – pCT BF results for Patient 7 (A) pre-, and (B) post-Buparlisib, showing a decrease in
BF. Colour scale with values 0-200 ml/100g/min with red indicating values above 200.

Figure 6.6 – Mean AATH pCT parameter values in (A) BF, (B) vB-pCT-AATH, (C) MTT, and (D) PS

pre- and post-Buparlisib. Error bars are the standard error on the mean.
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Figure 6.7 – Mean percentage change post-Buparlisib for all cohorts and each cohort in (A) BF,

(B) vB-pCT-AATH, (C) MTT, and (D) PS. Error bars are the standard error on the mean.

The statistical significance of differences from pre- to post-Buparlisib for each perfusion

parameter are summarised in Table 6.2. There are no significant differences between

cohorts of the mean cohort change in each perfusion parameter (p>0.05). A paired t-test

was chosen to assess Buparlisib response as the standard error on the perfusion parameters

is considerably less than the patient-to-patient parameter variability.

Patients BF vB-pCT-

AATH

MTT PS

All - 0.009 - -
C1 - - - -
C2 0.02 - - -
C3 - - - -

Table 6.2 – Statistical differences from pre- to post-Buparlisib considering all patients together and

each cohort individually. Dashes indicate p>0.05.
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For both Cohorts 2 and 3 the mean BF for each tumour is reduced post-Buparlisib

(significantly for Cohort 2), but for Cohort 1 there is a mixed response (Figure 6.6A);

whereas the K1 from whole tumour PET kinetic modelling decreased for all cohorts. The

mean cohort BF change is higher for Cohort 1 and lower for Cohorts 2 and 3 (Figure

6.7A).

For all patients vB-pCT-AATH decreases post-Buparlisib (Figure 6.6B); this is the reverse of

the results from the PET kinetic analysis, which found vB-PET increases in all patients, and

may be due to the differences between the way AATH (pCT) and 3C5K (PET) model the

blood (explored in section 6.4.3). The vB-pCT-AATH decrease is higher for Cohort 3 than

Cohorts 1 or 2 (Figure 6.7B).

For MTT and PS there is a mixed change from the patients post-Buparlisib (Figure 6.6C

and D); there are no directly corresponding PET parameters for these. The mean cohort

change graphs show that post-Buparlisib there is minimal (and not significant) change in

MTT and PS (Figure 6.7C and D). Generally accurate PS measurement requires a longer

perfusion acquisition (at least 120 s with sparser temporal sampling after 45 s) rather than

just the first pass protocol used here (Miles, 2003; Miles et al., 2012).
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6.4.3 Correlation with FMISO PET kinetics

Figure 6.8 shows the relationship between K1 as measured from PET kinetic modelling and

the equivalent combination of parameters (BF×E, as detailed in 6.2.2, with the PS for

FMISO estimated as 80 mL/100g/min) as measured using pCT and analysed by the AATH

model. This shows a good correlation between the two independent measurements of K1

(Pearson’s r coefficient, r=0.75). Measured PS values from fits to the pCT data (Table

6.1) are less than the 80 mL/100g/min PS value estimated for FMISO (section 6.2.2),

potentially due to differences in permeability for FMISO and the iodine CT contrast agent,

in addition to errors in the pCT PS estimation due to the first pass technique used (Miles,

2003; Miles et al., 2012).

In comparison, there is a poor correlation between vB-PET (measured from PET kinetic

modelling) and vB-pCT-AATH (r=0.32), shown in Figure 6.9.

Figure 6.8 – Graph of K1 (measured from PET) vs BF×E (measured from AATH pCT).
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Figure 6.9 – Graph of vB-PET versus vB-pCT-AATH.

Figure 6.10 – Graph of vB-PET versus vB-pCT-ETM.
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6.5 Conclusion

There is a decrease in BF post-Buparlisib for Cohorts 2 and 3, which is significant for

Cohort 2. There is a significant decrease in vB-pCT-AATH for all patients post-Buparlisib.

There are minimal and insignificant changes in MTT and PS post-Buparlisib.

A strong correlation (r=0.75) has been shown between K1 as measured from PET kinetic

modelling and BF×E (the equivalent parameter) as measured by pCT. This could mean

that PET kinetic analysis could be used instead of pCT to measure the flux of tracer from

the blood (K1); this would provide a greater axial coverage (pCT is limited to 4 cm whilst

PET is 15 cm) and would reduce the radiation dose to the patient (by not performing the

relatively high dose pCT). A poor correlation (r=0.32) was shown between vB-pCT-AATH

and vB-PET, likely due to the different way the blood is modelled in the AATH and PET

kinetic models. Using a pCT model (ETM) that models the blood in the same way as for

PET kinetic modelling gives a higher correlation (r=0.69) between vB-pCT-ETM and vB-PET.

Overall the pCT analysis shows BF decreasing in concordance with the PET kinetic

analysis (Chapter 4). However, both vB-pCT-AATH and vB-pCT-ETM also decrease for the

majority of patients whereas vB-PET increases. Future work will investigate the optimum

pCT model by testing the information criteria for fits of multiple models and performing

statistical simulations. In addition, perfusion derived parameters (from pCT and dPET)

will be correlated with histopathology data from which a direct measurement of blood

volume will be possible.
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7 Conclusions
This thesis has examined FMISO and pCT imaging data from the first nine patients

scanned as part of the Buparlisib trial in order to determine the optimum methods to

analyse the data and to assess the impact of Buparlisib on these NSCLC patients. A

summary of results from this work are detailed in section 7.1.

Many trials combining drug and RT fail in the clinical setting despite yielding promising

pre-clinical data (Bradley et al., 2015; Chinot et al., 2014; Crosby et al., 2013). Although

the causes for this are multi-factorial, most studies have failed to stratify patients likely to

benefit from treatment and have not undertaken initial proof-of-concept studies to ascertain

whether the chosen drug induces the same effects within patients as were observed pre-

clinically. This thesis and associated imaging analysis have acted as a proof-of-concept

for Buparlisib. The imaging analysis methods developed here will also be applied in

future trials (such as ATOM, described in 7.2). In future, imaging-based treatment

decisions could stratify patients to ensure they received the optimum treatment regime,

thereby improving outcomes from trials combining drug and RT.

Regarding hypoxia post-Buparlisib this thesis has shown a significant decrease in VTBR1.4

(hypothesised hypoxic volume) for Cohorts 2 and 3 compared to Cohort 1. Using the

kinetic model found to be best for whole tumour FMISO analysis (3C5K), there was no

significant change in k5 (estimated FMISO intracellular binding rate-constant associated

with cellular oxygen concentration) but its value did increase for Patients 1-5 (in Cohorts 1

and 2) and decrease for Patients 6-8 (in Cohorts 2 and 3). Applying the kinetic model

found to be best for voxel-by-voxel FMISO kinetic analysis (2C3K), it was seen that the

change in k3-2C (analogous to k5 in the 3C5K model) appears to be distance dependent:

values decrease in edge (p<0.0001) and outer (p>0.05) distance categories and increase in

inner (p<0.0001) and central (p<0.0001) categories.
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When the relevant parameters of the 3C5K PET kinetic models were utilised to investigate

perfusion post-Buparlisib, the whole tumour analysis showed a significant decrease in K1

(rate-constant of FMISO from blood to interstitium) and increase in vB-PET (tumour

fractional blood volume), suggestive of vascular normalisation. The voxel-by-voxel

analysis found that the same changes had occurred throughout the different tumour volume

distance categories. However, the pCT results, using the standard AATH model, show that

both BF (associated with K1) and vB-pCT-AATH decrease. This difference between changes in

vB values obtained using the two imaging techniques (which appear to be driven by the

model rather than the modality) will be investigated in planned future work.

7.1 Chapter summaries

In Chapter 2 a study was performed to assess methods of performing respiratory motion

correction on a PET/CT system, using a moving phantom. It was seen that the impact of

regular respiratory motion on PET images can be substantially reduced using gating or the

QFreeze system. QFreeze provided small but significant advantages over gating in our

experiments at clinically typical noise levels (p<0.005).

Chapter 3 examined the imaging protocols used to assess changes in hypoxia and perfusion

after a week of Buparlisib through FMISO PET and pCT imaging. A study was performed

to assess changes in the hypothesised hypoxic volume (VTBR1.4) by analysing FMISO

images at four hours post-injection. The VTBR1.4 is the volume of voxels within the tumour

which have a TBR greater than 1.4. The VTBR1.4 volumes were seen to decrease after a

week of daily administration of Buparlisib for doses exceeding 50 mg, with significant

differences between the VTBR1.4 in Cohort 1 and that from either Cohort 2 or 3 (both

p=0.02).
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Chapter 4 described a study to find the optimum model to describe FMISO time-courses in

advanced stage NSCLC using information criteria and statistical simulations, which would

allow the impact of Buparlisib on derived parameters to be assessed. It was shown that an

irreversible three compartment (3C5K) model is optimal with a precision of 10% for fitted

values of vB and k5. In this model vB is the tumour fractional blood volume, K1 the rate-

constant of FMISO from blood to interstitium, and k5 the intracellular FMISO binding

rate-constant. The cellular oxygen concentration is more directly associated with the

estimation of the FMISO intracellular binding rate-constant than FMISO uptake at a late

time point. Using the 3C5K model to assess whole tumour changes it was observed that,

independent of cohort, K1 significantly decreased (p=0.001) and vB significantly increased

(p=0.02) post-Buparlisib, a finding which is consistent with vascular normalisation seen in

pre-clinical studies. The change in whole tumour k5 values was not significant across all

nine patients with varying changes post-Buparlisib (p>0.05).

Chapter 5 sought to find the optimum model to describe FMISO time-courses voxel-by-

voxel in advanced stage NSCLC using information criteria and statistical simulations.

This allowed the change in derived rate-constants as distance increased from the tumour

edge to be investigated as well as the impact of Buparlisib to be assessed at the voxel level.

It was shown an irreversible two compartment (2C3K) model is the most accurate and

precise at describing the voxel-by-voxel tumour FMISO time-courses by advanced stage

NSCLC with a precision of 39% for fitted values of vB-2C, 21% for K1-2C, and 37% for

k3-2C. In this model vB-2C is the tumour fractional blood volume, K1-2C the rate-constant of

FMISO from blood to cell, and k3-2C the intracellular FMISO binding rate-constant. It was

shown that vB-2C and K1-2C weighted mean values generally increase significantly from the

tumour centre towards the tumour edge (both p<0.001) with k3-2C weighted mean values

decreasing significantly towards the tumour edge (p<0.0001).
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Using the 2C3K model, post-Buparlisib a significant decrease in the weighted mean of

K1-2C (p<0.0001) was observed for all cohorts, and a significant increase in the weighted

mean of vB-2C for Cohorts 2 and 3 (p<0.05), which is suggestive of vascular normalisation.

These changes in K1-2C and vB-2C post-Buparlisib were shown to occur throughout the

tumour volume. However, there is a more complex change in the weighted mean values of

k3-2C: in Cohorts 1 and 3 the k3-2C weighted mean value falls significantly (both p<0.0001)

post-Buparlisib, whereas in Cohort 2 it significantly increases (p<0.001). The response of

k3-2C to Buparlisib appears to be distance dependent: the weighted mean values decrease in

edge (p<0.0001) and outer (p>0.05) distance categories and increase in inner (p<0.0001)

and central (p<0.0001) categories.

Chapter 6 analysed the pCT data to assess changes in derived parameters post-Buparlisib

and to assess similarities between pCT parameters and the perfusion parameters derived

from PET kinetic analysis. An algorithm implemented in commercial software was used

(AATH) to calculate BF, vB-pCT-AATH, MTT, and PS. BF is the flow rate through

vasculature in tissue, vB-pCT-AATH the volume of blood within vasculature, MTT the time

from artery to vein, and PS the rate-constant for flux between the plasma and interstitial

space. A decrease in BF post-Buparlisib was observed for Cohorts 2 (p=0.02) and 3

(p>0.05) and increase for Cohort 1 (p>0.05), whereas a decrease was seen in all cohorts for

K1 (the corresponding PET kinetic parameter). A significant decrease for all patients was

seen in vB-pCT-AATH (p<0.01), whereas an increase was seen in vB-PET.

A strong correlation (r=0.75) was shown between K1 and E×BF. A similar correlation

(r=0.69) was shown between vB-PET and vB-pCT-ETM (ETM models the blood volume in the

same way as for PET kinetic modelling), with a weaker correlation (r=0.32) between vB-

PET and vB-pCT-AATH.
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7.2 Future work

Additional patients (a minimum of six) are to be recruited for the Buparlisib trial. This will

allow more data to be considered when assessing the impact of Buparlisib both on a whole

tumour and voxel-by-voxel level and provide validation of the results presented here.

With the exception of the good correlation between K1 as measured from PET and BF as

measured from pCT there are no independent (non-imaging) measures of perfusion or

hypoxia in the current trial. A new trial ‘Pre-operative window of opportunity study of the

effects of atovaquone on hypoxia in non-small cell lung carcinoma’ (ATOM) is about to

open investigating the impact of atovaquone on NSCLC patients using FMISO, pCT, and

MRI imaging. ATOM will recruit surgical NSCLC patients and so allow a comparison to

be made between the clinical imaging, using the analysis methods developed in this thesis,

and the histological data.

The pCT data presented in this thesis has been analysed using a commercial system and

one other pCT model. Future work will investigate the benefits of combining kinetic

analysis and movement correction (in this work these were performed sequentially) as well

as exploring other pCT models. Similarly another ongoing DPhil project is researching

performing PET kinetic modelling and movement correction concurrently.

ATOM will have fifteen patients with two FMISO and pCT imaging procedures 1-2 weeks

apart with no intervention, and therefore in addition to providing histological data the new

trial will also allow a reproducibility assessment to be made on the derived parameters.

This will assist with analysing the Buparlisib imaging trial data as well as guiding future

trials.
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