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Impact Statement

It is estimated that up to half of the UK population will be affected by cancer during
their lifetime (1, 2). Whilst half of all people diagnosed with cancer will survive their
disease for ten years or more —there is a wide variation in survival between different
cancer types and only 9.5% of those diagnosed with non-small cell lung cancer will

survive for ten years or more (2, 3).

Imaging plays a crucial role in the detection of cancer, assessment of suitability for and
planning of treatment, and assessment of response to treatment. The Tumour-Node-
Metastasis (TNM) cancer staging system is the globally recognised standard used for
cancer registration of almost all cancers, in particular non-small cell lung cancer, and it
categorises patients into stages by the size and spread of disease (4). These stages
predict survival and suitability for treatments but these are coarse qualitative
categorical determinations which do not completely or fully explain patient survival

and prognostication of individual patient survival is poor.

The incompleteness of the staging system assessment of prognosis is further
highlighted with the development of treatments specifically tailored to individual
tumour characteristics, for example anti-angiogenesis therapies, tyrosine-kinase
inhibitors and checkpoint inhibitors. These treatments are only effective in subsets of

patients with mutations relating to the expression of cell-receptors.

The work in this thesis provides evidence to suggest that quantitative imaging
biomarkers can improve prognostication, predict immunohistochemical expression and
mutation status, and thereby contributes to developing, and ultimately delivering, non-
invasive precision medicine approaches in patients with non-small cell lung caner. In
particular cut-offs of SUVmax>7.6 & TBRiung > 26.2 predict prognosis, and more strongly
entropy_ct_ssf 2 >4.81 is an independent predictor of survival in a combined model

with staging and survival, it also stratifies survival when there mutations present.

In addition, the thesis also demonstrates that the quantitative techniques are helpful
beyond cancer, and can provide additional information in interstitial lung disease. In
particular, it demonstrates that 8F-FDG uptake in COVID-19 increases with time after
infection and correlates with severity, and provides evidence for the utility of steroid
treatment in PCLD as this treatment is associated with reduced ®F-FDG uptake in

these patients.
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Glossary of Abbreviations

General

Abbreviation

18F

18F-FDG

18F-FDG-PET/CT

2D

3D

BI-RADS

CcT

EBUS

EBUS-TNA

EUS-FNA

FDA-NIH

GE

ILD

LVEF

MDT

MRI

NSCLC

PET

ROI

SABR

TNM

TNM8

Description

Fluorine-18
2-deoxy-2-(8F)-fluoro-D-glucose

2-deoxy-2-(8F)-fluoro-D-glucose Positron Emission
Tomography/Computed Tomography

Two-dimensional

Three-dimensional

Breast Imaging Reporting and Database System
Computed Tomography

Endobronchial Ultrasound

Endobronchial Ultrasound-guided Transbonchial Needle
Aspiration

Endoscopic Ultrasound-guided Fine-Needle Aspiration

Food and Drug Administration — National Institutes of
Health (United States)

General Electric Company

Interstitial Lung Disease

Left Ventricular Ejection Fraction
Multi-Disciplinary Team

Magnetic Resonance Imaging

Non-small cell Lung Cancer

Positron Emission Tomography

Region of Interest

Stereotactic Ablative Radiotherapy
Tumour-Node-Metastasis Staging System

8th Edition of the TNM staging system
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Abbreviation
UK

USA
VOl

WHO

Statistical

Abbreviation
AIC

AUC
Cl
HR
IQR

ROC

Histopathological

Abbreviation

Akt

ATP
B-Raf
BAI
BAM
BED
BRAF
DNA
dsDNA
EGFR

ERK

Description

United Kingdom
United States of America
Volume of Interest

World Health Organization

Description

Akaike Information Criterion
Area Under the Curve
Confidence Interval

Hazard Ratio

Interquartile Range

Receiver Operating Characteristic curve

Description

Ak strain Transforming protein and gene (also known as
Protein Kinase-B)

Adenosine Triphosphate

B-Rapidly Accelerated Fibrosarcoma kinase protein
Binary sequencing Alignment Index file

Binary sequencing Alignment Map file

Browser Extensible Data file

B-Rapidly Accelerated Fibrosarcoma kinase gene
Deoxyribonucleic acid

Double-stranded DNA

Endothelial Growth Factor Receptor

Extracellular signal-related kinase(s)
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Abbreviation
FFPE

GLUT
HER2
HIF
IFC
IGV
ILD
K-Ras
KRAS
MAPK
NSCLC

PCR

PI3K

PIK3CA

Raf
SNP
SOP

VEGF

WT

Description

Formalin-Fixed Paraffin-Embedded
Glucose transporter membrane protein
Human Epidermal Growth Factor Receptor 2
Hypoxia Induced Factor

Integrated Fluidic Circuit

Integrative Genomics Viewer software
Interstitial Lung Disease

Kirsten Rat Sarcoma Virus protein
Kirsten Rat Sarcoma Virus gene
Mitogen-activated protein kinase(s)
Non-small cell Lung Cancer

Polymerase Chain Reaction

Phosphatidylinositol 3-Kinase protein and its associated

protein cascade

Phosphatidylinositol-4,5-bisphosphate 3-kinase catalytic

subunit alpha gene

Rapidly Accelerated Fibrosarcoma kinase proteins

Single-Nucleotide Polymorphism
Standard Operating Procedure
Vascular Endothelial Growth Factor

Wild Type

Diffuse Lung Diseases

Abbreviation
ARDS

Ccop
COVID-19

DLD

Description

Acute Respiratory Distress Syndrome
Cryptogenic Organizing Pneumonia
Coronavirus Disease 2019

Diffuse Lung Disease
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Abbreviation
GGO

ILD
IPF
LCH
MERS-CoV
PCLD
SARS-CoV-1

SARS-CoV-2

18F-FDG-PET/CT

Abbreviation
Cimg
Cinj
MTV
NTV
SUV
SUVmax
SUVmean
SUVmin
TBR
TBRiung
TLG

1TV

CT Perfusion

Abbreviation

ADW

Description

Ground-Glass Opacity

Interstitial Lung Disease

Idiopathic Pulmonary Fibrosis

Langerhan’s Cell Histiocytosis

Middle Eastern Respiratory Syndrome — Coronavirus
Post-COVID-19 Lung Disease

Severe Acute Respiratory Syndrome — Coronavirus — 1

Severe Acute Respiratory Syndrome — Coronavirus — 2

Description

Image-derived concentration of radioactive tracer
Whole-body concentration of injected radioactive tracer
Metabolic Tumour Volume

Necrotic Tumour Volume

Standardised Uptake Value

Maximum SUV in a ROl or VOI

Average SUV in a ROl or VOI

Minimum SUV in a ROl or VOI
Target-to-Background Ratio

Target-to-Background Ratio of lesion to normal lung
Total Lesion Glycolysis

Total Tumour Volume

Description

Advantage Workstation for Diagnostic Imaging (GE
Healthcare)
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Abbreviation
BF

BV

CTP

CTP4

IRF
IRF(to)
MTT
PS
SPV

tmax

TTP

Textural Analysis

Abbreviation
GLCM

GLRLM
mpp
sd

SSF

TexRAD

Scientific Units

Abbreviation

cm
HU
kg
kv

Description

Blood Flow
Blood Volume
CT Perfusion

CT Perfusion 4D: CT Perfusion imaging analysis platform by
GE Healthcare

Impulse-Residue Function

Time of Arrival

Mean Transit Time

Permeability Surface Area Product
Standardised Perfusion Value
Time to Maximum

Time-to-Peak

Description

Grey-level Co-occurrence Matrix
Grey-level Run-length Matrix
Mean of Positive Pixels
Standard Deviation

Spatial Scale Factor

Texture + Radiology: A proprietary clinical-research texture
analysis software platform from Feedback Medical Limited

Description

Centimetre
Hounsfield Unit
Kilogram

Kilovolt
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Abbreviation
mA

MBq
mm
ng
pM

S

Description

Milliampere
Megabecquerel
Millimetres
Nanogram
Picomole

Second
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1 Introduction
This thesis will investigate quantitative molecular imaging techniques for the
development of imaging biomarkers in lung disease. Firstly, it addresses focal lung
disease in the investigation of non-small cell lung caner, and secondly investigate

diffuse lung disease in patients with SARS-CoV-2 induced lung disease.

1.1 Lung Cancer

1.1.1 Epidemiology

Lung cancer is the third most common cancer in the UK, with approximately 48,500
new cases every year accounting for 13% of all new cancer cases in 2016—-2018 (5).
Globally it is the largest contributor to new cancer diagnoses, and the largest cause of

cancer-related death worldwide (6).

The incidence of lung cancer in the UK has decreased by 9% since the early 1990s,
although this has mostly been driven by a 34% reduction in males and masks a 32%
increase in the females. Still one in 13 UK males and one in 15 UK females will be
diagnosed in lung cancer during their lives. Globally, incidence rates are increasing,
although they are falling in the developed world due to tobacco control policies (7).
Incidence rates are highest in people aged 85-89 and 44% of all new lung cancer

diagnoses occur in people aged 75 or over (5).

In the UK, 79% of lung cancer cases are thought to be preventable, with 72%—-90%
caused by smoking (1% of these due to second-hand smoke) and 13% by workplace
exposure (8—10). It is estimated that 86% of all UK lung cancer deaths are caused by

tobacco smoking (11-13).

Like most sporadic cancers, it is hypothesized that repeated exposure to carcinogens,
especially the tar components of cigarette smoke, lead to dysplasia and mutagenesis

within the lung epithelium and eventually carcinogenesis (14).

Lung cancers are classified histopathologically by cellular and molecular subtypes using
the 2021 World Health Organization (WHO) classification system (15). The three main

subtypes of non-small cell lung cancer are: adenocarcinoma (40%), squamous-cell
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carcinoma (25%) and large cell carcinoma (10%). Subtypes are determined using
cytology and immunohistochemistry staining, with immunohistochemistry staining

playing a pivotal role in most classifications (9, 15).

1.1.2 Diagnosis and Staging

Imaging plays a paramount role in the diagnosis, staging and management of lung
cancer. Once lung cancer is suspected a diagnostic contrast-enhanced CT Chest and
Abdomen is performed and often following that a whole body 8F-FDG-PET/CT.
Pathological correlation with image-guided or flexible-bronchoscopic biopsy of the
primary lung lesion and/or endobronchial ultrasound-guided transbonchial needle
aspiration (EBUS-TNA) or endoscopic ultrasound-guided fine-needle aspiration (EUS-
FNA) of lymph nodes is also often performed to stage and diagnose disease (16). MRl is
not routinely used to stage the primary tumour but does play a role in the staging of
tumours which involve the superior sulcus and are suspected to be Pancoast tumours.
(Pancoast tumours are tumours which are suspected to have invaded the apical chest

wall, brachial plexus, first ribs, vertebrae, subclavian vessels or stellate ganglion.) (16)

Initial clinical staging is then performed using the Tumour-Node-Metastasis (TNM)
system (4). Following evaluation of the above imaging an initial clinical stage is
assigned. In Stage |, unless the patient has symptoms, no dedicated brain imaging is
performed. In Stage I, if curative treatment is planned, a contrast-enhanced CT Brain
will be performed and followed-up with a contrast-enhanced brain MRI if there are
suspected brain metastases. Patients with Stage Il disease who are planned for
curative treatment will have a contrast-enhanced brain MRI. Otherwise, in cases where

are features suggestive of intracranial pathology brain imaging is always performed.

The above findings inform the clinical stage and will upgrade or downgrade the stage as

appropriate.

1.1.3 Treatment
The first step recommended for treatment of any lung cancer is to advise patients to
stop smoking as soon as lung cancer is suspected. Not only does smoking increases the

risk of pulmonary complications after lung cancer surgery, it reduces survival after
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treatment (17). It is however, recommended not to postpone definitive treatment to
allow for patients to stop smoking: smoking cessation should therefore be concurrent

with diagnostics and treatment (16).

In patients who are well enough and curative treatment is suitable, the main-stay of
treatment is surgical lobectomy. Patients are assessed for their risk of perioperative
mortality, their cardiovascular function optimised and re-vascularisation will be
considered before surgery. Lung function with spirometry and transfer factor will be
assessed, along with a functional segment count to predict postoperative lung function

(16).

If lobectomy is declined or contraindicated in early-stage non-nodal disease (Stages |-
lIA), radical radiotherapy with stereotactic ablative radiotherapy (SABR) or sublobar

resection may be considered (16).

More extensive surgery including extrapleural resection or en-bloc chest wall resection

may be required for more extensive disease (16).

In patients with Stage Il or Ill disease in whom surgery is contraindicated or declined
chemoradiotherapy will be recommended. If, however, chemotherapy is
contraindicated or not tolerated, then radical radiotherapy alone is not recommended.
In addition, in surgical patients who have nodal disease or T2b—T4 NO disease, adjuvant

chemotherapy will be offered (16).

1.1.4 Prognosis

In the UK 21% of all cancer deaths are accounted for by Lung Cancer making it the most
common cause of cancer death (1, 5). Prognostication is most often performed using
staging with the Tumour-Node-Metastasis (TNM) system (4), however these stages are

somewhat coarse and survival within these groups is heterogeneous.

Whilst there has been substantial improvement in one year survival of non-small cell
lung cancer from 16% in 1971-72 to 40.6% in 2013—-2017, long-term survival remains

poor with only 16.2% surviving for five or more years (2, 5).
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The one year survival rate for Stage | disease is 88% vs 19% at Stage IV (3). Five year
survival for Stage | is 57% vs 3% for Stage IV (3, 5). Survival is significantly higher for

females than for males at all stages.

The poor overall survival is partially accounted for by the relatively late presentation of
disease, with 46.1% of patients having Stage IV at diagnosis. (19.5% Stage |, 7.4% Stage
I, 20.1% Stage lll, 46.1% Stage IV and 6.9% Stage Unknown.) (5, 7)

1.2 Diffuse Lung Disease

Diffuse lung disease is used to describe any widespread pulmonary disease process (18,
19). The typical presentation of patients affected by diffuse lung disease is one of
breathless with bilateral shadowing present on plain chest radiographs. The severity of
breathless can be variable, as can the rate of onset, and a typical patient presentation
may range from the asymptomatic patient with apparently isolated and long-standing
radiological changes, to acute respiratory failure with rapid progressively worsening

breathless and ultimately death (18-20).

The causes of diffuse lung disease are wide and varied — and it is helpful to consider
these conditions in relation to lung anatomy (18-21). Many of these diseases will
foremost affect the interstitium of the lung — that is the fibrous framework of
connective tissue of the lung. These diseases fall under the umbrella terms of Diffuse

Interstitial Lung Diseases or Interstitial Lung Diseases (ILD) (18, 19).

Not all diffuse lung diseases primarily affect the interstitium. Whilst the connective
tissue framework surrounds the bronchovascular bundles centrally — peripherally, it
forms the interlobular septa, defining and organising the lung into secondary
pulmonary lobules consisting of lymphatics, venules and acini supplied by a bronchiole
and pulmonary arteriole centrally. A process that affects the airways, the vasculature or
airspaces can also cause diffuse bilateral shadowing on radiographs and hence would

also be considered a diffuse lung disease (18-22).

Unsurprisingly, this wide variation of presentation, prognosis and underlying physiology

means that there is a wide range of aetiologies and mechanisms of disease that can
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cause diffuse lung disease. Therefore when presented with a patient with a diffuse lung
disease of unknown aetiology determination of that aetiology and the diagnosis in
order to prognosticate and suggest treatment cannot be made only on radiological

appearances alone and requires a combined clinicoradiological approach (18, 20, 21).

Three parameters are most commonly used to narrow the differential diagnosis, guide

further evaluation and potential treatment. (20, 21) These are:
1 The tempo of the disease process (acute vs chronic.)
2 Radiological pattern (on chest radiographs and/or high-resolution CT chest.)

3 Clinical context.

1.2.1 Disease Tempo

The duration and progression of potentially relevant symptoms help a clinician to
determine the tempo of a pathological process. This may include review of previous
radiological imaging. Assessment of disease tempo forms part of the initial assessment

(18, 20).

Diffuse lung diseases that are acute (less than 4—6 weeks in duration) most commonly
include infectious causes (e.g. bacterial or viral pneumonias), pulmonary oedema be it

cardiogenic or non-cardogenic, haemorrhage or aspiration (18, 20).

Some ILDs may also present acutely, even if the disease process is itself chronic. Most
commonly these would include hypersensitivity pneumonitis, drug-induced lung
disease, toxin-related pneumonitis, acute eosinophillic pneumonia and cryptogenic

organizing pneumonia (18-20).

Chronic diffuse lung diseases are dominated by ILDs but represent many distinct
clinicopathological entities with different prognoses, potential treatments and causes.
The most common ILDs include: Idiopathic pulmonary fibrosis (IPF), sarcoidosis,
connective tissue disorder associated ILDs, pneumoconioses, chronic hypersensitivity

pneumonitis and drug-induced lung disease (18-21).
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Clearly for patients with a rapidly progressive diffuse lung disease, admission to

hospital and empirical therapy is likely to be required (18).

1.2.2 Radiological Pattern

Bilateral pulmonary infiltrates could be used to describe a wide variety of radiological
appearances. Closer review of the components of the pattern of opacities, distribution
and associated findings can help to further narrow down the differential diagnosis. In
addition to plain chest radiographs, high resolution chest CT is generally required to
help elucidate this radiological pattern more accurately, especially for opacities other

than consolidation (18-21).
Radiological patterns are usually grouped as following:

e Consolidation, due to alveolar filling with accumulated water, blood, cells, pus,
or other material. It is characterised by hazy margins, coalescing areas of
relatively high attenuation which may contain air bronchograms and/or loss of
definition of borders due to adjacent consolidation effacing normally present

air/soft-tissue border. (Also known as the silhouette sign) (20, 21).

e Reticular and linear patterns, where interstitial infiltrates cause a thickening of
intralobular septae and the appearance of lines, arcs or honeycombing on

imaging (18-21).

e Nodules and nodular opacities, ranging in number, size and distribution. This
runs the gamut from diffuse micronodular opacities in miliary TB to large

nodules in pneumoconioses (18-21).

e Cysts due to destruction of lung architecture, as in for example, Langerhan’s cell
histiocytosis (LCH), pneumocystis, or idiopathic pulmonary fibrosis (IPF) (18—
21).

e Ground-glass opacities (GGO) refer to hazy increases in lung attenuation but
not so much that there is effacement of the pulmonary vessels. The mechanism
here is thought to be partial filling of the alveolar spaces and/or interstitial

thickening (20, 21).
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e Septal thickening where interstitial infiltrates cause thickening of the
interlobular septae. Irregular, beaded and nodular thickening suggest lymphatic
spread of the tumour or cells as in sarcoidosis. Smooth thickening could imply

pulmonary oedema (18-21).

Associated intra-thoracic findings such as pleural effusions or thickening and
lymphadenopathy as well as extra-thoracic findings help further narrow the differential

diagnosis.

1.2.3 Clinical Context

Further refining of the differential diagnosis requires clinical correlation. Integrating the
clinical context with the radiological pattern and tempo of disease guides further
evaluation and helps to focus the differential diagnosis. Some diseases are strongly
associated with characteristic epidemiological features, e.g. IPF predominantly affects
middle-aged and older patients whereas lymphangioleiomyomatosis occurs almost
exclusively in women of reproductive age. Smoking is another factor, as are

environmental and or occupational exposures (18-20).

Drugs and pre-existing diseases may provide further clues as to the nature and
aetiology of a diffuse lung disease. Certain medications such as amiodarone are
strongly associated with ILD as are connective tissue diseases such as sarcoidosis and

neurocutaneous syndromes such as tuberous sclerosis (18-20).

1.2.4 Treatment
As diffuse lung diseases are an umbrella condition with multiple different aetiologies
and thence clinical courses there is no unifying treatment and treatment needs to be

tailored to the specific, often presumed, aetiology (18, 19).

Patients with bacterial infections will often require antibiotic therapy, and may require
further imaging following treatment to ensure resolution and that the disease was not
a super-added infection. Similarly, those with TB and other mycobacterial infections
require anti-mycobacterial therapy. Patients with viral infections may benefit from anti-
virals, but supportive care alone is likely to be effective as most viral infections are self-

limiting (18, 19).
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In contrast, patients with auto-immune and suspected inflammatory conditions will
often benefit from steroid therapy or anti-autoimmune drugs. Antifibrotic therapy is a
promising new treatment for IPF — however ultimately the only treatment may be

total lung transplantation (18, 19).

Neoplastic or paraneoplastic processes will require cancer treatment and cessation of
smoking. Diseases such as desquamative interstitial pneumonia and LCH may resolve

completely with cessation of smoking (18, 19).

1.2.5 Prognosis

As with treatment, the prognosis of a diffuse lung disease is intimately linked to its
aetiology. Some diseases like bacterial pneumonia have an established and effective
treatment and hence whilst some cases may be acutely life-threatening requiring
multiple organ support or have significant sequelae like a risk of lung abscess, the
prognosis is good. Others, like IPF, have poorly or only partially effective treatments.
The only completely effective treatment for IPF appears to be lung transplantation
which is not suitable for a lot of patients due to underlying co-morbidities and age.

However, without lung transplantation median survival is only three years (18, 19).

1.2.6 Coronavirus Disease 2019 (COVID-19) and Post-COVID-19 Lung
Disease (PCLD)

Coronavirus Disease 2019 (COVID-19) is a contagious disease caused by the novel
severe acute respiratory syndrome — coronavirus — 2 (SARS-CoV-2) virus. The first
known case was identified in Wuhan, China in December 2019 (23) but despite efforts
at containment, the virus rapidly spread worldwide and a pandemic was declared by
the World Health Organization (WHO) on 11 March 2020 (24). The disease spread
rapidly throughout London and the rest of the UK during late February—early March
2020 (25).

Coronavirus disease 2019 (COVID-19) has a large variety of clinical symptoms and
manifestations, but within the lungs it primarily causes a bilateral interstitial

pneumonia which can become severe with symptoms of dyspnoea, tachypnoea,
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hypoxia, hypercapnia and the development of acute respiratory distress syndrome

(ARDS) (23, 26-35).

The median time from onset of symptoms to admission to intensive care is 10 days,
however, only up to 5% of unvaccinated patients will require admission to intensive
care (23, 34-36). The protracted clinical course, in contrast to the rapid course

expected of viral disease (35, 37), suggests that the acute lung changes and damage
may a be consequence of inflammation from the adaptive immune response rather

than from the virus itself (35, 38).

On CT imaging, COVID-19 typically presents with ground-glass opacities (GGOs) and/or
bilateral pulmonary consolidation in multiple segmental and subsegmental regions. In
early stages, changes are often limited to peripheral GGOs and bronchovascular
thickening (26—-29, 31-33). Consolidation and spread to the centre of the lungs occurs
later (26—28, 30—33) with subpleural sparing and development of organising
pneumonia occurring even later (26—28, 31-33, 38). The appearance of recovery and
chronic changes remains poorly described (39). Many other signs such as interlobular
septal thickening and crazy paving have also been demonstrated (33, 39) however,
other typical pulmonary infection features: enlarged lymphadenopathy, pulmonary
nodules, pleural effusions and cavitation are not commonly observed, except as
features of intercurrent disease e.g. heart failure (26). Lymphadenopathy although not
a common feature may be associated with prognosis (40). The overall findings are
similar to those described in Middle Eastern respiratory syndrome — coronavirus
(MERS-CoV) and severe acute respiratory syndrome — coronavirus (SARS-CoV-1) (26,
30).

Patients with COVID-19 may have a prolonged or delayed recovery with a reduced
transfer factor of the lung for carbon monoxide (DLCO) noted at discharge in >40%
patients (41) and approximately two-thirds of hospitalised patients have persistent
symptoms post-COVID-19 with at least one-third suffering respiratory symptoms (42—
45). It is notable that permanent lung damage has been demonstrated following severe

respiratory disease associated with infection with other beta-coronaviruses such as
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SARS-CoV-1 and MERS-CoV (44, 46, 47). It may be difficult to determine whether those
patients who are slow to recover represent a cohort with a novel interstitial lung
disease, or post-COVID-19 lung disease (PCLD), or whether their slow recovery is due to

other factors such as fatigue or cardiac inflammation.

18FE-FDG-PET/CT imaging has been shown to have utility in the diagnosis,
prognostication and management of diffuse lung disease and ILDs like IPF (48-53)
where it inflammation and fibroblast proliferation have been associated with increased
1BE-FDG avidity. It would be reasonable to hope that, whilst the role of nuclear imaging
in acute or recovering COVID-19 is minimal (37), there may be a role for ¥F-FDG-
PET/CT in the diagnosis and potential management of patients with persistent

symptoms and the diagnosis of PCLD.

1.3 Imaging Biomarkers

A biomarker is a “defined characteristic that is measured as an indicator of normal
biological processes, pathogenic processes or responses to an exposure or
intervention, including therapeutic interventions” (54). The FDA-NIH Biomarker
Working Group definition includes “molecular, histologic, radiographic or physiologic
characteristics ...” (55). Imaging biomarkers can represent some direct measurement of
some underlying biomarker, but this is not necessarily the case, nor do they have to

have a putative diagnostic or prognostic use (54-56).

Before a putative imaging biomarker can be used to guide clinical decisions, there are
two fundamental translational gaps that they must cross. The so-called “first gap in
translation” relates to the process of evaluating a putative imaging biomarker and
assessing if it can be a robust enough and reliable measure to be used in clinical
research. The “second gap in translation” relates to integrating a proven biomarker into
patient management and pathways. Many putative biomarkers fail at the second gap
and many more fail at the first gap. Even if a putative biomarker can be shown to be
robust and reliable it may be impracticable or too expensive to use in routine clinical

care; however, these could still play a significant role in clinical research.
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Examples of currently used imaging biomarkers in clinical care include clinical TNM
Staging, BI-RADS in breast cancer, left ventricular ejection fraction (LVEF), T-score and Z-
score from DEXA bone density studies, and Deauville scale in lymphoma, amongst

others.

An imaging biomarker can be quantitative e.g. SUVmaxor categorical e.g. TNM Stage.
They are considered as distinct entities separate from the underlying modality or
technique that the measurement is derived from, and a single imaging measurement
can provide measurements for multiple imaging biomarkers. For example, an *¥F-FDG-
PET/CT may provide measurements of the SUVmax, TBRiung, texture measurements and

clinical stage.

If a quantitative biomarker is to guide therapy or help diagnose, it will often need to be
categorized by splitting a biomarker above and below a critical cut-off point. Blood
glucose in the diagnosis of diabetes mellitus is often the traditional non-imaging
example; however, imaging biomarker examples include the diagnosis of anthracycline-
induced cardiotoxicity with a reduction of LVEF 210% below the lower-limit for normal

(itself another example of a critical cut-off point) (57).

Although some imaging biomarkers can be considered to have direct, and sometimes
indirect, correlated and established histopathological or pathophysiological
biomarkers, e.g. LVEF, many imaging biomarkers do not and establishing reference
models (biological or otherwise) can be difficult and not cost-effective. This is
particularly relevant for cut-offs mentioned above. This can lead to problems with
validation, repeatability and reproducibility. Technical, biological and clinical validation
with multicentre and multivendor reproducibility is often deferred, or performed in
parallel with the development of the biomarker. This lack of reference models also
means that technical validation and cost-effectiveness needs to be re-evaluated as

imaging software and hardware improves (58, 59).

It is the intention of this thesis to predominantly focus on imaging biomarker discovery,
although, as mentioned above validation and discovery of imaging biomarkers go hand-

in-hand.
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1.4 8F-FDG-PET

18F-FDG-PET provides a measure of glucose metabolism as it is actively transported in
to cells through glucose transporters (GLUTs), and then phosphorylated by hexokinases
to F-FDG-6-phosphate. ¥F-FDG-6-phosphate will then accumulate in cells as cannot
be further metabolised until the 8Fluorine decays into *2Oxygen through emission of a
positron, or the 8F-FDG-6-phosphate is dephosphorylated by phosphatases (56, 60,
61). Metabolically active cells, often cancerous cells, will therefore accumulate 8F-FDG.
Although full metabolism of the glucose is an oxygen dependent process, the initial
phosphorylation of glucose is not, and hypoxia induces cells to increase expression of
GLUTs and thus uptake and accumulation of F-FDG and 8F-FDG-6-phosphate. In this
way F-FDG uptake is increased in hypoxic and metabolically active cells (56, 62),
however it is difficult to differentiate between the aerobic and anaerobic induced
uptake, and tumours with low metabolic rates or low glucose uptake, e.g. mucinous

adenocarcinomas will have falsely reassuring low ¥F-FDG avidity (56).

In non-small cell lung cancer staging, ®F-FDG-PET/CT is used primarily as means of
additional assessment of T-stage, to help assess nodal stage and help guide EBUS
targeting and to help rule out metastatic spread. T-stage is often more clearly
demonstrated on contrast CT however, in cases of downstream consolidation and lung
collapse the size of metabolic volume can help more clearly determine T-stage.
However, the main usefulness lies in nodal staining and distant spread: meta-analyses
have shown that 8F-FDG-PET/CT has significantly improved sensitivity and specificity
for nodal metastases and distant metastases over those for CT alone, with the

exception of brain metastases (16, 63—67).

The standardised uptake value (SUV) is a semi-quantitative method for assessing 8F-
FDG uptake and thence glucose metabolism (68). The SUV is the ratio of the image-
derived radioactivity concentration (cimg) and the whole body concentration of the
injected radioactivity (cinj) (56, 69). The maximum SUV (SUVmax) is the maximum voxel
value of SUV in a volume of interest, often the tumour. As tumours are often much
more avid than the surrounding normal lung parenchyma, measuring the SUVmax of a

tumour is generally simple and easily reproducible, making it an observer independent
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parameter. The SUVmax is therefore the most commonly used parameter in clinical
practice and was the first parameter considered as prognostic biomarker (69). Various
prognostic thresholds of SUVmax have been described for primary lung cancer, usually
ranging from 5-20, but sometimes as low as 2.9 (69-71, 71-76, 76-93), and 5-10 in
recurrence (76, 78, 94-100). However, consistency of results and predictions relating to
any particular cut-off across studies has been poor and thus, although the SUVmax is
commonly used in reporting to help make diagnostic decisions and inform staging, it
has not directly been incorporated into staging systems like TNM 8 (4, 78, 90, 101—
103).

It is often argued that SUVmax is @ poor representation of the total tumour as it is
derived from a single voxel, and therefore other measures have been proposed.
SUVmean is the average SUV value for some region of interest, often the whole tumour
(78, 81, 85). The SUVmin similarly represents the minimum SUV value within that same
region of interest. However, these apparently simple definitions omit the difficulties of
the selection of the region of interest and segmenting the whole tumour. There are
multiple options for the determination of the region or volume of interest but a
common option is automatic voxel selection using a thresholding algorithm with a
relative threshold of 40% of the SUVmax (85, 104, 105). These automatic techniques
almost completely remove the problem of operator dependence, but these then suffer
from several other problems. One is that necrotic areas of tumours will often be below
the threshold and thus not included in the volume of the tumour. Another is that the
estimated volume of a very avid tumour will be likely too small because the minimum
threshold could be significantly above the background. A third common problem is that
the 40% lower threshold boundary for poorly avid tumours is likely to be below the
soft-tissue background SUV and thus lead to over-estimation of the size of the tumour.
Alternative options include absolute thresholding with a fixed minimum SUV, and

manual segmentation, though these also have challenges associated with them.

The calculated tumour volume has also been proposed as a potential measure. This can
then be combined with other data to form synthetic measures. The metabolic tumour

volume (MTV), is the calculated volume of the metabolically active region segmented
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as described above (78, 85, 102, 104, 104—-106) . Total lesion glycolysis (TLG) is a
synthetic measure formed from the MTV multiplied with the SUVmean of the volume
(78, 85, 102, 104, 105). Some papers have suggested adding the necrotic tumour
volume (NTV) to the MTV to obtain the total tumour volume (TTV) in non-surgical stage

l1/1V disease (107).

1.5 CT Perfusion

CT perfusion techniques permit the direct quantification of vascular function in a non-
invasive manner. CT perfusion works by monitoring the first-pass of an iodinated
contrast bolus through the vascular system and monitoring the change in attenuation
or enhancement of a region or volume of interest (ROI/VOI) over time with a rapid-
sequence of CT images at the same slice location (108). The change in attenuation or
degree of enhancement of a region can be quantified in Hounsfield units, and is
proportional to the concentration of iodine within the region of interest, in usual
practice. Images are then processed to provide time-attenuation data and parameters
such as enhancement rate can then be extracted. Enhancement rate is an example of a

semi-quantitative biomarker being an approximate measurement of perfusion.

There is little-to-no intracellular absorption of iodinated contrast media and excretion
is primarily via glomerular filtration. Thus, the pharmacokinetics of iodinated contrast
media can be considered a multi-compartment model consisting of intravascular and
extravascular spaces with contrast flowing between these spaces. Model parameters
associated to flow within and into the intravascular space can be used as biomarkers
assessing luminal vessels and microvessel density. Model parameters associated to
flow into and out of the extravascular phase can be used as biomarkers assessing
vascular permeability. This makes these agents well suited to the study of vascular
changes within solid lesions, such as tumours (109, 110) and in tumours these
pathological markers are associated with tumour angiogenesis, which is essential for
tumour growth and metastasis. Morphologically, tumour angiogenesis is characterized
by proliferation of blood vessels and capillaries, but this pathological growth involves

the creation of malfunctioning and leaky vessels with irregular blood flow. Thus,
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angiogenesis is associated with increased microvessel density and increased vascular
permeability, and thence with the parameters associated with the intra-vascular and

extra-vascular compartments.
These pharmacokinetics allow for three data analysis approaches (110-114):

e Model-independent approaches using the Fick principle (essentially
conservation of mass) either through gradient/slope estimation or

deconvolution. (This is essentially a 1-compartment model.)
e Compartmental modelling e.g. Patlak or Logan plot based analysis.
e Distributed parameter modelling of perfusion and capillary permeability.

Each approach has its own assumptions and, with those, its own sources of error, and
there is no consensus on technique between manufacturers and providers of
commercially available software (111, 112, 115, 116). Each approach also has different
recommended acquisition protocols, and measurements acquired by different

approaches are not interchangeable (112, 115, 116).

One assumption within basic two-compartment models is that there is a single supply
of blood to the intravascular compartment(s). This assumption is clearly not correct
within the liver, where the portal venous system provides a second supply, however, it
is increasing recognised within lung lesions that lung lesions can have both pulmonary
and bronchial arterial supply (117-123). In the liver, because of the inherent delay to
portal enhancement, the two components of liver enhancement can be quantified
separately using splenic enhancement to split the time-attenuation curve into arterial
and portal venous phases, or through estimating the arterial input function of the
portal vein and the aorta separately. Similarly, in the lung, one can use peak
enhancement of the left atrium as the dividing line between pulmonary circulation and
the bronchial circulation, or use ROIs taken from the pulmonary artery and aorta to
estimate arterial input functions for the pulmonary arterial and bronchial arterial input
respectively (119, 123). The effect on this dual input on the estimated parameters

depends on the approach taken and the size of the tumour. In lung lesions, the
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bronchial arterial input is usually dominant, and it becomes more dominant in larger
tumours. The results of single-input analysis techniques will tend to estimate the
bronchial arterial perfusion with the pulmonary perfusion acting as a cause for error in
those estimates. Gradient/slope methods allow for the pulmonary arterial input to be
essentially ignored and thus should be less badly affected by the dual-arterial supply
(110, 121).

Another consideration is the effect of motion on the study. Not only is there the
problem of patient movement, respiratory motion can be significant. CT perfusion
acquisition can last up to a minute and lung cancer patients are often unable to hold
their breath for that long. Clearly, if a lesion moves in and out of the VOI during the
study the time-attenuation curves will be affected, and consequently any parameter
estimated from these will also be affected. Several papers have shown improvements
in reproducibility and using motion correction to re-register, translate and adjust the
VOI to match the tumour timepoint-by-timepoint (124-127). Such corrections are
complicated by the need to take account of the anisotrophy in scaling between intra-
axial movement and inter-slice movement, even if they elide more complex effects like
partial volume effects and non-rigid transformations. However, motion correction
software for lung lesions is poorly available and most centres do not have access to it
(124). The effect of respiratory motion can however be reduced without software by
noting that its effect is greatest on lesions lying most inferior within the lungs:
mechanisms such as external binding, therefore, help reduce this by physically

restricting motion (124).

Partial volume effects and stochastic noise are common problems with all functional
imaging techniques. Partial volume effects are greatest for small structures and at
tissue interfaces. Some suggest that ROls should therefore be placed inside the
boundaries of arteries or organs of interest; however whilst this is practicable for
regions used for arterial input, this is unlikely to be the case for tumours. Image
processing techniques such as region thresholding and blood-air fraction correction
techniques may be used to exclude voxels most likely to be affected by these or to

correct for the partial volume effects. The effect of stochastic noise, also known as
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photon noise, can be reduced using reconstruction filters, higher radiation doses
and/or by choosing larger regions of interest. Beam hardening is another artefact that
requires consideration. High concentrations of contrast, calcium, external metalwork,

and pacemakers or other implantable devices can all cause significant artefact.

The biomarkers derived from parameters of CT perfusion models can be considered as
falling into two major groups: semi-quantitative and physiologic (110, 128). The semi-
quantitative biomarkers consist of parameters which can be measured directly from
the time-attenuation curves, e.g. peak enhancement, enhancement rate, time-to-peak,
and area under the curve (AUC). These require minimal processing, but also represent
a synthesis of intra- and extra-vascular components, and of cardiac-output. They are
thus considered estimates, hence “semi-quantitative” rather than “quantitative”.
Physiologic biomarkers require more processing and are calculated from fitting one of
the models above. These parameters themselves also fall into two major groups: those
that (predominantly) measure intravascular components and those that measure
extravascular components. Parameters measuring predominantly intravascular
components consist of blood flow or perfusion (arterial/portal, bronchial/pulmonary
arterial or comparisons thereof e.g. perfusion index), blood volume, mean transit-time.
Permeability and permeability surface area products can be considered to be
measuring the extra-vascular component (110, 129). The correlation and association
between these CT perfusion biomarkers and the histopathological biomarkers of
angiogenesis such as VEGF staining, luminal vessel number, area or perimeter, or
microvessel density, appears complex, although blood flow has been shown to be
correlated with luminal vessel area and perimeter (130-133). The complexity of the
relationship between measured flow and microvessel density and other markers of
angiogenesis should not be surprising as angiogenesis in cancer is disordered and

associated with necrosis (128, 132—-136).

CT perfusion biomarkers have been shown to differ between lung adenocarcinomas
and squamous cell carcinomas (125, 133, 137, 138), and can be used to monitor anti-
angiogenesis chemotherapy in unresectable lung cancer (139-142). Blood flow and

standardized perfusion value (SPV) have also been shown to be associated with
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regional lymph node metastasis (130, 143, 144). Dual-input perfusion CT biomarkers
have been associated with predicting response to chemotherapy in advanced non-
small cell lung cancer (NSCLC) (121, 145) and response to stereotactic ablative
radiotherapy (SABR) (146). CT perfusion biomarkers have been shown to be predictive
in differentiating between benign and malignant pulmonary nodules (126, 147-149).
Permeability has been shown to predict survival in NSCLC (150), however later studies
have shown that CT perfusion does not add significant information for initial staging as

compared to ¥F-FDG-PET/CT (151).

1.6 Texture Analysis

Texture analysis is an image processing method to acquire additional quantitative
information about a tumour’s heterogeneity as reflected by the distribution of voxel
values within an imaged volume, and provide biomarkers that try to represent the
perceived texture of the volume similar to if one were to touch the object, i.e. does it
appear smooth or rough, does it have a coarse or fine appearance, does it have a

regular repeating pattern or is it irregular, and is there a directional or spatial bias.

Texture analysis as part of imaging processing has a long history and different authors
have adapted its definition as per their field of application and there are multiple
methods of generating biomarkers (152-166). A common thread throughout all these
techniques is that the visual texture of a subject volume or region of interest is related
to intensity variation, spatial organisation (e.g. is there a repeating pattern, are there
edges, is the peak/minimum intensity centred) and directionality/isotropy/anisotropy
(e.g. do the patterns repeat in a particular direction, are edges more defined in one
direction than another, is there symmetry about some axis or not). The methods of
parameter extraction can be loosely grouped in to four (somewhat overlapping)
groups: model-based, geometrical and structural, statistical and histogram metric, and

signal processing (also known as transform or filtration) methods (163).

1.6.1 Model-Based Approaches
By modelling the region or volume of interest as a random distribution or other such

model, biomarkers can be extracted that best describe this model. At the simplest
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level, we can consider extracting the (first-order statistics) mean and standard
deviation of the voxel intensities within a region of interest as attempting to loosely fit
the distribution of the intensities (irrespective of location) to a normal distribution.
More commonly, however, the models suggested will try to take account of the
neighbourhoods of voxels. Common models include: autoregressive models (159, 163,
166), markov random field models or other random fields including Gibbs (159, 165),
and Fractal models (159, 162, 164).

Autoregressive models treat the region of interest as a sequence of voxels where the
probability that a voxel has some intensity is dependent on (some number of) the
previous voxels in the sequence, usually in a linearly-dependent way. Autoregressive

models may be further modified with a moving average component.

Markov random fields involve determining the probability that a voxel has a particular
intensity as given the intensities of its neighbours (165). Gibbs random field models are
similar but use a different sampling model, and with some caveats Gibbs random field
models have corresponding Markov random field models, and vice versa. (See the
Hammersley-Clifford theorem, also known as the Fundamental theorem of random

fields.)

Fractal models most often use the box-counting (possibly cube-counting) algorithm to
determine a measure of the fractal dimension across the region of interest. For a 2D
ROI the value will be between 1 and 2, with higher values representing more

coarseness and lower values more smoothness and self-similarity.

1.6.2 Geometrical and Structural Approaches

These approaches can be thought of a subset of the model-based approach.

The region of interest is considered to be constituted of repeating primitives which are
laid out according to certain placement rules or other criteria. The layout pattern then
gives a measure or description of the texture of the region, similar to the way tiles

tessellate the plane. These approaches tend to only be appropriate for textures with a

regular structure, and become non-optimal for images with irregular texture. However,
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it is worth noting that techniques like this have been successful for assessing the

texture of interstitial lung disease on diagnostic CT imaging (167).

1.6.3 Statistical and Histogram Metric Approaches

Statistical approaches to determining texture are based on the distribution and spatial
orientation of grey-levels in images using various statistical computations. In general
these characteristics can be further categorized in to first-order, second-order and
higher-order statistics, depending on whether a statistic takes account of how a voxel’s
intensity relates to its neighbours (159). First-order statistics do not directly account for
interactions between voxel intensity and neighbours: these include statistics and
histogram metrics like the mean of the voxel intensities, standard deviation, skewness

and entropy.

Second-order and higher-order statistics involve the creation of matrices that take
account of the local environments of voxels such as a grey-level co-occurrence matrix
(GLCM) (152, 155) or grey-level run-level matrix (GLRLM) amongst others (154, 156,
160, 163). Various statistics can be derived from these matrices including: contrast,
correlation, energy, homogeneity, entropy (a different kind of entropy to above) and

maximum probability (155).

Many of these approaches also involve some quantisation of the voxel intensities and
have some inherent choice of directionality — in fact for GLCM and GLRLM methods,
both quantisation into a number of grey-levels and a choice of direction is required.
The GLCM(g, d) for some number of grey-levels g and direction d is a 2D matrix (size
gxg) such that the value (i) is the probability (or number of times) that there is pair of
adjacent voxels in the ROl in the d direction with the grey-levels (i,j) respectively. The
GLRLM(g,d) for some number of grey-levels g and direction d on a ROl with maximum
width w in direction d is a 2D matrix (size gxw) where value (i,j) is the probability of (or
count of the number of times of) a run in direction d of adjacent voxels vs,vy,...,v; all
with the same intensity i. (The choice of whether these matrices use a probabilities or

counts is dependent on implementation.)
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Further, regions of interest may be pre-thresholded to remove or exclude too high or
too low intensities preventing them from creating too much bias in the calculated

biomarkers.

The number of options and choices here result in families of second-order statistics,
and even first-order statistics, and can hinder reproducibility of results reported in

papers.

1.6.4 Signal Processing (Transform and Filtration) Approaches

Using filters such as the Laplacian of Gaussian (band-pass filter) or Gaussian, discrete
Fourier transformations, or wavelet filtering, one can transform the raw voxel
intensities removing (possibly parts of) high or low frequency data, or, in the case of
Fourier transformation transforming into frequency data. High-pass filters, such as the
Laplacian, will tend to sharpen resulting images, enhancing edges and fine texture.
Low-pass filters (such as the Gaussian) will tend to blur images smoothening out edges
and thus highlighting rougher texture. Filters can be tuned to enhance or blur on
different scales, with wider filters meaning that any particular transformed voxel
intensity is affected by a larger number of its neighbours: thus a wider filter will
necessarily tend to have a blurring effect, reducing higher frequency data and

enhancing lower frequency data.

The resulting transformed intensity maps can then be further analysed with any of the
above techniques, and in particular, any first-order statistic derived from these maps

could be considered a second-order or higher-order statistic.

1.6.5 TexRAD: Combined Signal Processing (Filtration) and Statistical Approach
TexRAD (Feedback Medical Ltd., https://fokmed.com/texrad-landing-2/,

London/Cambridge, UK) is a proprietary clinical research texture analysis software

platform which uses a combined filtration-histogram and statistical based approach.

Images are segmented on the platform manually or automatically, with voxels being
further thresholded in a target dependent way. In lung CT, voxels within the ROl are
thresholded by Hounsfield unit to avoid including air, calcification and bone. Images are

passed through Laplacian of Gaussian spatial band-pass filters of varying radii as
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represented by the spatial scale factor (SSF) and first-order statistics are then
calculated for the ROl on these filtered images. By varying the radius of the filter from
2,3, 4,5, to 6mm, finer (higher frequency) to coarser (lower frequency) textural
features are highlighted. A SSF radius of 0 is used to designate no filtering and statistics

derived from the conventional image directly.

Texture biomarkers derived from this filtration-histogram and statistical approach used
in TexRAD have been shown to be correlated with survival, response and histology in a
number of cancers and have been shown to correlate with ¥F-FDG-PET SUVmax and CT

Perfusion biomarkers (150, 161, 161, 161, 168—183).
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2 Methodology

2.1 Introduction
The majority of this thesis (Chapters 3—6) investigates biomarkers in Lung Cancer. This
chapter discusses the common methodology for these chapters. Chapter 7 will discuss

its own methodology, but the 8F-FDG-PET/CT imaging protocol and analysis is similar.

2.2 Lung Cancer Patient Population

This study was performed with the approval of the local medical ethics committee and
all the enrolled patients gave their written informed consent to be in the study group
after being apprised of the potential benefits and contraindications to CT perfusion and
18F_FDG-PET/CT. 484 patients with suspected lung cancer were recruited to the study
from August 2006 until December 2021. If a patient developed a metachronous lung
cancer later only the initial lung cancer was considered. If a patient was considered for

recruitment multiple times only the initial scan was considered.

Of these 484 patients, 475 patients ¥F-FDG-PET/CT imaging, the other nine patients

were excluded.

Due to the inherent bias caused by pre-selecting patients who were thought likely to
have non-small cell lung cancer, patients who were found not to have non-small cell
lung cancer (NSCLC) on biopsy or on imaging were excluded from further analysis,

leaving 293 patients.

2.3 8F-FDG-PET/CT Imaging Protocol

Patients were fasted for at least six hours and blood glucose levels were recorded prior
to F-FDG injection in all patients. Imaging was performed 60 minutes after
intravenous injection of 5 MBg/Kg '8F-FDG. Images were acquired from mid-thigh to
the vertex of the skull, in the supine position with the arms raised above the head,
using a GE Discovery 710 PET/CT scanner (GE Healthcare, Chicago, USA). A low-dose CT
scan (120 kV, 30-200 mA modulated, and 0.8s rotation time and 40 collimation) was
performed at the start of imaging to provide attenuation correction and an anatomical

reference. PET data was in 3D mode with scan duration of two minutes per bed
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position. A standard technique (random, scatter and attenuation) and an iterative
reconstruction (matrix size 256x256, VUE Point FX 3D with two iterations, 24 subsets)

corrected the emission data.

2.4 8F-FDG-PET/CT Image Analysis

Images were processed using a standard protocol on a dedicated imaging workstation
(Carestream Vue PACS Version 12.1.5.7014) and reviewed by two combined
radiologist/nuclear medicine physicians in consensus. Both attenuation and non-
attenuation corrected images were reviewed visually to determine the presence of
attenuation corrected image artefacts from high density areas (48, 184). Staging was
performed as per TNM8 guidelines (4) and it should be noted that it is this radiological
staging that is used, rather than the formal multi-disciplinary team (MDT) or pathology
derived staging as these staging determinations were not generally available. In

addition, the following 8F-FDG-PET/CT biomarkers were then extracted:

2.4.1 Tumour SUVax
The area of most intense pulmonary '8F-FDG uptake was identified and measured to

obtain the maximum standardised uptake value (SUVmax).

2.4.2 Tumour SUVmean
The lesion surrounding the most intense pulmonary was automatically segmented
using a 40% threshold algorithm. The mean standardised uptake value (SUVmean) Was

then extracted.

2.4.3 Tumour SUVmin
On the axial slice containing the SUVmax a region of interest (ROI) was drawn around the

tumour and the minimum SUV found within that was used as the SUVmin.

2.4.4 Normal Vessel SUVmax
Using up to a 1cm diameter spherical volume of interest (VOI) the SUVmax of blood
within the aorta or other normal vessel was measured to provide a normal

background. The wall of the vessel was avoided.
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2.4.5 Normal Lung SUVmax, SUVmean and SUVmin

On axial slices at or near the level of the level of the carina, a 1cm diameter spherical
VOI of morphologically normal lung parenchyma on the co-registered CT was selected.
The SUVmax and SUVmean were then measured and the SUVmin in a similar fashion to

above.

2.4.6 Tumour Target-to-Background Ratio (TBRjung)
The lung target-to-background ratio (TBRiung) was calculated as follows (TBRiung =

SUVmax/SUVmIn) (48r 49)

2.4.7 Tumour Dimensions

The largest dimensions of the tumour in the axial plane were measured in centimetres.

2.5 CT Perfusion Population

Of the 293 patients with non-small cell cancer (NSCLC) who had *8F-FDG-PET/CT
imaging described in Section 2.2, 131 patients had contraindications to CT perfusion or
CT perfusion imaging failed. This left 162 patients who were eligible for study as part of

the CT perfusion population.

2.6 CT Perfusion Imaging Protocol

All CT Perfusion scans were performed on an integrated PET/CT scanner combining PET
with a 64-MDCT scanner (Discovery VCT, GE Healthcare). The 8F-FDG-PET/CT study was
used to localize the lung tumour and perfusion CT was performed immediately after
PET acquisition. The covered z-axis scan length was 4 cm to cover the whole tumour
using the following acquisition parameters: 120 kV, 50 mAs, two second interval for 20
frames, and then a five second interval for 22 frames. The total imaging time was 150
seconds. The contrast media was injected into an antecubital vein by a dual head pump
injection device (Stellant D, Medrad,USA). The CT perfusion study commenced
immediately after IV administration of 50 ml of contrast agent (iohexol; 350 mg/mL
iodine; Omnipaque, GE Healthcare) at 5 mL/s followed by a 50 mL saline chaser at 5
mL/s. All patients were instructed to breath shallowly and consistently in order to avoid

excessive lung motion.
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2.7 CT Perfusion Image Analysis

CT Perfusion Images were processed using a CT perfusion 4D software available on a
dedicated imaging workstation (ADW volume 4.6 GE Healthcare, USA). Tumours were
segmented and CT Perfusion analysis was performed by a radiographer with over 10
years’ experience of tumour-segmentation and CT perfusion analysis. No automatic
motion correction is performed by this software but images were reviewed for motion
artefacts. CT perfusion 4D uses kinetic modelling is based on time-concentration curves
from a reference arterial ROl and tissue VOI to calculate the impulse residue function
(IRF) through deconvolution. The IRF represents the time-concentration curve that
would have been obtained had there been a perfect injection of contrast agent with
duration of one unit of time: also known as an impulse. This deconvolution method
makes the assumption that the concentration of contrast material in the tissue is
linearly dependent on the input arterial concentration when blood flow is constant. If
this assumption holds then the ¢(t), the concentration at time t within some tissue, is
the result of the convolution of a(t), the concentration within the artery at time t with
the impulse residue function /RF(t) (113, 185). The following biomarkers were

extracted:

2.7.1 CTP4 Average

The CTP4 average is the average Hounsfield unit (HU) value of the volume of interest

(VOI) across the study (185).

2.7.2 CTP4 Base
The CTP4 base is the average HU of the VOI in the base image (185).

2.7.3 CTP4 Time to Peak (TTP)

Time-to-peak is the time between the last image where there was no enhancement in
the VOI and the image which has the maximal value before the first post-enhancement
images. This uses the raw time curve data directly. TTP is computed and measured in

seconds.
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2.7.4 CTP4 Positive Enhancement Integral
The Positive Enhancement Integral is the sum of the difference between voxel HU value

within the VOI at each time point and the voxel pre-enhancement HU value.

This measures the area under the time intensity curve giving a measurement of the

degree of positive enhancement from the injection of the contrast.

2.7.5 CTP4 Mean Slope of Increase
The mean slope of increase is the average of the change in HU values of voxels in the

VOI at each time-point (185).

2.7.6 CTP4 Blood Volume (BV)
The Blood Volume is computed as the product of the blood flow (BF) and the mean

transit time (MTT). It estimates the volume of blood in ml per 100g of tissue (113, 185).

2.7.7 CTP4 Blood Flow (BF)

The Blood Flow corresponds to the blood flow entering and exiting a volume of tissue
and is commonly known as perfusion. It is derived from the initial value of the impulse
residue function and estimates the flow of blood in ml per 100g of tissue per minute

(113, 185).

2.7.8 CTP4 Mean Transit Time (MTT)

Mean Transit Time estimates the average time of contrast agent residence in tissue,
and thence the mean time taken by blood to pass through the capillary network. It is
calculated as the first moment (equivalent to the mean) of the impulse residue
function from the time of arrival. This is the mean time where the time is weighted by
the impulse residue function (113, 185):

_ Xizo(t —to) X IRF ()
M = ==5a IrRF (©

2.7.9 CTP4 Time of Arrival (IRF(to))

The time of arrival is the time in seconds when contrast enhancement first occurs at

the VOI.
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2.7.10 CTP4 Time to Maximum (tmax)

The time to maximum reflects the delay between the contrast bolus arriving in the VOI
from the referenced arterial ROI. It is calculated as the time to the maximum of the
impulse residue function. Although this is similar to the time-to-peak (TTP), the TTP

does not rely on the calculated impulse residue function.

2.7.11 CTP4 Permeability Surface Area Product (PS)

The permeability surface area product measures the leakage rate of contrast through
the capillary walls into the interstitial space from the vascular space. It is computed
from the IRF and is measured in ml per 100g of wet tissue per minute. (Assuming that

there are no arterial-venous shunts.)

2.8 TexRAD Population
Of the 293 patients with non-small cell cancer (NSCLC) who had 8F-FDG-PET/CT
imaging described in Section 2.2, TexRAD features could not be extracted from three

patients due to missing images, leaving 290 patients in the study.

2.9 TexRAD Image Analysis

Images were processed using TexRAD (Feedback Medical Ltd.,
https://fbkmed.com/texrad-landing-2/, London/Cambridge, UK), a proprietary clinical-
research texture analysis software platform. Using the 8F-FDG-PET and low-dose CT
component together, a region of interest was drawn around the tumour at the most
metabolically active slice on both the 8F-FDG-PET images and the CT images. On the
CT images, voxels within the region of interest were thresholded by Hounsfield Unit to
exclude air (< -50HU) and exclude calcification and bone (> 200HU). PET and CT images
were then passed through Laplacian of Gaussian spacial band-pass filters of varying
radii as represented by the spatial scale factor (SSF), and first-order statistics and
histogram metrics were calculated for the ROl on these filtered images. By varying the
radius of the filter from 2, 3, 4, 5 to 6mm, finer (higher frequency) to coarser (lower
frequency) textural features are highlighted. An SSF radius of 0 is used to designate no
filtering, with statistics derived from the conventional image directly. All segmentation

was performed by a radiologist with over 4 years’ of experience with tumour
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delineation. An initial 50 cases were discussed with the software vendor and the

radiographer with over 10 years’ of experience with tumour delineation using TexRAD.

The following biomarkers were extracted:

2.9.1 Mean intensity (mean)
The average brightness or intensity of the voxels in the ROI on the filtered/non-filtered

image.

2.9.2 Standard Deviation (sd)

A measure of the variation in intensities from the mean intensity. If the intensities were
plotted on frequency histogram, the standard deviation would be a kind of
measurement of the width of the peak around the mean of that histogram. A higher
standard deviation implies that there is a wider range of intensities and thus reflects

heterogeneity.

2.9.3 Shannon Entropy (entropy)

TexRAD calculates the Shannon Entropy of the intensity histogram. This gives a
measure of the randomness and inherent unpredictability of the intensity of a
particular voxel in the ROI. A ROl that was homogeneous in intensity would have an
entropy of 0, and entropy increases as the variability in intensity increases. It is thus
another measure of heterogeneity, but whilst standard deviation is dependent on the

magnitude of the difference to the mean, entropy is magnitude independent.

2.9.4 Mean of Positive Pixels (mpp)

This is the average intensity of positive intensity voxels in the ROl before and after
filtering. In the unfiltered CT images this gives an impression of the average density of
the solid component. In the filtered images it can be thought of providing a measure of
the number of features in the ROI. This is because the Laplacian of Gaussian filter tends
to convert edges in the unfiltered image to a positive and a negative component with
magnitude related to how sharp that edge it, (the filter can be thought of as measuring
the sum of the rate of change of the rate of change in the intensity in the unfiltered
image). Thus the mean of positive pixels will measure the average “positive” edge in

the ROI.
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2.9.5 Histogram Skewness (skewness)

Skewness is a measure of the asymmetry of the intensity histogram about its mean. If
one considers a normal distribution, the distribution is symmetrical about the mean,
and thus a histogram that represents such a distribution or one that approaches a
normal distribution will have a skewness that is zero or is close to zero. However, most
distributions are non-normal and thus non-symmetrical about their means.
Distributions with a positive skew have a tail that is skewed to the right (and higher
intensities), and negative to the left (and lower intensities.) In unimodal distributions,
positive skew (tends to) translate to the mean being greater than the mode, with
negative skew the mean being lower than the mode. Thus a positive skew reflects
bright objects on a dark background and negative dark objects on a bright background.
In plain CT images a positive skew could reflect sufficient denser tissue within fat, air or
necrosis. In filtered images, the relationship and interpretation with the CT image is

more difficult but a similar interpretation of the filtered images can be used.

2.9.6 Histogram Kurtosis (kurtosis)

In distribution terms kurtosis represents the weight of the tails of the distribution in
comparison to the rest of the distribution. Often thought of as representing
peakedness, higher kurtosis corresponds better to a greater extremity of outliers.
Images with higher kurtosis will have increased tissue contrast whereas lower kurtosis

will have reduced contrast.

2.10 Histology Population

Of the 293 patients with non-small cell cancer (NSCLC) who had *8F-FDG-PET/CT
imaging described in Section 2.2, only patients who had surgery and
immunohistochemistry staining were included. Results from mutation analysis, when

successful, were also included.

2.11 Immunohistochemistry
Formalin-fixed paraffin-embedded (FFPE) tumour samples were obtained from the
surgical specimens of those treatment-naive patients who received primary surgery

(i.e. without neoadjuvant therapies) after imaging was performed.
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The FFPE specimens were cut at a thickness of 4 um using Leica Microtome RM2235.
Slides were stained on the Leica Bond Max Auto-stainer using Bond Polymer Refine
Detection Kit. Epitopes for CA-IX were exposed by antigen retrieval solution ER1 (Leica)
for 30 minutes. Epitopes for HIF-1a and CD105 were exposed by antigen retrieval
solution ER2 (Leica) for 20 minutes. Epitopes for VEGF were exposed by antigen

retrieval solution ER2 for 20 minutes. GLUT1 did not require antigen retrieval.

Non-specific endogenous peroxidase activity was blocked by incubation with 3-4%

hydrogen peroxide included in the kit.

Following this, antibodies were diluted in Leica Bond Diluent. Staining protocol of 15
minutes primary antibody, eight minutes post primary and eight minutes polymer was
used for GLUT-1, VEGF, CD105 and CAIX. Staining protocol of 30 minutes primary
antibody, 20 minutes post primary and 20 minutes polymer was used for HIF-1a. Slides
were incubated for 10 minutes in substrate chromogen, 3,3’-Diaminobenzidine

tetrahydrochloride hydrate (DAB) and counterstained with haemotoxylin for 2 minutes.

Afterwards, slides were removed from the Bond-max and rehydrated by immersion in
increasing concentrations of ethanol (70%, 90% and 100%). Finally, slides were

immersed in xylene three times prior to cover-slipping.

CD105 was used to quantify microvascular density. Under low magnification of CD-105

stained sections the four most vascular areas in each patient sample were identified.

In these areas, on a field of 0.62 mm? (200x on an Olympus microscope), vessels with a
clearly defined lumen or with a well-defined linear vessel shape that was not a single

endothelial cell were counted (186—188).

The presence and density of white cells was used to assess if there was inflammation
present. Scores for other proteins were based on staining intensity and percentage of
positively-stained cells. The intensity was score from 0-3 (no staining, weak, medium,
strong), and the extent of staining was scored from 0-4 (<5%, 5-25%, 26-50%, 51—
75%, >75%) (112).
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2.12 Mutation Analysis

Additional FFPE samples were collected from the pathological specimens as above.
DNA was extracted following the Standard Operating Procedure (SOP) for Qiagen
QlAamp DNA FFPE Tissue kit. Quantification was performed using a Qubit dsDNA BR
assay kit. Samples that had a concentration below the minimum concentration range

for the Qubit dsDNA BR assay kit were ran on a Qubit dsDNA HS assay Kkit.
Following quantification tests, samples were diluted in nuclease free water to 10ng.

Sequencing libraries were produced using a Fluidigm Access Array integrated fluidic
circuit (IFC) chip. This allows multiplexing of up to 48 samples with 48 primer pairs into

a single reaction.

Before samples were loaded on to the chip, a pre-amplification step was performed
using a ROCHE fast-start high-fidelity polymerase chain reaction (PCR) kit. Primer mix
was added to amplify the specific targets: this contained forward and reverse primer

for each target at a concentration of 100pM.

Pre-amplification master mix was combined with 10ng of sample and run on a thermal
cycler. Samples were then treated with Exosap-IT (Applied Biosystems) according to the

manufacturer’s SOP and protocol.

Samples were then loaded onto the Fluidigm IFC chip and processed. The samples

were then tagged and barcoded using custom barcodes.

The barcoded samples were cleaned using AMPure XP beads (Beckman) and quantified
with an Agilent High Sensitivity D1000 ScreenTape assay before being diluted to 100pM

for sequencing.

Sequencing samples were loaded on to an lon One Touch 2 Emulsion PCR machine as
per manufacturer’s SOPs and protocols. Quality control was performed using an lon
Sphere Quality Control kit to ensure that 10-30% of the spheres were loaded. Quality

control results outside of this range required repeat loading.

Following sequencing, Binary sequencing Alignment Map and Index (BAM and BAI) files

were downloaded from the sequencing server and loaded into the Integrative
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Genomics Viewer (IGV) software. A Browser Extensible Data (BED) file was generated
containing the location of the targeted regions that were sequenced. Mutations were
manually called following assessment of sequencing depth, mutation frequency (with a

minimum of 8%) and homopolymer association.

2.13 Statistics and Data Analysis

Patient demographic data was extracted and compared to look for statistical biases.
18F_.FDG-PET/CT, CT perfusion and TexRAD biomarkers were compared with Survival in
univariate and multivariate Cox proportional hazards regressions using R 3.6.3 (189),
and the survival package (190, 191). Graphs were created using ggplot2 package (192,
p. 2). The tidyverse family of packages were used for general data analysis (193).

Receiver operator curve analysis was performed using the survivalROC package (194).

In chapter 6, statistical analysis was run on IBM SPSS Statistics Version 22.0 (Armonk,
NY:IBM Corps) and R 3.6.3. Spearman’s rank correlations and Mann Whitney tests were
performed to assess for correlations between the immunohistochemical and mutation
markers with imaging biomarkers. For each genetic mutation/wide-type subgroup
(HER2, EGFR, KRAS, BRAF, any mutation); entropy_ct_ssf 2 & *¥F-FDG-PET SUVpeak,
TBRiung, SUVmean, and SUVmax were compared with survival in univariate and
multivariate Cox proportional hazards models to significantly stratify patients with
good or poor prognosis. Difference in survival was assessed using the Log-rank test.
Synergistic value of a combination of entropy_ct_ssf_2 and a *¥F-FDG uptake
parameter was further evaluated as a prognostic marker within the different genetic

subgroups.

2.14 List of total biomarkers studied
2.14.1 8F-FDG-PET quantitative biomarkers

o Tumour SUVmax
e Tumour SUVmean
e Tumour SUVmin

e Normal Vessel SUVmax
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o Normal Lung SUVmax, SUVmean and SUVmin
e Tumour Target-to-Background Ratio (TBRung)
e Tumour Dimensions

2.14.2 CT Perfusion quantitative biomarkers
e (CTP4 Average

e C(CTP4 Base

e CTP4 Time to Peak (TTP)

e CTP4 Positive Enhancement Integral
e CTP4 Mean Slope of Increase

e CTP4 Blood Volume (BV)

e CTP4 Blood Flow (BF)

e CTP4 Mean Transit Time (MTT)

e CTP4 Time of Arrival (IRF(to))

e CTP4 Time to Maximum (tmax)

e CTP4 Permeability Surface Area Product (PS)

2.14.3 TexRAD derived biomarkers

TexRAD analysis uses a combined filtration-histogram and statistical based approach.
The PET and CT images are passed through Laplacian of Gaussian spatial band-pass
filters of varying radii represented by the spatial scale factor (SSF) 0, 2, 3,4, 5 or 6 and
for both PET and CT images filtered each SSF the following first-order statistics are

measured:
e Mean Intensity (mean)
e Standard Deviation (sd)

e Shannon Entropy (entropy)
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e Mean of Positive Pixels (mpp)
e Histrogram Skewness (skewness)
e Histogram Kurtosis (kurtosis)

Thus the list of TexRAD biomarkers considered is a cross product of the image type (PET

or CT), the SSF, and a first-order statistic as listed above, e.g. entropy_ct_ssf 2.
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3 18F-FDG-PET Quantitative Biomarkers in Lung Cancer

3.1 Abstract
3.1.1 Purpose
To examine the correspondence between 8F-FDG-PET biomarkers and survival in non-

small cell lung cancer (NSCLC).

3.1.2 Methods

484 patients with suspected lung cancer were recruited to the study. Only patients who

had 8F-FDG-PET/CTs and were diagnosed with NSCLC were included.
Histology and Stage were noted and 8F-FDG-PET/CT biomarkers were analysed.

Kaplan-Meier and Cox proportional hazard survival analysis was performed. Analysis

was performed using R.

3.1.3 Findings
3.1.3.1 Patient Demographics
Of the 484 patients in the study, 475 had '8F-FDG-PET/CTs. Of these 293 were

determined to have NSCLC and 133 were determined to be benign.

Of these 293 patients 162 were Male and 131 were Female.

3.1.3.2 Age and Surgical Status
The median survival of the NSCLC patients was 901 days (731-1082 days 95% Cl).
Survival was significantly (albeit weakly) negatively correlated with age at enrolment

(HR 1.03, 1.01-1.04 95% Cl, p=0.002).

Survival is strongly positively correlated with surgical status (HR 0.22, 0.16—0.31 95% Cl,
p<0.001.) Surgical status has a stronger correlation than age at enrolment in
multivariate Cox regression where it remains statistically significant, unlike age at

enrolment.
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3.1.3.3 Disease Stage
Increasing disease stage was strongly negatively correlated with survival (p<0.001) and
multivariate Cox regression combining stage, age at enrolment and surgical status is

statistically significant.

3.1.3.4 SUVmax
The mean SUVmax was 12.4 +/- 7.2. SUVmax Was weakly negatively correlated with

survival, (HR 1.03, 1.01-1.04 95% Cl, p=0.002).

In multivariate Cox regression analysis SUVmax appears independent of age of

enrolment but not surgery or stage.

ROC analysis revealed an AUC of 67% revealing that this is poor predictor, however a
cut-off of SUVmax>7.6 derived from Youden’s index is statistically significant (HR 1.88,
1.36-2.56 95% Cl, p<0.001).

This cut-off remains statistically significant in multivariate analysis with surgical status

but not with stage.

3.1.3.5 TBRung

The mean TBRjung Was 46.5 +/- 33.8. Lower TBRiung Was also associated with survival (HR
1.01, 1.00-1.01 95% Cl, p=0.001). In multivariate Cox regression it remains statistically
significant with age at enrolment but is not statistically significant when combined with

surgery or stage.

ROC analysis revealed an AUC of 69% revealing that it is a poor predictor, however, a
cut-off of TBRiung>26.2 is a statistically significant predictor of survival (HR 0.46, 0.33—
0.63 95% Cl, p<0.001) and in multivariate Cox regression remains statistically significant

when combined with surgery but not stage.

3.1.4 Conclusion
Both lower SUVmax and TBRiung are statistically associated with survival but neither are
independent of stage. Lower TBRiung is more strongly associated with survival than

SUVmax.
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3.2 Introduction

Lung cancer is the leading cause of cancer-related death worldwide (6), and whilst
there has been substantial improvement in one-year survival of non-small cell lung
cancer from 16% in 1971-1972 to 32% in 2010-2011, long-term survival remains poor
(2). Prognostication of survival is most often performed using staging with the Tumour-
Node-Metastasis (TNM) system (4), however these stages are somewhat coarse and
survival within these groups is heterogeneous. Curative surgery is often limited to the
early stages of lung cancer, with chemotherapy and radiotherapy used in more

advanced stages.

Although contrast-enhanced CT, MRI and EBUS play a significant role in the diagnosis,
staging and restaging of lung cancer, the main modality used for the staging and
restaging of non-small cell lung cancer is now 8F-fluoro-2-deoxy-D-glucose positron
emission tomography/computed tomography (*¥F-FDG-PET/CT). ®F-FDG-PET/CT
provides superior assessment of nodal and extra-thoracic metastasis to that of CT and

the helps guide EBUS targetting (195).

18FE-FDG-PET provides a measure of the glucose metabolism as it is actively transported
in to cells through glucose transporters (GLUTs), and then phosphorylated by
hexokinases to 8F-FDG-6-phosphate. 8F-FDG-6-phosphate will then accumulate in
cells as it cannot be further metabolised until the *¥Fluorine decays into 8Oxygen
through emission of a positron or it is dephosphorylated by phosphatases (56, 60, 61).
Metabolically active cells, often cancerous cells, will therefore accumulate 8F-FDG.
Although full metabolism of the glucose is an oxygen dependent process, the initial
phosphorylation of glucose is not, and hypoxia induces cells to increase expression of
GLUTs and thus uptake and accumulation of F-FDG and ¥F-FDG-6-phosphate. In this
way, 8F-FDG uptake is increased in hypoxic and metabolically active cells (56, 62),
however it is difficult to differentiate between the aerobic and anaerobic induced
uptake, and tumours with low metabolic rates or low glucose uptake, e.g. mucinous

adenocarcinomas, will have falsely reassuring low 8F-FDG avidity (56).

56



The coarseness of the staging system coupled with the heterogeneous uptake of 18F-
FDG raises the question of whether semi-quantitative measures such as SUVmax and
TBRiung can be used to provide additional survival prognostication over that of the
staging. The aim of this study is therefore to assess if there is a statistically significant

relationship between 8F-FDG biomarkers and, survival and histological subtype.
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3.3 Materials and Methods
3.3.1 Patient Population

The population of patients is as described in detail in Section 2.2. There were a total of

293 patients with non-small cell cancer (NSCLC).

3.3.2 ¥F-FDG-PET/CT Imaging Protocol

The imaging protocol is described in detail in Section 2.3.

3.3.3 ¥F-FDG-PET/CT Image Analysis

The analysis protocol is described in detail in Section 2.4.

3.3.4 Statistics and Data Analysis

Statistical and data analysis is described in detail in Section 2.13.
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3.4 Findings
3.4.1 Patient Demographics
Of the 484 patients, 475 patients had 8F-FDG-PET/CT imaging and a total of 293

patients were determined to have NSCLC, (133 were determined to benign.)

Of these 293 patients 162 were male and 131 were female. The median age at
enrolment was 69 years (range 63—-75 years). 108 (37%) of these patients were Stage |,
53 (18%) Stage Il, 92 (31%) Stage Ill and 40 (14%) Stage IV. There was no statistically
significant difference between gender and age at enrolment, SUVmax, or TBRiung. (See

Table 1.)

3.4.2 Age and Surgical Status

The median survival of the NSCLC patients was 901 days (731-1082 days 95% Cl). One-
year survival was 74.9% and five-year survival was 34.2%. Survival was significantly
(albeit weakly) negatively correlated with age at enrolment (HR 1.03, 1.01-1.04 95% Cl,
p=0.002).

Survival is strongly positively correlated with surgical status (HR 0.22, 0.16—0.31 95% Cl,
p<0.001.) Surgical status has a stronger correlation than age at enrolment in
multivariate cox regression where it remains statistically significant unlike age at

enrolment. (See Tables 2 and 3.)

When surgical status is compared with age at enrolment, stage, SUVmax and TBRiung We
can see that there is a statistically significant difference with all four factors in keeping
with the decision to operate being a composite marker representing the clinical gestalt

of patient fitness. (See Table 4.)

3.4.3 Disease Stage
Increasing disease stage was strongly negatively correlated with survival (p<0.001) and
multivariate Cox regression combining stage, age at enrolment and surgical status is

statistically significant. (See Table 5 and Table 6.)
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3.4.4 SUVmax

The mean SUVmax was 12.4 +/- 7.2. Lower SUVmax was significantly but weakly
correlated with survival, (HR 1.03, 1.01-1.04 95% Cl, p=0.002). (See Table 7.) In
multivariate regression analysis this correlation was stronger than that of Age of

enrolment but not Surgery or Disease Stage. (See Table 8.)

Receiver operating characteristic curve analysis suggests that SUVmax has a poor
accuracy for predicting survival with an area under the curve (AUC) of 66%, however a
cut-value of SUV 7.6 derived from Youden'’s index is statistically significant (HR 1.88,
1.36-2.56 95% Cl, p < 0.001) and, whilst this only has a specificity of 42.4% it has quite
high sensitivity at 83.4%. (See Figure 1.) This cut-off is, however, only statistically
significant when restricted to patients who had surgery (See Table 10 and Figure 2) and

it is not independent of stage. (See Table 11.)

Given the significant survival differences between those treated with surgery it’s worth

considering SUVmax ROC analysis within the two sub-groups separately.

3.4.5 SUVmax in Non-Surgical Patients

In non-surgical patients ROC analysis suggests that SUVmax 8.9 represents the best cut-
value for maximizing accuracy; however, the AUC is only 51% and the cut-value results
in a sensitivity of 71.3% and specificity of 19.4%. Unsurprisingly, this does not produce

a statistically significant difference in survival.

3.4.6 SUVmax in Surgical Patients

For surgical patients, ROC analysis suggests that SUVmax 7.4 represents the best cut-
value for maximizing accuracy. This cut-off has a sensitivity of 72.8% and specificity of
50.0% at median survival. This is statistically significantly associated with survival but is

not independent of stage.

3.4.7 SUVmean

The mean SUVmean Was 7.8 +/- 4.7. Lower SUVmean Was significantly but weakly
correlated with survival, (HR 1.04, 1.01-1.07 95% Cl, p=0.004). In multivariate
regression analysis this correlation was stronger than that of age of enrolment but not

surgery or disease stage. ROC analysis revealed that SUVmean 10.3 represents the best
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cut-value for maximizing accuracy however the AUC is only 65% which has a sensitivity
of only 41.7% and specificity of 81.8%. This is a statistically significant predictor of
survival (HR 0.66, 0.49-0.88, p=0.005) but does not remain statistically significant in

multivariate Cox regression with either surgical status or stage.

3.4.8 TBRiung

The mean TBRjung Was 46.5 +/- 33.8. Lower TBRiung Was also weakly associated with
survival (HR 1.01, 1.00-1.01 95% Cl, p=0.001). (Table 12.) In multivariate Cox regression
it remains statistically significant with age at enrolment but is not statistically

significant when combined with surgery or stage. (Table 13)

ROC analysis revealed an AUC of 66% revealing that it is a poor predictor, (Figure 3)
however, a cut-off of TBR < 26.2 is a statistically significant predictor of survival (HR
0.46, 0.33-0.63 95% Cl, p < 0.001) and in multivariate Cox regression remains

statistically significant when combined with surgery but not stage. (Table 15 and

Strata =+~ TBR~lung~ = 26.2 =+ TBR~lung~ = 26.2

Stage: | i | Stage: Il

1.004 +=
0.751
0.50 1
0.251
0.00+

Stage: 1l ] | Stage: IV

1.001 %
0.75{
050 1
0.25 —
0.00

Survival probability

0 3285 6571 9856 13142 16427 0 32.85 6571 9856 131.42 164.27
Time (months)

Figure 4.) When restricted to Stage | patients the cut-off remains a statistically
significant prognosticator and is a stronger predictor than largest axial tumour size.
Most interestingly the predicted cut-off appears to work in the opposite direction for

Stage Il patients in contrast to that of Stage | patients.
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3.5 Discussion

This prospective study has demonstrated that ¥F-FDG SUVmax, 8F-FDG SUVmean and 8F-
FDG TBRiung are predictive for survival, but they do not provide significant additional
prognostication power over that of staging. A partition of TBRiung < 26.2 does provide
significant additional prognostication power over pure surgical status and does provide
additional prognostication power in Stage | disease, but is not statistically significant for

higher stage disease.

The poor additional prognostication for these measures in higher stage disease stands
in contrast to the findings of other studies (69-72, 74-76, 78, 80, 82, 83, 94-96, 104,
196). The finding that SUVmax < 7.4 is a statistically significant predictor of survival for
surgical patients does replicate the findings of other studies (70-72, 77, 82, 94),
however it is worth noting that there has been no consistently recognised cut-off limit,
with some of these papers suggesting various cut offs for SUVmax ranging from 5-7 or
into quintile and quartile groups. Further, the biases inherent in our patient population
due to recruitment factors may be a reason for the poor ability of SUVmaxto predict
survival in higher stages. Our study population is heavily weighted toward those with
lower disease stage and likely operable tumours, with a bias towards surgically fit
patients as compared to the normal population of the lung cancers. These biases mean
that the survival of our population of Stage II-IV patients is likely to be artificially large
— especially for the larger tumours. (For example, our one-year survival for all our
patients and all Stage Ill patients was 74.9% and 63.4% respectively whereas the 2013—
2017 age standardised one-year survival in the UK is only 40.6% and 48.1% respectively
(3)). It may also artificially increase the difference in survival between those treated
with Surgery versus those not, as non-surgical treatment may reflect worse non-

tumoural prognostic factors, e.g. heart disease, fibrosis, and emphysema.

The lack of the inclusion of SUVmax in the grading guidelines for the 8™ Edition of the
TNM staging system does somewhat suggest that although SUVmax and other markers
of glycolysis play a significant role in the decisions to stage tumours, their role in

prognostication remains unproven.
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TBRiung, @ synthetic biomarker combining tumour SUVmax and background lung SUVmin,
provides a measurement which is highly correlated with the rate of transfer constant
(Ki) that can be derived from kinetic analysis (197—199). This marker has been shown to
be highly prognostic in diffuse lung disease (48-51) and demonstrates a sensitive
marker for disease progression in COVID-19 (see Chapter 7), but pathology in cancer is
very different from that in these disease. Our findings regarding the discovery of the
significant cut-off for TBRiung is the first time TBRung has been applied to lung cancer. In
particular, the prognostic benefit of TBRiung < 26.2 in Stage | disease is stronger than
that of the benefit of sub-staging in Stage | disease. Why the TBRiung should be such a
strong predictor is uncertain, though it may be helping to highlight the inappropriately
avid smaller lesions that are of more concern and downplay mildly avid slightly larger

lesions.
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3.6 Conclusion
Both lower SUVmax and TBRiung are statistically associated with survival but neither are

independent of stage. Lower TBRiung is more strongly associated with survival than

SUVmax.
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3.7 Tables

Gender Overall, N =293 Female, N =131 Male, N =162 p-value!
Age at Enrolment 0.4
N 293.0 131.0 162.0
Median (IQR) 69.0 (63.0, 75.0) 68.0 (62.0, 74.0) 70.5 (63.0, 75.0)
Range 44.0,96.0 44.0,90.0 48.0,96.0
Surgery 148 (51%) 68 (52%) 80 (49%) 0.7
Radiological Stage 0.6
I 108 (37%) 53 (40%) 55 (34%)
I 53 (18%) 22 (17%) 31 (19%)
Il 92 (31%) 41 (31%) 51 (31%)
v 40 (14%) 15 (11%) 25 (15%)
SUVmax 0.4
Median (IQR) 11.8 (6.7, 17.2) 11.5 (5.6, 17.2) 12.0 (7.0, 17.4)
Range 0.5, 40.0 0.5,33.6 0.8,40.0
TBRiung 0.026
Median (IQR) 41.3(22.3,59.0) 35.2(17.7, 54.8) 43.9 (24.7, 62.5)
Range 1.6, 210.2 1.6,173.0 2.7,210.2
1Wilcoxon rank sum test; Pearson's Chi-squared test
Table 1: Patient demographics as compared to gender
Characteristic HR 95% ClI p-value
Surgery
No — —
Yes 0.22 0.16,0.31 <0.001

Table 2: Univariate Cox regression of survival versus surgical status

66



Characteristic HR 95% Cl p-value
Age at Enrolment 1.01 1.00, 1.03 0.093
Surgery

No —

Yes 0.23 0.17,0.32 <0.001

Table 3: Multivariate Cox regression of survival versus surgical status and age at

enrolment

Surgical Status Overall, N =293 No, N =145 Yes, N = 148 p-value?

Age at Enrolment 0.006
Median (IQR) 69.0(63.0,75.0) 71.0(64.0,77.0) 67.0(62.0,73.2)
Range 44.0,96.0 44.0,96.0 48.0,90.0

Gender 0.7
F 131 (45%) 63 (43%) 68 (46%)
M 162 (55%) 82 (57%) 80 (54%)

Radiological Stage <0.001
[ 108 (37%) 24 (17%) 84 (57%)
I 53 (18%) 23 (16%) 30 (20%)
Il 92 (31%) 63 (43%) 29 (20%)
v 40 (14%) 35 (24%) 5 (3.4%)

SUVmax <0.001
Median (IQR) 11.8(6.7,17.2)  13.9(9.3,18.3) 10.1 (5.2, 14.4)
Range 0.5, 40.0 0.5, 40.0 0.5,37.9

TBRiung <0.001
Median (IQR) 41.3(22.3,59.0) 47.4(32.0,70.9) 32.2(16.5,52.7)
Range 1.6,210.2 2.5,210.2 1.6,171.7

1Wilcoxon rank sum test; Pearson's Chi-squared test

Table 4: Biomarkers as compared to surgical status
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Radiological Overall, Stage I, Stage 1I, Stage 111, Stage 1V,
Stage N = 293! N =108 N =753 N =92 N = 40 prvalue
Age at
E:rolment 0-089
Median (IQR) 69.0 69.0 69.0 71.0 66.0
(63.0, 75.0) (63.0, 76.0)  (63.0, 76.0) (64.0, 74.2)  (57.8, 72.0)
Range 44.0, 96.0 49.0, 96.0 52.0, 90.0 44.0, 88.0 47.0, 80.0
Gender 0.6
F 131 (45%) 53 (49%) 22 (42%) 41 (45%) 15 (38%)
M 162 (55%) 55 (51%) 31 (58%) 51 (55%) 25 (62%)
Surgery 148 (51%) 84 (78%) 30 (57%) 29 (32%) 5(12%) <0.001
SUVmax <0.001
Median (IQR) 11.8 7.1 13.1 14.6 13.4
(6.7, 17.2) (4.0, 11.7) (6.5,17.2) (11.2, 18.7) (10.5, 19.3)
Range 0.5, 40.0 0.5, 37.9 2.9, 26.2 3.4, 33.6 1.9, 40.0
TBRiung <0.001
Median (IQR) 41.3 24.2 38.3 50.4 49.4
(22.3, 59.0) (13.4, 45.7) (20.8, 57.5) (37.7, 71.0) (36.0, 73.4)
Range 1.6, 210.2 1.6, 171.7 8.5, 115.0 11.0, 173.0 9.5, 210.2
Table 5: Biomarkers as compared to radiological disease stage
Characteristic HR 95% Cl p-value
Radiological Stage
| — —
I 1.86 1.22,2.82 0.004
] 2.61 1.78, 3.82 <0.001
v 3.97 2.47,6.38 <0.001
Age at Enrolment 1.03 1.01, 1.04 0.005
Surgery
No — —
Yes 0.35 0.25,0.50 <0.001

Table 6: Multivariate Cox-regression of survival with radiological stage, age and

surgical status



Characteristic HR 95% ClI p-value

SUVmax 1.03 1.01,1.04 0.002

Table 7: Univariate Cox regression of survival versus SUVmax

Characteristic HR 95% Cl p-value
SUVmax 1.02 1.00, 1.03 0.11
Age at Enrolment 1.02 1.00, 1.03 0.061
Surgery

No — —

Yes 0.24 0.18,0.33 <0.001

Table 8: Multivariate Cox regression of survival versus SUVmax, age at enrolment and

surgical status
Characteristic HR 95% Cl p-value
SUVmax
SUVmax > 7.6 — —
SUVmax £ 7.6 0.53 0.39,0.73 <0.001

Table 9: Univariate Cox regression of Survival versus SUVpax > 7.6

Characteristic HR 95% Cl p-value

Surgery

No — —

Yes 0.24 0.17,0.33 <0.001
SUVmax

SUVmax > 7.6 — —

SUVmax<7.6 0.71 0.51,0.98 0.037

Table 10: Multivariate Cox regression of survival versus SUVmax > 7.6 and surgical status
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Characteristic HR 95% ClI p-value
SUVmax

SUVmax > 7.6 — —

SUVmax £ 7.6 1.04 0.71, 1.52 0.8
Radiological Stage

| J— J—

I 2.19 1.41,3.39 <0.001

n 3.50 2.31,5.32 <0.001

\Y 6.41 4.01,10.2 <0.001

Table 11: Multivariate Cox regression of survival versus SUVmax > 7.6 and radiological

stage

Characteristic HR 95% Cl p-value
TBRiung 1.01 1.00, 1.01 0.001
Table 12: Univariate Cox regression of survival versus TBRiung

Characteristic HR 95% Cl p-value
TBRiung 1.00 1.00, 1.01 0.093
Surgery

No — —

Yes 0.24 0.18,0.33 <0.001
Age at Enrolment 1.02 1.00, 1.03 0.069

Table 13: Multivariate Cox regression of survival versus TBRiung, age at enrolment and

surgical status

Characteristic HR 95% ClI p-value
TBRiung

TBRiung > 26.2 - _

TBRiung < 26.2 0.46 0.33,0.63 <0.001

Table 14: Univariate Cox regression of survival versus TBRjung > 26.2
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Characteristic HR 95% ClI p-value

Surgery

No — —

Yes 0.25 0.18,0.34 <0.001
TBRiung

TBRiung > 26.2 - -

TBRiung < 26.2 0.63 0.45, 0.88 0.007

Table 15: Multivariate Cox regression of survival versus TBRung > 26.2 and surgical
status
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3.8 Figures
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Figure 1: Receiver operating characteristic curve for survival vs. SUVmax> 7.6
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Figure 2: Kaplan-Meier Survival Curves stratified by SUVmax > 7.6 faceted by surgical
status

72



1.0

00 02 04 06 08

| | | | | |

00 02 04 06 08 10
FP
AUC = 0.662

Figure 3: Receiver operating characteristic curve for survival vs. TBRjung > 26.2
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Figure 4: Kaplan-Meier Survival Curves stratified by TBRung > 26.2 faceted by
radiological stage
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4 CT Perfusion in Lung Cancer

4.1 Abstract
4.1.1 Purpose
To examine the correspondence between CT perfusion (CTP) & *®F-FDG-PET/CT

biomarkers and survival in non-small cell lung cancer (NSCLC).

4.1.2 Methods

484 patients with suspected lung cancer were recruited to the study. Only patients who
had both a *¥F-FDG-PET/CT study and a CT Perfusion study, and who were subsequently
diagnosed with NSCLC, were included.

Histology and stage were noted and 8F-FDG-PET/CT and CT perfusion biomarkers were

analysed using Advantage Workstation (ADW) for Diagnostic Imaging (GE Healthcare)
CT Perfusion 4D (CTP4).

Kaplan-Meier and Cox proportional hazard survival analysis was performed. Analysis

was performed using R.

4.1.3 Findings

4.1.3.1 Patient Demographics

Of the 484 patients in the study, 475 had '8F-FDG-PET/CTs. Of these 293 were
determined to have NSCLC and 133 were determined to be benign. Of the NSCLC

patients, 162 patients had CT perfusion (CTP) analysis performed.

Of these 162 patients, 95 were male and 67 were female, with median age 71 years
(range 44-96 years). 56 (35%) of these patients were Stage |, 29 (18%) Stage Il, 56
(35%) Stage Ill and 21 (13%) Stage IV. The median survival of the patients was 903 days
(721-1198 days 95% Cl). The mean SUVmax was 12.4 +/- 6.8.

4.1.3.2 CT Perfusion and Survival
Correlation analysis demonstrates that the 11 CT Perfusion biomarkers are highly
correlated with each other, but that they have poor individual correlation with *¥F-FDG

biomarkers, surgical status, stage, and raw survival time, and indicates that there is no
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statistically significant survival relationship between any of these with survival, nor is
there any linear combination of these which demonstrates a statistically significant

relationship with survival.

However, when considering only the patients who did not have surgery, there is a

statistically significant relationship between mean transit time and survival (p=0.013).

4.1.3.3 CT Perfusion and SUVmax

A statistically significant linear model predicting SUVmayx is possible when combining
time-to-peak, blood volume and CTP4 base. (p=0.005, p<0.001 and p<0.001
respectively). This linear model has an AIC of 1050 but when looking at the residuals

there is a linear relationship suggesting that this is still incomplete.

The results of this prediction are statistically significantly correlated with survival,

however, the p-value is larger than that obtained from using SUVmax alone.

4.1.3.4 CT Perfusion and Surgery
A statistically significant multivariate logistic model predicting surgery is possible but

has overall accuracy of only 66%.

The results of this prediction are statistically significantly correlated with survival

(p=0.03) but are not independent of SUVmax or stage.

4.1.3.5 CT Perfusion and Nodal Status

A statistically significant multivariate logistic model of CTP4 base and positive
enhancement integral predicts nodal status with a 72% accuracy. The prediction score
is significantly correlated with survival (p=0.03). This prediction is not independent of
SUVmax Or surgery but is independent of stage; however, this is not as strong as using
nodal status directly and it is notable that the full dataset does not demonstrate

survival benefit.

4.1.4 Conclusion
There is no definite clear correlation with CT perfusion biomarkers and survival, and
there is no clear added benefit to CT perfusion over that 8F-FDG based staging and

surgery.
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4.2 Introduction

As discussed in Section 3.2, lung cancer is the leading cause of cancer-related death
worldwide (6), and long-term survival remains poor (2). Prognostication of survival
using staging with the Tumour-Node-Metastasis (TNM) system (4) is non-ideal as stages

are somewhat coarse and survival within these groups is heterogeneous.

Amongst the key factors of tumour growth, evolution and metastatic spread, necrosis,
angiogenesis and the response to hypoxia are vital (62). Whilst angiogenesis can be
assessed histopathologically through assessment of the microvascular density and
immunohistochemistry markers such as hypoxia-inducible factor (HIF) (62, 135), non-
invasive in vivo assessment of tumour vascularity with CT-perfusion (CTP) has the
potential to predict response to anti-angiogenesis therapy and thence survival

independently, although results so far have been mixed (140, 142, 145, 147, 151).

18E_FDG-PET/CT, although, able to assess response to therapy and stage patients,
cannot provide a direct measure of tumour perfusion, however, the relationship
between CT perfusion biomarkers, tumour size, stage, location, histological subtype,
18E-FDG biomarkers and the immunohistochemistry markers is unclear. Whether CTP
can provide additional survival prognostication over that of *¥F-FDG-PET/CT and the
stage derived from it is also unknown. The aim of this study is therefore to assess if
there is a statistically significant relationship between CT perfusion biomarkers and
survival and histological subtype. Additionally, previous studies have shown that CT
perfusion biomarkers can predict survival in non-surgical higher stage disease (142): we

will also review if our study can replicate these findings.
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4.3 Materials and Methods
4.3.1 Patient Population

The population of patients is as described in detail in Section 2.2 and Section 2.5. There
were a total of 162 patients with non-small cell cancer (NSCLC) who had CT perfusion

imaging and 8F-FDG-PET/CT imaging.

4.3.2 F-FDG-PET/CT Imaging Protocol
The 8F-FDG-PET/CT imaging protocol is described in detail in Section 2.3.

4.3.3 CT Perfusion Imaging Protocol

The CT perfusion imaging protocol is described in detail in Section 2.6.

4.3.4 8F-FDG-PET/CT Image Analysis
The 8F-FDG-PET/CT image analysis protocol is described in detail in Section 2.4.

4.3.5 CT Perfusion Image Analysis

The CT perfusion image analysis protocol is described in detail in Section 2.7.

4.3.6 Statistics and Data Analysis

Statistical and data analysis is described in detail in Section 2.13.
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4.4 Findings

4.4.1 Patient Demographics

Of the 484 patients in the study, 475 had '8F-FDG-PET/CTs. Of these 293 were
determined to have NSCLC and 133 were determined to be benign. Of the NSCLC

patients 162 patients had CT Perfusion (CTP) analysis performed.

Of these 162 patients 95 were Male and 67 were Female with median age at enrolment
of 71 years (range 44-96 years). 56 (35%) of these patients were Stage |, 29 (18%)
Stage Il, 56 (35%) Stage Ill and 21 (13%) Stage IV. There was no statistically significant
difference between gender and Age at Enrolment, Stage, SUVmax, or the CT Perfusion

measures. (See Table 16.)

4.4.2 Age and Surgical Status

The median survival of the NSCLC CTP patients was 903 days (721-1214 days 95% Cl).
This is slightly longer than the full PET dataset but is not statistically significantly
different. Survival remained significantly albeit weakly negatively correlated with age at
enrolment (HR=1.03 (1.00-1.05 95% Cl), p=0.031) and strongly positively correlated
with surgical status (HR=0.27 (0.17-0.41 95 %Cl), p<0.001.)

However, in multivariate Cox regression analysis these correlations were not

independent and surgical status has a stronger correlation.

4.4.3 Disease Stage
Increasing disease was strongly negatively correlated with survival with increasing
hazard ratio as stage increased and is independent of surgery in multivariate analysis,

(See Table 6 & Table 18.)

4.4.4 SUVmax

The mean SUVmax was 12.4 +/- 6.8. This is similar to the main dataset. Lower SUVmax
was significantly correlated with survival, (HR=1.02 (1.02-1.08 95%Cl) p<0.001). In
multivariate analysis this correlation was stronger than that of age at enrolment but

was not independent or stronger than surgical status or disease stage.
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Receiver operating characteristic curve analysis suggests that SUVmax has a fair accuracy
for predicting survival with an area under the curve of 71%, with a cut-value of SUV
11.5 maximizing accuracy but only has a specificity of 72% and a sensitivity of 65%.
(See Figure 5.) This cut-off is, however, only statistically significant when restricted to

patients who had surgery (See Figure 6) and it is not independent of stage.

4.4.5 Correlation Between Non-Deconvolution and Deconvolution
Dependent Biomarkers

The deconvolution dependent biomarkers of blood flow, blood volume and
permeability surface area product are well correlated with the non-deconvolution
dependent biomarkers: positive enhancement integral and mean slope of increase. The
remaining deconvolution dependent biomarkers — mean transit time, IRF(to), and tmax
— are very well correlated with each other but do not demonstrate good correlation

with other non-deconvolution dependent biomarkers. (See Figure 7.)

4.4.6 CT Perfusion Measures Against Survival
The values of the CT perfusion measures are highly correlated with each other but

appear poorly correlated with survival. (See Figure 7.)

Univariate survival analysis thus revealed no statistically significant linear relationship

between any of these characteristics and survival. (See Table 19.)

Multivariate analysis was also unable to find a statistically significant model against

survival.

When patients were studied in subgroups by stage, CTP4 average was borderline
statistically significant (HR=0.98, 0.96—1.00 95% Cl, p=0.048). Subgroup analysis by T-

stage was unable to find a statistically significant linear relationship.

4.4.7 Can CT Perfusion Predict SUVmax?

Previous studies have suggested that SUVmax can be predicted using CT perfusion. A
multivariate linear regression model was possible combining CTP4 time to peak, blood
volume and base (p-values 0.005, <0.001 and <0.001 respectively.) However, there was
poor prediction of higher SUVmax with this model showing significant

heteroscedasticity. When the predicted SUVmax was used to predict survival there was a
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statistically significant correlation, but this was weaker than that of SUVmax alone and

was not independent of surgery or stage.

4.4.8 Can CT Perfusion Predict Surgery?

Similarly a statistically significant multivariate model predicting surgery was possible.
However, this model required 5 variables combining CTP4 base, blood volume, blood
flow, mean transit time and tmax, (AIC of 201.75) and although its values were also
statistically significantly correlated with survival (p=0.03) it was not independent of

SUVmax Or stage. The overall accuracy was poor at only 66%.

4.4.9 Can CT Perfusion Predict Nodal Status?
A statistically significant multivariate logistic model of CTP4 base and positive

enhancement integral predicts nodal status with a 72% accuracy.

The prediction score is significantly correlated with survival with (p=0.03) and is
independent of surgery and stage; however it has a poor AUC on ROC analysis of only

64%, and the cut-value behaves poorly in subgroup analysis.

4.4.10 Can CT Perfusion Predict Metastatic Status?
No statistically significant univariate or multivariate logistic model of CT perfusion

biomarkers was able to predict metastases within our dataset.

4.4.11 Can CT Perfusion Predict Survival in Non-Surgical Higher Stage
Disease Treated with Chemotherapy?

Of the 162 NSCLC patients that had CT Perfusion (CTP) analysis performed, 42 patients
(25.9%) had higher stage non-surgical disease treated with chemotherapy.

Univariate analysis of the CT perfusion biomarkers revealed that CTP average, base,
blood flow, mean transit time and tmax were all significantly associated with survival at

p<0.05.

Receiver operating characteristic curve analysis of tmax and survival demonstrated an
AUC of 66% indicating tmax has poor accuracy. A cut-value of tmax < 4.79 is however

significantly correlated with poor survival, (HR=2.43, 1.18-5.01 95%Cl, p=0.016).
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4.4.12 Can CT Perfusion Predict Histological Subtype?

Univariate analysis of the CT perfusion biomarkers reveals statistically significant
relationships between CTP4 average, base and IRF(to) and histological subtype, with
odds ratios of 1.02 (1.01-1.04 95% Cl) p=0.014, 1.05 (1.02-1.08 95%Cl) p=0.002, and
1.23 (1.04-1.55 95%Cl) p=0.038 respectively. These had an AUC on ROC analysis of
62.4%, 65.5% and 57.0% respectively indicating they were poor predictors and are less
than that for TBRiung (67.8%).

A statistically significant multivariate model was found using CTP4 average and IRF(to).
However, this model only predicted SCC with an accuracy of 64.6% and an AUC of 59%

on ROC analysis.
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4.5 Discussion

This study has shown that there is no simple correlation between any of the CT
perfusion metrics and survival, and that although multivariate predictors for SUVmax
and surgery can be created, accuracy is poor and none of these have been shown to
provide significant additional prognostication power over that of staging or that of F-

FDG-derived measures.

The failure of these techniques to provide a statistically significant predictor is
disappointing and contradicts previous studies (97, 128, 130, 140, 200). This may relate
to problems of our analysis and data-acquisition. The software used in this project, CT
Perfusion 4D for lung lesions, is limited to a single arterial input; however, as discussed
in the introductory chapter, lung lesions can have dual arterial supply from the
bronchial and the pulmonary arteries (117, 118, 122, 200, 201). In lesions where such a
dual-arterial supply was present, the biomarkers calculated using a single arterial input
function derived from the aorta could be a poor estimate of the true CT perfusion
biomarkers (119, 121, 148, 200). Several papers propose using the same dual-perfusion
analysis software used for hepatic lesions with regions of interest placed on the
pulmonary artery and on the aorta. This would allow for the bronchial and pulmonary
arterial flow to be estimated and accounted for; however, it would also increase the
number of biomarkers to be estimated leading to increased noise and increased effect
from movement and other error inducing problems. The data from this study is also
not suitable for this analysis as in many cases the pulmonary artery is not within the
scanned volume. Other papers suggest alternative calculation methods, for example,
slope-intercept analysis and simple enhancement differences (143, 202). However, it is
worth noting that only six of the 11 biomarkers provided by CT Perfusion 4D are
dependent on deconvolution using the arterial input function. The remaining 5 are
slope and graph biomarkers and there is a high correlation between 3 of the
deconvolution dependent biomarkers and the non-deconvolution dependent

biomarkers.
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Similarly the software used in this project does not perform breath or motion
correction. Several previous authors have suggested that motion correction would be

helpful; however, this functionality was not available to the authors of this study.

Another potential issue is related to patient selection. The study population is a subset
of the larger ¥F-FDG-PET/CT population, and has the same biases inherent its patient
population due to recruitment factors. The study population is heavily weighted
toward those with lower disease stage and likely operable tumours, with a bias
towards surgically fit patients as compared to the normal population of the lung cancer
patients. These biases mean that the survival of our population of Stage II-IV patients
is likely to be artificially long — especially for the larger tumours. It may also artificially
increase the difference in survival between those treated with surgery versus those
not, as non-surgical treatment may be reflecting worse non-tumoural prognostic
factors, e.g. heart disease, fibrosis, and emphysema. Further, the lower stage means
that the tumours are smaller, and thus more susceptible to partial volume effects,

breath motion and other motion artefacts.

Previous papers have suggested that CT perfusion biomarkers are important for
survival in larger non-surgical tumours (121, 139-141, 203). When the study
population is restricted to these patients, we do find that markers of increased
angiogenesis are correlated with poorer survival. The inability to detect a similar effect
across the whole of our cohort suggests that these features may only be helpful in
larger tumours or may be quantifying a risk that can be determined qualitatively by

expert reviewers.
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4.6 Conclusion

There is no definite clear correlation with CT perfusion biomarkers and survival, and
there is no clear added benefit to CT perfusion over that 8F-FDG based staging and
surgery. In subgroup analysis restricted to the higher stage patients treated with
chemotherapy there are statistically significant correlations between survival and the
CT perfusion biomarkers; however, caution should be taken when interpreting these as
the numbers of patients in this group are small. Importantly we were unable to create
a multivariate linear regression model model to predict SUVmax Using parameters
obtained from CT perfusion suggesting that CT perfusion cannot replace *¥F-FDG

PET/CT imaging.
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4.7 Tables

Gender Overall, Female, Male, ovalue!
N =162 N =67 N =95
Age at Enrolment >0.9
N 162.0 67.0 95.0
Median (IQR) 71.0 (63.0, 75.0) 69.0 (62.5, 77.0) 71.0 (63.0, 75.0)
Range 44.0, 96.0 44.0, 88.0 49.0, 96.0
Radiological Stage 0.7
I 56 (35%) 23 (34%) 33 (35%)
I 29 (18%) 11 (16%) 18 (19%)
n 56 (35%) 26 (39%) 30 (32%)
v 21 (13%) 7 (10%) 14 (15%)
Surgery 76 (47%) 30 (45%) 46 (48%) 0.6
SUVmax 0.7
Median (IQR) 11.8 (7.0, 16.6) 11.5(7.0, 16.3) 12.0(6.9, 16.9)
Range 0.5, 40.0 0.5,33.6 1.4,40.0
CTP4 average 0.2
Median (IQR) 24.0(8.4,39.8) 27.3(10.1, 39.9) 21.7 (8.1,39.2)
Range 0.0,325.1 0.0, 62.0 0.0,325.1
CTP4 base 0.9
Median (IQR) 16.4 (5.7, 27.4) 16.5 (5.4, 27.2) 16.0 (6.0, 27.3)
Range 0.0,94.1 0.0,37.6 0.0,94.1
CTP4 time to peak >0.9
Median (IQR) 37.6 (29.4, 45.9) 37.6 (29.3, 44.2) 37.6 (29.4, 45.9)
Range 2.9,88.3 14.1,69.1 2.9,88.3
CTP4 positive 0.8
enhancement integral
Median (IQR) 0.3(0.2,0.3) 0.3(0.2,0.3) 0.2 (0.2, 0.3)
Range 0.0,4.1 0.0,0.8 0.0,4.1
CTP4 mean slope of 05

increase



Gender Overall, Female, Male, ovalue!
N =162 N =67 N =95

Median (IQR) 4.1(2.8,6.2) 4.2 (2.9,6.5) 4.0(2.8,6.1)
Range 0.9, 40.9 1.3,20.5 0.9, 40.9

CTP4 blood volume >0.9
Median (IQR) 6.6 (4.7, 8.9) 6.6 (4.9, 8.7) 6.8 (4.5,9.2)
Range 0.0, 146.3 0.5,17.3 0.0, 146.3

CTP4 blood flow 0.2
Median (IQR) 74.8 (52.1, 128.3) 69.3 (52.0, 108.5) 80.8 (53.9, 146.3)
Range 0.0, 818.8 5.1,373.9 0.0, 818.8

CTP4 mean transit time 0.057
Median (IQR) 8.2(5.3,9.9) 8.9(5.5,11.1) 7.5 (5.3,9.4)
Range 0.0,25.1 2.1,23.8 0.0, 25.1

CTP4 IRF(to) 0.4
Median (IQR) 0.6 (0.2,1.1) 0.6 (0.2,1.1) 0.5 (0.2, 1.0)
Range 0.0, 16.2 0.0, 8.2 0.0, 16.2

CTP4 tyax 0.081
Median (IQR) 4.8(3.2,6.2) 5.3 (3.6, 6.6) 4.6(3.1,5.7)
Range 0.0, 27.8 1.5,12.0 0.0, 27.8

CTP4 ps 0.2
Median (IQR) 10.5 (6.8, 14.9) 10.9 (7.8, 14.9) 9.7 (5.8, 14.8)
Range 0.0, 281.8 0.6,55.1 0.0, 281.8

IWilcoxon rank sum test; Pearson's Chi-squared test

Table 16: Patient demographics as compared to gender
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Survival HR?! 95% CI* p-value
Radiological Stage
| — —
1] 3.55 1.92,6.57 <0.001
n 4.30 2.50,7.39 <0.001
\Y) 6.61 3.53,12.4 <0.001

1HR = Hazard Ratio, Cl = Confidence Interval

Table 17: Univariate Cox regression of survival versus radiological stage

Multivariate Regression HR?! 95% CI* p-value
Radiological Stage

| J— J—

Il 3.24 1.74,6.04 <0.001

i 3.01 1.70,5.33 <0.001

\Y 3.66 1.85,7.23 <0.001
Surgery

No —_ —

Yes 0.39 0.24,0.63 <0.001

1HR = Hazard Ratio, Cl = Confidence Interval

Table 18: Multivariate Cox regression of survival versus radiological stage and surgical

status
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Univariate Regressions HR?! 95% CI* p-value

CTP4 average 1.00 1.00, 1.01 0.9
CTP4 base 1.01 0.99, 1.02 0.3
CTP4 time to peak 1.00 0.98,1.01 0.7
CTP4 positive enh. integral 0.65 0.35,1.23 0.2
CTP4 mean slope of increase 0.96 0.92,1.01 0.081
CTP4 blood volume 0.99 0.96, 1.01 0.3
CTP4 blood flow 1.00 1.00, 1.00 0.5
CTP4 mean transit time 0.99 0.95, 1.04 0.7
CTP4 irf to 0.95 0.85, 1.06 0.4
CTP4 tMax 0.97 0.91, 1.04 0.4
CTP4 ps 0.99 0.98, 1.00 0.2

1HR = Hazard Ratio, Cl = Confidence Interval

Table 19: Univariate regressions of survival against CT perfusion measurements
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5 Texture Analysis with TexRAD in Lung Cancer

5.1 Abstract
5.1.1 Purpose

To examine the correspondence between CT and PET textural biomarkers and survival

in NSCLC.

5.1.2 Methods
484 patients with suspected lung cancer were recruited in to the study. Only patients
who had 8F-FDG-PET/CTs, were diagnosed with NSCLC lung cancer and where TexRAD

extraction was possible were included.

Histology and stage were noted, CT and PET textural features were extracted using

TexRAD software.

Kaplan-Meier and Cox proportional hazard survival analysis was performed.
Adjustments for multiple comparisons were made, as per Benjamini and Hochberg as

appropriate. Analysis was performed using R.

5.1.3 Findings

5.1.3.1 Patient Demographics

Of the 484 patients in the study, 475 had ‘8F-FDG-PET/CTs. Of these, 293 were
determined to have NSCLC and 133 were determined to be benign. 290 of these NSCLC

patients had successful extraction of TexRAD features.

Of these 290 NSCLC patients 161 were male and 129 were female. The median survival

was 901 days (710-1082 days 95% Cl).

5.1.3.2 Individual TexRAD Biomarkers at Median Cut-Point Across the
Whole Cohort

Univariate analysis of the whole dataset reveals 29 biomarkers that when cut at the
median point are statistically correlated with survival in univariate analysis at p<0.05

when adjusted for multiple comparisons as per Benjamini and Hochberg. However,

92



none of these cut-points remain statistically significant when compared with surgery
and staging.

5.1.3.3 Individual TexRAD Biomarkers at Optimal Cut-point for Stage |
Across the Whole Cohort

Univariate analysis of the whole dataset reveals 34 biomarkers that when cut at the
optimal cut-off point for stage | are statistically correlated with survival in univariate

analysis at p<0.05 when adjusted for multiple comparisons, as per Benjamini and

Hochberg. 11 of these remain statistically significant when combined with surgery and

staging.
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5.2 Introduction

Although contrast-enhanced CT and 8F-FDG-PET/CT are established in the diagnosis,
staging and thence prognostication of non-small cell lung cancer (NSCLC) there has
been considerable interest in the application of imaging analysis techniques to further
improve prognostication through the recognition of and quantification of features
associated with adverse biological characteristics, or potentially directly associated
with worsened prognosis. Intratumoural necrosis, haemorrhage and myxoid change are
all known to cause low attenuation on CT and low '8F-FDG uptake, whereas hypoxia is

known to be associated with high 8F-FDG uptake.

Texture analysis methods may provide a mechanism for detecting tumours that contain
such areas of low attenuation or altered uptake through the recognition and
quantification of variations of intensity within pulmonary lesions. The biomarkers
extracted would then be correlated with these already recognised biological risk factors
and could hence provide an additional risk stratification method for the

prognostication of NSCLC.

There are multiple methods for texture analysis, however, in this chapter we will use
TexRAD (Feedback Medical Ltd., https://fbkmed.com/texrad-landing-2/,
London/Cambridge, UK), a proprietary clinical-research texture analysis software
platform. Texture biomarkers derived from the filtration-histogram and statistical
approach used in TexRAD have been shown to be correlated with survival, response
and histology in a number of cancers and have been shown to correlate with 8F-FDG-

PET SUVmax and CT perfusion biomarkers (150, 161, 161, 161, 168-183).

The aim of this study is therefore to assess if there is a statistically significant
relationship between biomarkers derived from TexRAD and survival and histological

subtype in NSCLC in the dataset.
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5.3 Materials and Methods
5.3.1 Patient Population

TThe population of patients is as described in detail in Section 2.2 and Section 2.8.
There were a total of 290 patients with non-small cell cancer (NSCLC) who had TexRAD

analysis and 8F-FDG-PET/CT imaging.

5.3.2 ¥F-FDG-PET/CT Imaging Protocol

The imaging protocol is described in detail in Section 2.3.

5.3.3 ¥F-FDG-PET/CT Image Analysis
The 8F-FDG-PET/CT image analysis protocol is described in detail in Section 2.4.

5.3.4 TexRAD Image Analysis

The TexRAD analysis protocol is described in detail in Section 2.4.

5.3.5 Statistics and Data Analysis

Statistical and data analysis is described in detail in Section 2.13.

95



5.4 Findings

5.4.1 Individual TexRAD Biomarkers at Median Cut-Point Across the
Whole Cohort

Univariate analysis of the whole dataset reveals 29 biomarkers that, when cut at the
median point are significant correlated with survival in univariate analysis with p<0.05
when adjusted for multiple comparisons as per Benjamini and Hochberg. (See Table
20.) However, none of these cut-points remain statistically significant when combined

with Surgery and Staging in multivariate analysis.

5.4.2 Individual TexRAD Biomarkers at Optimal Cut-Point for Stage |
Across the Whole Cohort

When looking at our patient cohort, we note that the largest subgroup of patients are
Stage | patients. We therefore performed a maximal logrank survival test against each
of the biomarkers for the Stage | patients. We then performed univariate analysis of

the whole dataset for these biomarkers at this optimal cut-point.

This univariate analysis of the whole dataset reveals 34 biomarkers which are
statistically correlated with survival at p<0.05 when adjusted for multiple comparisons
as per Benjamini and Hochberg. (See Table 21.) We then performed multivariate
survival analysis against surgery and survival for these biomarkers revealing eight of
these remain statistically significant when combined with surgery and staging, with a

decrease in the Akaike Information Criterion (AIC) of more than two. (See Table 22.)

5.4.3 Training and Testing Cohort Analysis
Following random sampling the patient cohort was divided into two approximately

equal groups. (145 training and 147 testing).

Out of 145 patients in the training cohort, 103 died, with a median survival of 888 days
(621-1102 days 95% Cl). Statistical analysis reveals that CT entropy and CT kurtosis at
various spatial scale filters are significant predictors of overall survival. In particular, at
the fine texture scale (SSF=2mm), median cut-offs (derived from the whole population)
for CT entropy (entropy_ct_ssf 2 >5.19) and kurtosis (kurtosis_ct_ssf 2 >0.42) and at

the medium texture scale (SSF=3mm), median cut-off for kurtosis (kurtosis_ct_ssf_3 >
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0.42) identified patients with poor prognosis (p = 0.008, 0.011 and 0.011 respectively).
A high CT kurtosis value without filtration (SSF=0) also identified patients with poor
prognosis (kurtosis_ct_ssf_020.12, p=0.008) as did high *¥F-FDG-PET entropy without
filtration (entropy_pet_ssf 0> 4.55, p=0.001).

The testing cohort consisted of 147 patients, 104 of whom died, with a median survival
of 901 days (656—1474 days 95% Cl). Of the above significant markers in the training
cohort, only CT entropy at fine texture scale (entropy_ct_ssf 2 >5.19, HR 2.5, 1.7-3.7
95% Cl, p<0.001,

Strata =+ entropy ct ssf 2< 519 == entropy ct ssf 225.19
Training I | Validation
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Figure 8), CT kurtosis at medium texture scale (kurtosis_ct_ssf_3>0.42, HR 2.0, 1.3-3.0
95% Cl, p=0.002, Figure 9) and ¥F-FDG-PET entropy without filtration
(entropy_pet_ssf_0>4.55, HR 2.1, 1.4-3.2 95% Cl, p<0.001,
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Figure 10) remained significant.

A multivariate Cox regression model comprising of the above three significant and
validated markers along with their interactions demonstrated that CT entropy at fine
texture (entropy_ct_ssf 2 >5.19) is the only independent predictor of survival
(p<0.001). This is significant in combination with Stage but it does not remain

significant in combination with surgery and staging.

5.4.4 Correlation Between TexRAD Biomarkers

A simple correlation plot reveals that there is considerable correlation between the
entropy biomarkers at all SSF levels and there is some correlation between ¥F-FDG PET
and CT image derived entropy. Mean and standard deviation biomarkers are well
correlated and this is likely to represent the effect of intensity magnitude on standard
deviation. Within the '8F-FDG PET derived biomarkers, there is good to excellent

correlation between kurtosis and skewness across SSF levels. (See
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5.5 Discussion

This study has shown that multiple CT and PET textural features are statistically
significantly related to survival, and in particular CT entropy at fine texture (SSF=2mm)
is statistically significantly related to survival when combined with surgery and staging,
and remains statistically significant when the whole treatment group is split into

training and validation sets.

Entropy is a measure of tumour heterogeneity which is a recognized feature of
malignancy. Malignant tumours contain areas of necrosis, high cell density,
haemorrhage, scarring and myxoid change (62, 204, 205). It is not hard to see that
these areas will have differing tissue densities and thus CT attenuation, and similarly,
differing 8F-FDG uptake. Thus this biological heterogeneity can be reflected in imaging
as image heterogeneity and image texture. However, it should be recognised that
normal tissues also display a degree of heterogeneity, and thus the relationships
between heterogeneity, diagnosis and survival can be complex. A potential method to
help differentiate between abnormal and pathological heterogeneity, versus the
normal heterogeneity that would be expected, is through recognition that the scales
on which normal and abnormal heterogeneity are apparent can differ. TexRAD uses
image filtration with Laplacian of Gaussian filters which highlight textural features at
different scales and we have found that the filtration fine and medium textural features
most strongly correlate with survival. However, our study has also shown that CT

entropy is relatively strongly correlated with itself at different texture scales.

Many biomarkers derived from texture analysis provide some measurement of
heterogeneity: entropy is a intensity magnitude independent measure of heterogeneity
and is related to the average uncertainty in the intensity across the ROI. CT entropy
appears to be poorly correlated with standard deviation (a different measure of
heterogeneity) and most mean biomarkers — but there is a weak correlation between
these biomarkers and unfiltered mean. This correlation may reflect the way that whilst
the Laplacian of Gaussian filter highlights features at some frequencies, it blurs
features at others. This blurring involves pushing the intensity closer to the mean

intensity for those non-highlighted frequencies.
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The finding that entropy_ct_ssf_2 > 4.81 remains statistically significant in a combined
model with staging and surgical status across the whole dataset suggests that TexRAD
can be used to provide additional stratification over that of staging and surgical status
alone. The technique for ROI selection used in the study is quick and simple, many
other studies have relied on segmenting the whole tumour often using a separate
diagnostic CT. In this study, the ROl was chosen from a single slice at the level of the
SUVmax. This was further coupled with CT thresholding, allowing one to draw more
generous borders around tumours centred within the lung but still resulting in the
same ROI. These techniques makes ROl segmentation quicker, more repeatable and

easier.

A limitation of our study is the relative small number of patients and the biases
inherent its patient population due to recruitment factors. The study population is
heavily weighted toward those with lower disease stage and likely operable tumours,
with a bias towards surgically fit patients as compared to the normal population of
patients with lung cancer. These biases mean that the survival of our population of
Stage II-1V patients is likely to be artificially large — especially for the larger tumours. It
may also artificially increase the difference in survival between those treated with
surgery versus those not, as non-surgical treatment may be reflecting worse non-
tumoural prognostic factors, e.g. heart disease, fibrosis, and emphysema. Further, the
lower stage means that the tumours are smaller, and thus more susceptible to partial
volume effects, breath motion and other motion artefacts. The small number of
patients means that we cannot check if the proposed cut off remains statistically
significant when combined to full staging (i.e. Stage Ia, Ib, Ic, lla etc. vs Stage |, II, lll and
IV). Similarly, the biases within the dataset mean that there are likely other significant
markers that have been hidden by the significant survival benefit from the surgery.
These factors mean that the discovery that entropy_ct_ssf 2 >4.81 is still a significant
predictor of worse survival even in combination with surgery and staging is more

significant.
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5.6 Conclusion

Multiple CT and PET textural features are statistically significantly related to survival
and in particular CT entropy at fine texture (SSF=2mm) is statistically significantly
related to survival when combined with surgery and staging, and remains statistically

significant when the whole treatment group is split into training and validation sets.
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5.7 Tables

Characteristic

HR (CI)t

p-value

adjusted
p-value

entropy_pet_ssf_2 <4.55
entropy_pet_ssf_4 <4.555
entropy_pet_ssf_6<4.55
entropy_pet_ssf_0 < 4.555
entropy_pet_ssf_3<4.55
entropy_pet_ssf_5<4.56
entropy_ct_ssf 2 <5.195
entropy_ct_ssf 5<4.92
kurtosis_ct_ssf_3<0.43
entropy_ct_ssf 6<4.88
entropy_ct_ssf_3 <5.055
entropy_ct_ssf 0<4.52
kurtosis_ct_ssf_5<-0.135
entropy_ct_ssf_4<4.99
kurtosis_ct_ssf_6 <-0.3
mean_ct_ssf 0<18.13
kurtosis_ct_ssf 4 <0.065
kurtosis_ct_ssf_0<0.12
sd_pet_ssf 0<7378.315
skewness_pet_ssf 5<1.58
kurtosis_ct_ssf_2 <0.435
mean_pet_ssf_6 < 875.095
kurtosis_pet_ssf_0<0.715
skewness_pet_ssf 6<1.535
mean_ct_ssf_ 4<1.89
skewness_pet_ssf 4 <1.66
mean_pet_ssf_5<488.73

skewness_pet_ssf 2 <1.635

0.51(0.38 to 0.67)
0.50 (0.38 to 0.66)
0.51 (0.38 to 0.67)
0.50 (0.38 to 0.66)
0.50 (0.38 to 0.66)
0.51 (0.38 to 0.67)
0.51 (0.39 to 0.68)
0.57 (0.43 to 0.75)
0.57 (0.43 to 0.75)
0.57 (0.43 to 0.76)
0.58 (0.44 to 0.76)
0.59 (0.45 to 0.78)
0.62 (0.47 to 0.82)
0.62 (0.47 to 0.82)
0.63 (0.48 to 0.83)
0.64 (0.48 to 0.84)
0.64 (0.48 to 0.84)
0.65 (0.49 to 0.85)
0.65 (0.49 to 0.85)
1.52 (1.15 to 2.01)
0.67 (0.51 to 0.88)
1.49 (1.13 to 1.96)
1.46 (1.11 to 1.93)
1.45 (1.10 to 1.91)
1.44 (1.09 to 1.89)
1.42 (1.08 to 1.88)
1.39 (1.06 to 1.84)

1.39 (1.05 to 1.82)

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

0.001

0.001

0.001

0.002

0.002

0.003

0.004

0.005

0.007

0.008

0.010

0.012

0.019

0.020

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
0.001
0.004
0.004
0.005
0.005
0.005
0.007
0.007
0.010
0.014
0.016
0.021
0.025
0.029
0.033
0.049

0.050
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skewness_pet_ssf 3<1.68 1.39 (1.05 to 1.83) 0.019 0.050

1HR = Hazard Ratio, Cl = Confidence Interval

Table 20: TexRAD biomarkers in univariate analysis against survival with median cut-off
with p<0.05 as adjusted by Benjamini and Hochberg
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Characteristic

HR (CI)!

p-value

adjusted
p-value

entropy_ct_ssf 2 <4.81
entropy_ct_ssf_3<4.86
entropy_pet_ssf_2<4.16
entropy_pet_ssf_ 4<4.16
entropy_pet_ssf_6<4.16
entropy_pet_ssf_ 0<4.16
entropy_pet_ssf 3<4.16
entropy_pet_ssf_5<4.16
entropy_ct_ssf 4<4.78
entropy_ct_ssf 0<4.36
entropy_ct_ssf_6<4.69
entropy_ct_ssf 5<4.76
kurtosis_ct_ssf_2 <0.88
kurtosis_ct_ssf_3 <0.07
sd_pet_ssf_0<2565.16
mean_ct_ssf 0<17.9
skewness_pet_ssf 0<2
kurtosis_ct_ssf_0<-0.98
mpp_ct_ssf_2 <65.86
mean_ct_ssf_2<9.7
mean_ct_ssf_3<10.71
sd_pet_ssf_6<7538.82
mpp_pet_ssf 5<5947.88
mean_pet_ssf 4 <335.13
sd_pet_ssf 4<6124.9
sd_pet_ssf 5<7157.2

mpp_pet_ssf_6<7096.73

0.37 (0.26 to 0.53)
0.41(0.29 to 0.56)
0.42 (0.30 to 0.58)
0.42 (0.30 to 0.58)
0.42 (0.30 to 0.58)
0.42 (0.30 to 0.58)
0.42 (0.30 to 0.58)
0.42 (0.30 to 0.58)
0.43 (0.31 to 0.59)
0.43 (0.31 to 0.60)
0.46 (0.34 t0 0.62)
0.49 (0.36 to 0.67)
0.57 (0.43 to 0.76)
0.58 (0.44 to 0.78)
0.25 (0.09 to 0.66)
0.61 (0.46 to 0.81)
2.05 (1.29 to 3.25)
0.30(0.12 t0 0.72)
1.91 (1.25 to 2.93)
2.97 (1.32 t0 6.71)
2.29 (1.24 to 4.20)
0.36 (0.16 to 0.82)
0.37 (0.16 to 0.84)
1.48 (1.11 to 1.98)
0.46 (0.24 to 0.87)
0.40 (0.19 to 0.86)

0.42 (0.21 to 0.86)

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

0.001

0.001

0.002

0.003

0.004

0.005

0.007

0.007

0.007

0.007

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
0.002
0.002
0.003
0.004
0.005
0.006
0.009
0.012
0.016
0.019
0.019
0.019

0.019
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adjusted

Characteristic HR (CI)* p-value p-value

sd_ct_ssf_2<88.19 1.93 (1.12 to 3.33) 0.009 0.023
mean_pet_ssf 0<6871.69 0.57 (0.36 to 0.90) 0.009 0.023
mpp_pet_ssf 0<6871.69 0.57 (0.36 to 0.90) 0.009 0.023
mpp_ct_ssf_3 <34.58 1.45 (1.09 to 1.93) 0.014 0.032
mean_pet_ssf 6 <1259.75 1.46 (1.06 to 1.99) 0.016 0.036
mean_pet_ssf 3 <168.1 1.41 (1.06 to 1.88) 0.018 0.039
mean_pet_ssf_5 < 368.53 1.40 (1.06 to 1.85) 0.018 0.039

1HR = Hazard Ratio, Cl = Confidence Interval

Table 21: TexRAD biomarkers in univariate analysis against survival with optimal cut-off
in radiological stage | with p<0.05 as adjusted by Benjamini and Hochberg

Coefficient Coefficient

Characteristic HR (CI)! o-value AIC? AAIC3

entropy_ct_ssf 2<4.81 0.60 (0.40 to 0.91) 0.016 1,914.59 -4.09
kurtosis_ct_ssf 2 <0.88 0.71 (0.53 to 0.95) 0.022 1,915.55 -3.13
entropy_pet_ssf 2<4.16 0.67 (0.46 to 0.97) 0.032 1,915.89 -2.79
entropy_pet_ssf 4<4.16 0.67 (0.46 to 0.97) 0.032 1,915.89 -2.79
entropy_pet_ssf 6<4.16 0.67 (0.46 to 0.97) 0.032 1,915.89 -2.79
entropy_pet_ssf 0<4.16 0.67 (0.46 to 0.97) 0.032 1,915.89 -2.79
entropy_pet_ssf 3<4.16 0.67 (0.46 to 0.97) 0.032 1,915.89 -2.79
entropy_pet_ssf 5<4.16 0.67 (0.46 to 0.97) 0.032 1,915.89 -2.79

1HR = Hazard Ratio, Cl = Confidence Interval for the coefficient of the characteristic in the multivariate model

2AIC = Akaike Information Criterion for the multivariate model

2AAIC = The difference in the Akaike Information Criterion for the multivariate model as compared to the
multivariate model consisting of Surgical status and Stage which has an AIC of 1918.68

Table 22: Statistically significant multivariate models versus survival with cut-offs as
above
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Variables in the Equation

HR Cl p-value
(final-step)
entropy_ct_ssf 2 >5.19 2.5 1.7t0 3.7 <0.001
Variables not in the Equation Score df p-value
(final-step)
kurtosis_ct_ssf_3>0.42 2.900 1 0.083
entropy_pet_ssf_02>4.55 2.976 1 0.085
entropy_ct_ssf 2 >5.19 * kurtosis_ct_ssf_3>0.42 0.002 1 0.964
entropy_ct_ssf 2 >5.19 * entropy_pet_ssf_0>4.55 1.634 1 0.201
0.480 1 0.488

entropy_pet_ssf_0 > 4.55 * kurtosis_ct_ssf_3>0.42

Table 23: Multivariate step-wise (Forward-Wald) Cox regression analysis comprising of
significant and validated CTTA (entropy at fine-texture and kurtosis at medium-texture)
and PETTA (entropy without filtration) along with their interaction. HR = hazard ratio,

df - degrees of freedom, * - interaction between the two variables
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5.8 Figures
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Figure 8: Survival analysis for entropy_ct_ssf 2 in training, p=0.008 & validation, p=<0.001 cohorts
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Figure 9: Survival analysis for kurtosis_ct_ssf 3 in training, p=0.012 & validation, p=0.002 cohorts
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Figure 10: Survival analysis for entropy_pet_ssf 0 in training, p=0.001 & validation, p<0.001 cohorts
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6 Correlation Between Immunohistochemistry and
Mutation and Imaging Biomarkers

6.1 Abstract
6.1.1 Purpose

To examine the association between imaging biomarker biomarkers and

immunohistochemistry and mutation analysis in NSCLC.

6.1.2 Methods
484 patients with suspected lung cancer were recruited to the study. In this part of the
investigation, we only selected patients with NSCLC who underwent surgery and had

tissue data for analysis.

Histology and Stage were noted and '8F-FDG-PET/CT, textural analysis and CT perfusion

biomarkers were analysed.

Kaplan-Meier and Cox proportional hazard survival analysis was performed. Univariate

and multivariate analysis was performed using R and SPSS.

6.1.3 Results
Of the 484 patients, immunohistochemistry results were available for 147 patients and

genomic analysis was available for 96 patients.

The most significant result was moderate correlation between the SUV biomarkers and
GLUT1 (e.g. SUVmax r=0.441, p<0.001). There was a significant weak correlation
between SUV biomarkers (e.g. SUVpeak r=0.318, p=0.026), some textural biomarkers
(e.g. kurtosis_ct_ssf 3 r=0.356, p=0.012) and CD105.

A significant moderate correlation was demonstrated between Inflammation and CTP4
mean slope of increase (r=-0.442, p=0.021) with a few other weaker correlations with
textural biomarkers. HIF-1a demonstrated significant weak correlations between CTP4
time-to-peak (r=-0.312, p=0.023) and entropy_pet_ssf 3 (r=0.344, p=0.015) amongst
others. PIK3CA mutation similarly demonstrated significant weak correlations between

CTP4 average (r=-0.358, p=0.008) and kurtosis_ct_ssf 4 (r=-0.263, p=0.010).
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Multivariate analysis showed that entropy_ct_ssf 2 coupled with SUV biomarkers

stratifies survival when there are mutations present.

6.1.4 Conclusion

The findings suggest that there are complex relationships between the imaging
biomarkers and the pathological markers, however, they are interesting and suggest
targetted studies with a larger population may be successful in demonstrating

multivariate predictors.
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6.2 Introduction

Lung cancers are classified histopathologically by cellular and molecular subtypes using
the 2021 World Health Organization (WHO) classification system (15). The three main
subtypes of non-small cell lung cancer are: adenocarcinoma (40%), squamous-cell
carcinoma (25%) and large cell carcinoma (10%). Subtypes are determined using
cytology and immunohistochemistry staining, with immunohistochemistry staining

playing a pivotal role in most classifications (9, 15).

Immunohistochemical staining, however, is not limited to subtype classification, as
assays can be used to detect pharmaceutical targetable mutations or evaluate the
cellular localisation and the context of tumour structures. These assays can then inform
prognosis and treatment. Nevertheless, not all mutations can be detected reliably
through staining, and molecular testing with mutation analysis sequencing may be

required.

The most common mutations in non-small cell lung cancer have been shown to be
EGFR, KRAS and FGFR1 however expression of mutations differs by subtype (206-208).
Whilst not all mutations have targeted therapy, several mutations do have and
therefore guidelines exist for the molecular testing of lung cancers (207, 208). These
guidelines suggest a molecular testing approach that is supported by studies in to
tyrosine-kinase inhibitor effectiveness and immunomodulator effectiveness. This of
course means that mutations which are associated with poor prognosis but do not
have effective targetted treatments are not recommended by this guideline and as a
result these guidelines make no recommendation for mutation analysis of squamous
cell carcinomas. It also means that mutations are not analysed when the treatments

have not shown to be effective.

The lack of a current effective treatment does not imply that there will never be an
effective treatment. Nor does it imply that treatments could not be effective in subsets
of patients, or become effective if other treatments change. Thus highly targeted
guidelines to only test for markers with effective treatments may prevent recognition

of subsets of patients in whom treatments would be or could be effective. Meanwhile,
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these tests are expensive and require acquisition of tissues, most often from biopsies,
and if they do not provide benefit for the patients themselves it is questionable if they

should be performed.

Mutation analysis and immunohistochemical staining can only be performed on a small
sample of the tumour, either from a biopsy or from whole resected sample. Tumour
heterogeneity raises questions about the generalisability of the results from these
samples (209-211), and it should also be noted that there is a risk of biopsy tract

metastasis (212).

In the midst of this diagnostic dilemma, it is reasonable to ask if there would be a way
in which mutations could be detected without the need for biopsy and expensive

immunohistochemical marking and mutation analysis.

Further, if these mutations are associated with prognosis, it would be reasonable to
investigate whether they cause structural changes that could be assessed on imaging:
indeed, such changes may perhaps be expected. If there exists a characteristic
signature that would suggest specific mutations or collections of mutations, that would
allow one to target additional mutation analysis to these patients. In fact, several
studies have suggested that relationships like this do appear; however, repeatability of

these studies appears poor (211, 213-216).

In this chapter, the following immunohistochemical biomarkers were assessed:
Inflammation, CA-IX (hypoxia), CD105 (vasculature), GLUT1 (glucose
metabolism/hypoxia), HIF-1a (hypoxia), MCM2 (genetic stability), and VEGF
(vasculature). The following tumour promoting oncogenes were also assessed: BRAF,

EGFR, HER2, KRAS, and PI3KCA.

6.2.1 Inflammation

A tumour’s micro-environment plays an important role in tumour growth, invasion and
metastasis. In particular, a close relationship has been shown between inflammation
and lung cancer, and some reports suggest intervention in the inflammatory micro-

environment can reduce the development of lung cancer (217-219).
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6.2.2 CA-IX

Carbonic anhydrase IX (CA-IX) is a surface-expressed enzyme upregulated by hypoxia
during tumour development and progression. The enzyme catalyses the hydration of
cell-generated carbon dioxide into hydrogen and bicarbonate ions. This helps tumour

cells to survive hypoxia (220).

6.2.3 CD105

CD105, also known as endoglin, is a cell-surface glycoprotein, involved in the
development of blood vessels and represents a specific neovascularization marker
indicating proliferation of human endothelial cells. It is a receptor for transforming
growth factor TGF-B1 and TGF-B3, modulating TGF-B signalling by interacting with TGF-
BR-l and/or -1 (187, 221-223).

6.2.4 GLUT1

Although there are multiple types of transmembrane glucose transporters, the type-1
transporter (GLUT1) is the main glucose transporter implicated in lung cancer. Its
overexpression has been associated with poor prognosis and is thought to help
promote glycolysis, especially that associated with the Warburg effect, thence promote

tumourigenesis and progression (224).

6.2.5 HIF-1a

Hypoxia-inducible factor (HIF)-1 is a transcription factor consisting of two subunits: a
and B. The HIF-1a subunit is rapidly degraded in the presence of Oxygen and thus acts
as the regulatory subunit. HIF-1 causes the transcription of a number of genes
including Erythropoietin, CA-IX and GLUT-1. HIF-1a has been found to be widely
expressed in solid tumours and associated with both improved and worsened

prognosis (225-227).

6.2.6 MCM2

MCM?2 is a member of the minichromosome maintenance protein family. These
proteins are essential components for DNA replication regulating transcription,
chromatin remodelling and checkpoint responses. Various studies have shown that

MCM proteins can act as markers of dysplasia and malignancy, and be prognostic
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markers. In particular increased MCM2 expression has previously been shown to be

associated with an increased risk of death in lung cancer (228-230).

6.2.7 VEGF

Vascular Endothelial Growth Factor (VEGF) plays a central role in angiogenesis and
promotes endothelial cell proliferation, migration and invasion. Additionally, it
increases vascular permeability and extravasation, and some evidence suggests that it
can directly induce tumour cell growth and metastasis alongside that of the
angiogenesis effect (231, 232). Overexpression and high serum levels of VEGF have
been reported in lung cancer and are associated with poor prognosis. However,
although drugs targeting VEGF and its receptors have been approved, these have only

shown modest improvements in survival (232).

6.2.8 BRAF

The BRAF (B-Rapidly Accelerated Fibrosarcoma) gene is on chromosome 7 and encodes
for the B-Raf (B-Rapidly Accelerated Fibrosarcoma) protein. The B-Raf protein is a
member of the Raf (Rapidly Accelerated Fibrosarcoma) kinase family of growth signal
transduction protein kinases and plays a role in regulating the MAPK/ERKs (Mitogen-
activated Protein Kinase/Extracellular signal-related Protein Kinase) signalling pathway.
Thus, it regulates cell division, differentiation and secretion. Mutations in this gene can
lead to permanent activation or upregulated activation of the protein and hence
unregulated cell growth and division. Mutations in BRAF have been widely observed

across multiple cancers but has been seen in up to 3% of lung cancer (14, 210, 233).

6.2.9 EGFR

The EGFR gene is also on chromosome 7 and encodes for the epidermal growth factor
receptor (EGFR) protein. This protein is a transmembrane protein acting as a receptor
tyrosine-kinase for members of the epidermal growth factor family of ligands. When
activated, EGFR causes activation of a number of signalling cascades including the
MAPK/ERKs pathway and the PI3K/AKT (Phosphatidylinositol 3-Kinase/Ak strain
transforming also known as Protein kinase B) pathway. Mutations within the gene can

lead to permanent activation of the receptor and hence unregulated growth driven by
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multiple cascades. In lung cancer, patients with EGFR mutations may benefit from

treatment with EGFR antagonists such as erlotinib or gefitinib (14, 207, 208).

6.2.10 HER2

The HER2 (Human Epidermal Growth Factor Receptor 2) gene on chromosome 17
similarly encodes for a transmembrane receptor tyrosine-kinase, this receptor binds
epidermal growth factor ligands and activates a number signalling cascades. Mutations
within the gene can similarly lead to permanent activation of the receptor and
upregulation of the downstream signalling pathways. Although HER2 mutations are
most commonly associated with breast cancer and treatments have been approved

there, HER2 mutations has been reported in up to 4% lung cancer cases (210, 233).

6.2.11 KRAS

The KRAS (Kirsten Rat Sarcoma Virus) gene encodes for the K-Ras (Kirsten Rat
Sarcoma Virus) protein, which is a part of the RAS/MAPK (Rat Sarcoma Virus
protein/Mitogen-activated protein kinase) signalling pathway. Mutations within the
gene can lead to permanent activation of the protein and hence unregulated growth
driven by this pathway. In lung cancer, mutations in KRAS and EGFR are generally
mutually exclusive and so a mutation in KRAS predicts poor response to EGFR

antagonists such as erlotinib or gefitinib (14, 208, 233).

6.2.12 PIBKCA

The PIK3CA (Phosphatidylinositol-4,5-bisphosphate 3-kinase catalytic subunit
alpha) gene on chromosome 3 encodes for a catalytic subunit of the
Phosphatidylinositol 3-kinase (PI3K) protein. A mutation in PIK3CA that causes
permanent or increased activation of the catalytic protein will lead to upregulated and
unregulated signalling on the PI3K/Akt pathway, leading to increased cellular
proliferation and survival. Mutations in this gene have been found in around 4% of lung
cancer cases, and can co-occur with mutations in EGFR and KRAS amongst others (15,

206-208, 210, 216).

The aim of this study is therefore to assess if there are statistically significant

relationships, and the strength of these relationships, between imaging biomarkers and
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selected immunohistochemical markers and mutations in NSCLC in the dataset.
Multivariate survival analysis was performed with mutation status and imaging

biomarkers to suggest prognostic associations with tissue biomarkers.
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6.3 Materials and Methods
6.3.1 Patient Population

The population of patients is as described in detail in Section 2.2 and Section 2.10.

6.3.2 ¥F-FDG-PET/CT Imaging Protocol
The 8F-FDG-PET/CT imaging protocol is described in detail in Section 2.3.

6.3.3 ¥F-FDG-PET/CT Image Analysis
The 8F-FDG-PET/CT image analysis protocol is described in detail in Section 2.4.

6.3.4 Textural Analysis

The TexRAD image analysis protocol is described in detail in Section 2.9.

6.3.5 CT Perfusion Imaging Protocol

The CT perfusion imaging protocol is described in detail in Section 2.6.

6.3.6 CT Perfusion Image Analysis

The CT perfusion image analysis protocol is described in detail in Section 2.7.

6.3.7 Immunohistochemistry

The immunohistochemistry protocol is described in detail in Section 2.11.

6.3.8 Mutation Analysis

The mutation analysis protocol is described in detail in Section 2.12.

6.3.9 Statistical Analysis

Statistical and data analysis is described in detail in Section 2.13.
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6.4 Results

6.4.1 Patient Demographics
Of the 484 patients, 475 patients had 8F-FDG-PET/CT imaging and a total of 293

patients were determined to have NSCLC, (133 were determined to benign.)

Of these 293 patients 147 went on to have surgery and 96 of these patients went on to
have successful mutation analysis performed. 54 of these patients were male and 42
were female. The median age at enrolment was 68 years (interquartile range 61-74
years). 58 (60%) of these patients were Stage |, 16 (17%) Stage I, 19 (20%) Stage Ill and
3 (3.1%) Stage IV.

SUVmax, SUVpeak, and TBRiung Were all statistically significantly different between male
and female patients which may relate to the statistically significant higher rates of
Squamous-cell carcinoma (SCC) within the male group. (21 male patients (39%) versus

8 female patients (19%), p=0.036). (See Table 24.)

6.4.2 Inflammation

Of the 90 biomarkers looked at, four were statistically significantly correlated with
Inflammation at p<0.05 with 2 at p<0.01. CTP4 mean slope of increase was negatively
correlated with Inflammation (r=-0.442, p=0.021) and sd_ct_ssf 0 was statistically
correlated with Inflammation (r=0.361, p=0.007). (See Table 25, Figure 12 and 13.)

6.4.3 CA-IX
There were 4 biomarkers that were statistically significantly correlated with CA-IX
expression at p<0.05. The most significant result was a negative correlation with CTP4

PS (r=-0.350, p=0.01). (See Table 26, Figure 12 and 13.)

6.4.4 CD105
There were 12 biomarkers that were statistically significantly correlated with CD105
expression at p<0.05. kurtosis_ct_ssf 3 was the most significant correlation (r=0.356,

p=0.012). (See Table 27, Figure 12 and 13.)
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6.4.5 GLUT1

Thirty biomarkers were statistically significantly correlated with GLUT1 expression at
p<0.05 with 15 of these at p<0.001. (See Table 29, Figure 12 and 13.) All of the SUV
measures and TBRung demonstrated moderate (0.400 < r < 0.600) positive correlations
with GLUT1 expression and there were weak (0.200 < r < 0.400) positive correlations

with the textural entropy measures.

6.4.6 HIF-1a

Nine biomarkers were statistically significantly correlated with HIF-1a expression at
p<0.05. (See Table 28, Figure 12 and 13.) Of these, the most significant was a negative
correlation with CTP4 time to peak (r=-0.312, p=0.023).

6.4.7 MCM2

Twelve biomarkers were statistically significantly correlated with MCM2 expression at
p<0.05 with five at p<0.001. (See Table 30, Figure 12 and 13.) Of these, the most
significant was a moderate correlation with SUVmin (r=0.403, p<0.0.1) but there were

significant correlations with the other SUV biomarkers.

6.4.8 VEGF

There were no statistically significant correlations with VEGF expression.

6.4.9 BRAF
Ten biomarkers were statistically significant correlated with BRAF mutations at
p<0.05.(See Table 31, Figure 12 and 13.) There were negative correlations with textural

entropy scores: the most significant was entropy_ct_ssf 2 (r=-0.220, p=0.032).

6.4.10 EGFR

Twenty biomarkers were statistically significant correlated with EGFR mutations at
p<0.05.(See Table 32, Figure 12 and 13.) The were most significant were negative
correlations with textural kurtosis_ct_ssf 2 (r=-0.293, p=0.004), kurtosis_pet_ssf 5 (r=-
0.293, p=0.004) and kurtosis_pet_ssf 6 (r=-0.289, p=0.004).
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6.4.11 HER2

Three biomarkers were statistically significant correlated with HER2 mutations at
p<0.05. (See Table 33, Figure 12 and 13.) There were negative correlations with textural
skewness_ct_ssf_4 (r=-0.216, p=0.034), skewness_ct_ssf_3 (r=-0.256, p=0.012) and
skewness_pet_ssf 0 (r=-0.209, p=0.041).

6.4.12 KRAS

Four biomarkers were statistically significant correlated with KRAS mutations at
p<0.05.(See Table 34, Figure 12 and 13.) There were negative correlations with textural
skewness_pet_ssf 3 (r=-0.205, p=0.045), kurtosis_pet_ssf 2 (r=-0.240, p=0.018),
kurtosis_pet_ssf_4 (r=-0.222, p=0.029) and kurtosis_pet_ssf 3 (r=-0.245, p=0.016).

6.4.13 PI3KCA
Six biomarkers were statistically significant correlated with PI3KCA mutations at p<0.05.
(See Table 35, Figure 12 and 13.) The most significant was a negative correlation with

CTP4 average (r=-0.256, p=0.008).

6.4.14 No Mutation Detected

There were no statistically significant correlations.

6.4.15 Multivariate and Univariate Survival Analysis

For most mutations, entropy_ct_ssf_2 & SUVpeak worked synergistically to stratify
patients into low, medium and high risk groups. In patients who had no mutation
detected, only SUVmean>7.2 acted as a statistically significant prognosticator. (See Table

36.)
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6.5 Discussion

This prospective study has demonstrated a number of statistically significant
associations between immunohistochemical/mutation status and imaging biomarkers.
Investigating associations between imaging features and imaging biomarkers, and
mutations and immunohistochemical expression, is a critical step in radiogenomics
(234). Recognising the effect that mutations and immunohistochemical markers have
on the imaging phenotype helps further understanding of the role of these factors and
could provide impetus to suggest repeated biopsy or even that biopsies should be

avoided in the case of a non-response to therapy or non-phenotypic appearance.

The most significant and strongest association we have found is a moderate correlation
between SUV and SUV dependent markers and the GLUT1 immunohistochemical
marker. This replicates the findings of a previous cross-tumour study in 2019 (235), and
the correlation found is not significantly different from those findings. This may suggest
that GLUT1 hyperexpression is important component of glucose hypermetabolism and
the Warburg effect in lung cancer, whilst not completely explaining glucose
hypermetabolism. The moderate association is stronger than that recently
demonstrated in breast cancer and suggests that GLUT1 hyperexpression plays a

greater role in lung cancer than in breast cancer (186).

The correlations between the SUV biomarkers, some textural biomarkers and CD105
are similar to but slightly weaker than those found recently in breast cancer (186). This
relatively reduced correlation raises the possibility that lung cancer may respond
differently to hypoxia than breast cancer, preferring GLUT1 hyperexpression and the

Warburg effect to increase metabolism.

If GLUT1 hyperexpression were as a consequence of hypoxia, HIF-1a could help
demonstrate that. HIF-1a is an important upregulator of GLUT1 expression and a
marker of hypoxia. Although there was a weak relationship between the textural
entropy biomarkers and HIF-1a and GLUT1, there is not a significant relation between
the SUV biomarkers and HIF-1a. It should also be noted that HIF-1a is highly unstable

and thus levels of HIF-1a detected in our samples may be artificially low. The error this
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instability causes in our measurements of HIF-1a may be related to both age of sample
and the amount of HIF-1a in the sample, and therefore may represent a non-constant

non-linear error making it difficult to interpret our results.

Another possible interpretation for the difference in the strength of the correlations
between CD105 and SUV versus GLUT1 and SUV is that our tumours are less affected
by hypoxia than the tumours in the breast study. As a consequence of the biases within
the dataset, our tumours tend to be relatively small tumours, and on account of the
anatomy are likely to have a relatively good blood supply (likely even a dual blood
supply). Assuming that this is the case, the tumours may be not be particularly hypoxic
and hence there would be a reduced evolutionary drive towards angiogenesis. These
tumour cells may be hyperexpressing GLUT1 and undergoing the Warburg effect in a
non-hypoxia dependent fashion as a way of increasing metabolism if the Krebs cycle is
saturated. In such an environment, tumour cells with higher GLUT1 expression would

likely be more evolutionarily fit and then form the majority of the tumour.

Minichromosome maintenance complex component 2 (MCM2) is involved in the
initiation of eukaryotic genome replication and thus is a marker of cell replication. The
statistically significant correlations found between the SUV biomarkers suggest that

higher SUV is at least partially associated with increased cell-replication.

The significant but weak-to-moderate negative association between the CTP4 average
measure and PI3KCA implies that, of the surgical cases that had CT Perfusion
performed, those that were denser and enhanced more over the study were less likely
to have PI3KCA mutation. It is difficult to tease out the effect of contrast enhancement
versus higher overall attenuation here but it is likely that this is more likely to represent
contrast enhancement. This is an interesting finding and it raises the question of if the
findings could be replicated on standard contrast-enhanced CT images and whether
this may indicate that PI3KCA mutations result in tumours which demonstrate lower
enhancement and hence are less likely to demonstrate angiogenesis. There are several
PIK/Akt/mTOR inhibitor therapy drug candidates and clinical trials (236, 237): if there

were an imaging biomarker that could predict the presence of PI3KCA mutations, the
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effectiveness of these therapies could be monitored by the change on the tumour

imaging signature.

The weak negative correlations found for the rest of tumour mutations markers
suggests the radiologic-pathologic correspondence for these is complex 2014 — most
of the associated imaging biomarkers here were also related to survival, suggesting
that these may be survival correlates rather than correlates with the mutation per se. It
should also be noted that many of the mutations considered here upregulate similar
downstream pathways, so the correlations may be indirect and represent correlations
between the imaging biomarkers and the upregulated pathways. Whilst such a
correlation would not necessarily be as helpful as the ability to detect specific
mutations, such a biomarker could still help monitor therapy or help target mutation
and immunohistochemical analysis. It could also help further elucidate how mutations

and receptor upregulation affect these pathways in vivo as opposed to in vitro.

The correlations discussed above are of interest; however, the use of multiple imaging
biomarkers together has the potential to investigate imaging histological relationships
further. Previous studies have suggested that imaging biomarkers could be combined
to predict KRAS mutation status in colorectal cancer and in lung cancer using a decision
tree analysis (238—240). An alternative is to investigate how histology can be combined
with imaging biomarkers to stratify in to risk groups for survival prognostication. This
study has shown that entropy_ct_ssf_2 can be combined with several ¥F-FDG uptake

measurements to further stratify patients with mutations in to at-risk groups.

The population of this study is biased by the requirement for surgical pathology. Even
within a large population of recruited lung cancer patients such as this in this study,
only a relatively small population of patients go on to have surgery and thence
available tissue. Thus, compared to pathology only studies our population size is
limited and there is less statistical power available to tease out correlations.
Nonetheless, by imaging tissue standards, this is a relatively large cohort with a long
follow-up. As such it provides an original dataset. Higher numbers of patients may

achieved by using biopsy specimens rather than surgical specimens. Other limitations
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related to imaging parameter extraction as discussed in other chapters e.g. respiratory

motion still apply.

Only one example of multivariate analysis was performed as an example. In reality
there are many combinations that could be explored. An artificial intelligence
methodology could be explored here but is beyond the scope of this theses. This could

be a topic of research to be taken forward into the future.
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6.6 Conclusion

This study has demonstrated that there some correlations between imaging
biomarkers and the immunohistochemical and mutation biomarkers, some of which
were highly significant. In particular, the correlations found between imaging
biomarkers and GLUT1 and CD105 give potentially tantalising in vivo insights into
tumour metabolism, hypoxia and vascularity. These techniques have significant
prognostic and predictive potential and further large studies applied to lung-cancer

treatment studies may prove this.
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6.7 Tables

Gender Overall, Female, Male, p-valuel
N =96 N =42 N =54
Age at Enrolment 0.14
N 96.0 42.0 54.0
Median (IQR) 68.0 (61.0, 74.0) 66.0 (60.0, 73.0) 70.0 (63.0, 75.0)
Range 49.0, 90.0 49.0, 88.0 51.0,90.0
Radiological Stage, n (%) >0.99
58 (60) 26 (62) 32 (59)
I 16 (17) 7 (17) 9 (17)
1l 19 (20) 8(19) 11 (20)
v 3(3.1) 1(2.4) 2(3.7)
SUVmax 0.024
N 96.0 42.0 54.0
Median (IQR) 8.7 (4.7,14.2) 7.1(4.0,12.3) 11.2 (6.6, 15.5)
Range 0.8,37.9 1.0, 27.0 0.8,37.9
TBRiung 0.003
N 96.0 42.0 54.0
Median (IQR) 27.9(15.6, 47.5) 20.4 (12.3, 37.5) 40.4 (19.7, 55.8)
Range 2.7,139.0 2.8,135.0 2.7,139.0
SUVmean 0.033
N 96.0 42.0 54.0
Median (IQR) 5.2(2.8,8.7) 4.2(2.4,7.5) 6.8 (4.0, 9.5)
Range 0.6,24.1 0.8, 16.3 0.6,24.1
SUVpeak 0.028
N 96.0 42.0 54.0
Median (IQR) 7.2(3.5,11.9) 5.2(2.8,9.4) 9.1 (5.1, 12.0)
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Gender Overall, Female, Male, valuel
N =96 N =42 N =54 P
Range 0.7,32.7 0.9,24.1 0.7,32.7
TLG 0.050
N 96.0 42.0 54.0
Median (IQR) 24,511.1 14,754.3 32,926.6
(9,859.3,92,357.7) (5,311.7,109,469.7)  (15,123.7, 87,968.6)
Range 829.6, 1,822,757.4 829.6,392,145.4 1,899.6, 1,822,757.4
SCC, n (%) 29 (30) 8(19) 21 (39) 0.036
1Wilcoxon rank sum test; Fisher's exact test; Pearson's Chi-squared test
Table 24: Patient demographics as compared to gender
Inflammation Spearman’s Rho! p-value
CTP4 mean slope of increase -0.442 0.021
sd_ct_ssf 2 0.355 0.008
sd_ct_ssf 0 0.361 0.007
mpp_ct_ssf_2 0.310 0.022

ISpearman’s rank correlation rho with pairwise complete observations

Table 25: Significant correlations with inflammation

CA-IX Spearman’s Rho! p-value
CTP4 positive enh. integral -0.301 0.028
CTP4 ps -0.350 0.010
mpp_pet_ssf_2 -0.221 0.035
mpp_pet_ssf_3 -0.229 0.028

ISpearman’s rank correlation rho with pairwise complete observations

Table 26: Significant correlations with CA-IX
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CD105 Spearman’s Rho! p-value

SUVmax 0.308 0.032
SUVmin 0.305 0.033
SUVmean 0.298 0.037
SUVpeak 0.318 0.026
kurtosis_ct_ssf_4 0.287 0.045
kurtosis_ct_ssf_3 0.356 0.012
entropy_pet_ssf_2 0.345 0.015
entropy_pet_ssf 4 0.343 0.016
entropy_pet_ssf_6 0.346 0.015
entropy_pet_ssf 0 0.347 0.015
entropy_pet_ssf 3 0.344 0.015
entropy_pet_ssf 5 0.344 0.016

ISpearman’s rank correlation rho with pairwise complete observations

Table 27: Significant correlations with CD105

HIF-1a Spearman’s Rho! p-value
CTP4 time to peak -0.312 0.023
CTP4 mean slope of increase 0.302 0.028
skewness_ct_ssf_3 0.224 0.034
entropy_pet_ssf 2 0.231 0.029
entropy_pet_ssf 4 0.223 0.035
entropy_pet_ssf_6 0.226 0.032
entropy_pet_ssf 0 0.224 0.034
entropy_pet_ssf 3 0.220 0.037
entropy_pet_ssf 5 0.220 0.037
entropy_pet_ssf 3 0.344 0.015

ISpearman’s rank correlation rho with pairwise complete observations

Table 28: Significant correlations with HIF-1a
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GLUT1 Spearman’s Rho! p-value
SUVmax 0.441 <0.001
SUVmin 0.436 <0.001
SUVmean 0.429 <0.001
SUVpeak 0.440 <0.001
TBRiung 0.471 <0.001
TLG 0.365 <0.001
mean_ct_ssf_2 -0.224 0.031
mean_ct_ssf 4 -0.254 0.014
mean_ct_ssf_6 -0.229 0.028
mean_ct_ssf_3 -0.266 0.010
mean_ct_ssf 5 -0.260 0.012
entropy_ct_ssf 2 0.380 <0.001
entropy_ct_ssf_4 0.336 0.001
entropy_ct_ssf_6 0.349 0.001
entropy_ct_ssf 0 0.301 0.003
entropy_ct_ssf 3 0.357 <0.001
entropy_ct_ssf_5 0.361 <0.001
kurtosis_ct_ssf_2 0.264 0.011
kurtosis_ct_ssf_4 0.207 0.047
kurtosis_ct_ssf_0 0.213 0.040
kurtosis_ct_ssf_3 0.278 0.007
mean_pet_ssf_0 -0.220 0.034
sd_pet_ssf 0 0.215 0.039
entropy_pet_ssf_2 0.388 <0.001
entropy_pet_ssf_4 0.393 <0.001
entropy_pet_ssf_6 0.390 <0.001
entropy_pet_ssf 0 0.390 <0.001
entropy_pet_ssf_3 0.388 <0.001
entropy_pet_ssf 5 0.389 <0.001
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GLUT1 Spearman’s Rho! p-value

mpp_pet_ssf_0 -0.220 0.034

ISpearman’s rank correlation rho with pairwise complete observations

Table 29: Significant correlations with GLUT1

MCM2 Spearman’s Rho! p-value
SUVmax 0.399 <0.001
SUVnin 0.403 <0.001
SUVmean 0.392 <0.001
SUVpeak 0.362 <0.001
TBRiung 0.376 <0.001
TLG 0.231 0.025
CTP4 average 0.324 0.018
mean_pet_ssf_0 -0.286 0.005
mpp_pet_ssf_0 -0.286 0.005
mpp_pet_ssf_3 0.212 0.040
kurtosis_pet_ssf_2 0.257 0.012
kurtosis_pet_ssf_3 0.219 0.034
kurtosis_pet_ssf_3 0.219 0.034

ISpearman’s rank correlation rho with pairwise complete observations

Table 30: Significant correlations with MCM2
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BRAF Spearman’s Rho! p-value
entropy_ct_ssf 2 -0.220 0.032
entropy_ct_ssf_6 -0.211 0.039
entropy_ct_ssf 0 -0.219 0.032
entropy_ct_ssf 5 -0.212 0.038
entropy_pet_ssf 2 -0.217 0.034
entropy_pet_ssf_4 -0.215 0.035
entropy_pet_ssf_6 -0.215 0.036
entropy_pet_ssf 0 -0.215 0.036
entropy_pet_ssf_3 -0.215 0.036
entropy_pet_ssf 5 -0.215 0.036

ISpearman’s rank correlation rho with pairwise complete observations

Table 31: Significant correlations with BRAF mutation status
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EGFR Spearman’s Rho! p-value

mean_ct_ssf_0 -0.202 0.048
kurtosis_ct_ssf_2 -0.293 0.004
kurtosis_ct_ssf_4 -0.225 0.028
kurtosis_ct_ssf_0 -0.246 0.016
kurtosis_ct_ssf_3 -0.208 0.042
kurtosis_ct_ssf 5 -0.239 0.019
entropy_pet_ssf_2 -0.255 0.012
entropy_pet_ssf 4 -0.257 0.012
entropy_pet_ssf_6 -0.260 0.011
entropy_pet_ssf 0 -0.256 0.012
entropy_pet_ssf 3 -0.257 0.012
entropy_pet_ssf 5 -0.256 0.012
skewness_pet_ssf_4 -0.208 0.042
skewness_pet_ssf_6 -0.226 0.027
skewness_pet_ssf_5 -0.229 0.025
kurtosis_pet_ssf_2 -0.203 0.047
kurtosis_pet_ssf_4 -0.255 0.012
kurtosis_pet_ssf_6 -0.289 0.004
kurtosis_pet_ssf_3 -0.229 0.025
kurtosis_pet_ssf_5 -0.293 0.004

ISpearman’s rank correlation rho with pairwise complete observations

Table 32: Significant Correlations with EGFR mutation

HER2 Spearman’s Rho! p-value
skewness_ct_ssf 4 -0.216 0.034
skewness_ct_ssf 3 -0.256 0.012
skewness_pet_ssf_0 -0.209 0.041

ISpearman’s rank correlation rho with pairwise complete observations

Table 33: Significant Correlations with HER2 mutation
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KRAS Spearman’s Rho! p-value

skewness_pet_ssf_3 -0.205 0.045
kurtosis_pet_ssf_2 -0.240 0.018
kurtosis_pet_ssf_4 -0.222 0.029
kurtosis_pet_ssf_3 -0.245 0.016

ISpearman’s rank correlation rho with pairwise complete observations

Table 34: Significant Correlations with KRAS mutation

PI3KCA Spearman’s Rho! p-value
CTP4 average -0.358 0.008
kurtosis_ct_ssf_4 -0.263 0.010
kurtosis_ct_ssf_3 -0.236 0.021
kurtosis_ct_ssf_5 -0.228 0.025
sd_pet_ssf 0 -0.261 0.010
mpp_pet_ssf_2 -0.213 0.037

ISpearman’s rank correlation rho with pairwise complete observations

Table 35: Significant Correlations with PIK3CA mutation
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p-value

HER2 WT

HER2
mutation

EGFR
mutation

EGFRWT

KRAS
mutation

BRAF WT  Any Mutation

AllWT

Univariate

CT Entropy
SSF2
(Median
value 5.19 as
cut-off)

PET SUV Peak
(Median
value 9.65 as
cut-off)

PET TBR
(Median
value 41.5833
as cut-off)

PET SUV Avg
(Median
value 7.2 as
cut-off)

PET SUV Max
(Median
value 12 as
cut-off)

Combination

CT Entropy
SSF2 +
PET SUV Peak

CT Entropy
SSF2 +
PET TBR

CT Entropy
SSF2 +
PET SUV Avg

CT Entropy
SSF2 +
PET SUV Max

0.034

0.029

0.018

0.010

0.024

0.024

0.007

0.007

0.007

0.007

0.018

0.018

0.018

0.018

0.021

0.022

0.033

0.023

0.033

0.033

0.011

0.011

0.011

0.024

0.003

0.018 0.010

0.033

<0.001

<0.001

0.033
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Table 36: p-values from Kaplan Meier survival analysis demonstrating the ability of CT
entropy and PET uptake biomarkers to stratify patients by prognosis
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6.8 Figures
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Figure 12: Correlations between TexRAD biomarkersbiomarkers, Inmunohistochemistry and

mutation analysis

* ** *%* denotes significance at p=0.05, 0.01, and 0.001 respectively
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Figure 13: Correlations between PET and CTP4 biomarkers and Immunohistochemistry
and mutation analysis.

* x* *%¥ denotes significance at p=0.05, 0.01, and 0.001 respectively
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7 Evolution of ¥F-FDG-PET/CT Findings in Patients
Following COVID-19: An Initial Investigation

7.1 Abstract
7.1.1 Purpose

The aim of this chapter was to study the temporal-evolution of pulmonary 8F-FDG-
uptake in patients with Coronavirus Disease (COVID-19) and in Post-COVID-19 Lung-
Disease (PCLD).

7.1.2 Methods

Using our hospital’s clinical electronic records we retrospectively identified 23 Acute
COVID-19, 18 PCLD and 9 completely recovered 8F-FDG-PET/CT studies during the two
peaks of UK pandemic. Pulmonary ¥F-FDG-uptake was measured as a Target-to-

Background Ratio (TBRiung=SUVmax/SUVmin) and compared to temporal stage.

7.1.3 Results

In acute COVID-19, less than three weeks after infection, TBRiung Was strongly
correlated with time after infection (rs=0.81, p<0.001) and was significantly higher in
late-stage than early-stage (p=0.001). In PCLD TBRiung Was lower in patients treated

with high-dose steroids (p=0.003) and asymptomatic patients (p<0.001).

7.1.4 Conclusion

Pulmonary ¥F-FDG-uptake in COVID-19 increases with time after infection. In PCLD
pulmonary 8F-FDG-uptake rises despite viral clearance suggesting on-going
inflammation. There was lower pulmonary 8F-FDG-uptake in PCLD patients treated

with steroids.
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7.2 Introduction

During late February—Early March 2020, SARS-CoV-2 and its associated disease
Coronavirus Disease 2019 (COVID-19) began spreading rapidly throughout London and
the rest of the UK (25, 241, 242), following its emergence in December 2019 in Wuhan,
China (23, 243). Although COVID-19 can remain essentially asymptomatic or have a
large variety of clinical symptoms, COVID-19 is typically characterised by a bilateral
interstitial pneumonia/viral pneumonitis of varying severity. Its severity may
progressively worsen with symptoms of dyspnoea, tachypnoea, hypoxia and
hypercapnia and the development acute respiratory distress syndrome (23, 26-35, 46,

244-246).

The median time from symptom-onset to intensive-care admission is 10 days, although
only 5% of patients are admitted (23, 34—36, 247-250). The protracted clinical course,
in contrast to the rapid course usually expected of viral diseases (35, 37, 249), and the
timing at the peak of anti-viral response, suggests that the acute lung changes and
damage may be a consequence of inflammation from the adaptive immune response

rather than from the virus itself (35, 38).

On CT imaging, COVID-19 typically presents with ground-glass opacities (GGOs) and/or
bilateral pulmonary consolidation in multiple segmental and subsegmental regions
(26—33, 46, 244). In early stages, changes are often limited to peripheral GGOs and
bronchovascular thickening. Consolidation and spread to the centre of the lungs
happens later (26, 27, 30-33, 244, 246) with sub-pleural sparing and development of
organising pneumonia occurring even later (26-28, 30-33, 244). Many other signs such
as interlobular septal thickening and crazy paving have also been demonstrated (33, 39,
46) however, other typical pulmonary infection features — enlarged lymphadenopathy,
pulmonary nodules, pleural effusions and cavitation — are not commonly
demonstrated, except as features of other intercurrent disease e.g. heart failure (26).
Lymphadenopathy, although not a common feature may be associated with prognosis
(34). The findings are similar to those described with MERS-CoV and SARS-CoV-1 (26,
30, 47, 251).
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Appearances in recovery are varied (39); however, persistent respiratory symptoms
affect at least one-third of hospitalized patients, some of whom will have Post-COVID-

19 Lung-Disease (PCLD) (42).

Steroids are critical in reducing mortality from COVID-19 but their role in PCLD is less

clear and identifying those that might benefit may be difficult.

Currently, 8F-Fluoro-2-deoxy-D-glucose (‘8F-FDG) Positron Emission
Tomography/Computed Tomography (PET/CT) has no role in the management of
patients with COVID-19 (252) and there has been little investigation into the
quantification and evolution of F-FDG-uptake in COVID-19 (See Table 37). Given the
growing role of 8F-FDG-PET/CT in Interstitial Lung Diseases (ILD), the primary aim of
this chapter was to assess the temporal-evolution of ¥F-FDG uptake in COVID-19, and
correlate to clinical progression and recovery. A secondary aim was to investigate if

steroids could alter this evolution.
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7.3 Materials and Methods
7.3.1 Ethics

The Institutional Review Board approved this retrospective study and waived the
requirement to obtain informed consent. The challenges of the pandemic constrained

the methodological design necessitating a retrospective approach.

7.3.2 Patient Selection

All studies performed in the department over the first UK peak of the coronavirus
pandemic (March—April 2020) and from September 2020—February 2021 (second-peak)
were assessed for acute COVID-19 by following the British Society of Thoracic Imaging
guidelines and/or a confirmed history of COVID-19 on the Electronic Health-Record
System (EHRS) (29). This included some patients without positive Polymerase Chain
Reaction (PCR) test results due to the poor availability of PCR tests in the early period.
In addition, studies performed for persistent (symptoms persisting for greater than or
equal to 4 weeks) respiratory symptoms, in keeping with PCLD, and those who had
recovered from COVID-19 after the initial period were also included. Ongoing
treatment with steroids and other immunosuppression was recorded. Formal lung
function tests were not performed due to infection risks. Acute studies between May
and September 2020 were not examined due to the low prevalence and incidence of

COVID-19 in London during that time. (See Figure 17 and Table 38.)

7.3.3 ¥F-FDG-PET/CT Imaging Protocol

Patients were fasted for at least six hours and blood glucose levels were recorded prior
to injection of 400MBq 8F-FDG adjusted for weight in keeping with Administration of
Radioactive Substances Advisory Committee guidelines (253). After an uptake time of
63.1+10.9 minutes whole-body PET scans were acquired in a supine position with the
arms above the head with two minutes per bed position using a General Electric (GE)
Discovery-710 PET/CT scanner. A non-enhanced low-dose CT scan was acquired for
anatomic co-registration and attenuation correction. Images were reconstructed using

a resolution recovery iterative algorithm.
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All images were reviewed by at least one dual accredited radiologist nuclear medicine
physician. Quantification was performed by investigators with at least 10-years’
experience of quantifying PET/CT images in diffuse lung disease. PET analysis was

performed blind of clinical history and the CT analysis.

7.3.4 Determination of Temporal Stage

After radiological and EHRS review, the acute COVID-19 cases were assigned to two
temporal groups: ‘Early’ or ‘Late’, following review of the available clinical history
coupled with assessment of the CT components as per well-established findings (30):
Early COVID-19 (approximately equating to <1 week after onset of disease) is defined
as predominantly ground-glass opacities with or without associated interlobular
thickening this progresses to Late COVID-19 (>1 week after onset of disease to <4
weeks), with increasing consolidation and signs of resolution being marked by sub-
pleural sparing, development of a fibrous-stripe and crescentic consolidation or
reversed halo/atoll sign. Patients who were asymptomatic after 28 days were classed
as recovered patients. In addition, patients who were imaged due to persistent
symptoms after 28 days were described as having PCLD. The CT component was
correlated with other cross-sectional imaging to reduce the likelihood of error of
incorrect classification due to breathing artefact. Using this and clinical information

from EHRS the number of days since disease onset was estimated.

7.3.5 Quantitative ®F-FDG-PET Analysis

All images were processed using a standard protocol on a dedicated imaging
workstation (ADW-volume-4.6 GE-Healthcare) calculated the lung Target-to-
Background Ratio (TBRiung=SUVmax/SUVmin) following the methods described previously
(48, 49, 254).

7.3.6 Statistics

The difference in 8F-FDG-PET uptake measures within the lung against temporal
staging and pre-treatment with steroids were assessed using non-parametric Mann-
Whitney test. Results were visualized using Box-and-Whisker plots. All statistical

analyses were performed using SPSS-25.0.
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7.4 Results

Of the 3112 ¥F-FDG-PET/CT studies screened 50 met the criteria for study entry,
including 18 cases referred for ®F-FDG-PET/CT for investigation of PCLD. Of the 50
cases (median age 61 range 18—87 years), 32 were male (64%), 27 patients were of
ethnic minority background (54%): 23 (46%) cases were found to demonstrate acute
COVID-19. None of these were intentionally imaged for COVID-19. 9 cases
demonstrated asymptomatic recovered COVID-19 confirmed on the EHRS. (See Table

39-40.)

In the other 18 of the 50 cases imaging was performed because of persistent shortness
of breath and respiratory symptoms in keeping with PCLD — all 18 had been admitted
to hospital requiring oxygen. 15 of these patients previously had positive PCR tests and
COVID-19 was clinically diagnosed in the others. 9 had ongoing treatment with steroids
for PCLD, the other 9 were not receiving treatment for their PCLD. All PCLD patients
had been re-swabbed prior to PET imaging and confirmed as PCR negative. (See Table

41.)

7.4.1 Temporal Stage

Following review of the attached CT component (lung windows) and available clinical
history, of the 23 acute COVID-19 patients: 8 (35%) were determined to represent early
COVID-19 and 15 (65%) late. (See Figure 12 and Table 41)

7.4.2 Association of Pulmonary 8F-FDG-Uptake with Temporal-staging in
Early & Late Stage Disease

18F_FDG-uptake analysis of the lung lesions in the acute patients demonstrated
increasing TBRiung over time with the progression from low avidity ground-glass change
to avid consolidation during the late phase (Median Early-stage: SUVmax 1.6, TBRiung 6.4;
Late-stage: SUVmax 4.0, TBRiung 13.7). In the acute patients, TBRiung Was significantly
different for late-stage patients having a higher TBRiung than early stage patients

(p=0.001, See
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Figure 16.), this was stronger when limited to acute patients estimated to be in the first

three weeks of infection (n=18, rs=0.81, p<0.001).

7.4.3 Pulmonary ¥F-FDG-Uptake in PCLD

There was lower TBRung in patients who had received treatment with high-dose

steroids (p=0.003) (See
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15.) (Median steroid-treated: SUVmax 2.4, TBRiung 6.62; untreated: SUVmax 5.8, TBRiung
18.1)

TBRiung Was lower in asymptomatically recovered patients (median SUVmax 1.2, TBRiung

4.6) than both untreated PCLD patients and those treated with steroids. (p<0.001 and

p=0.020 respectively, Kruskal-Wallis for all 3 groups p<0.001).
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7.5 Discussion
This chapter represents the first attempt to characterise the evolution of pulmonary
18F_FDG-uptake in a reasonably large cohort of patients with COVID-19 assigned a

temporal stage (Early-to-Late-to-PCLD) based on clinical context and CT findings.

The increase of lung avidity with time suggests increasing lung inflammation (35, 255)
in acute COVID-19. In most cases, F-FDG uptake would then be expected to decrease
with viral clearance and establishment of immunity. There is, however, a subset of
COVID-19 patients with delayed recovery that continue to show significant 8F-FDG
uptake, reminiscent of our findings in ILD (48-50, 256), and raising the possibility that
COVID-19 pneumonitis is associated with an activated host immune response rather
than direct viral pathology (35, 257, 258). It would be useful to understand the ability
of lung avidity to predict clinical course or the likelihood of development of a post-

COVID-19 ILD, in this patient-cohort.

The RECOVERY study, which this study pre-dates, demonstrated survival benefit with
steroids in hypoxic patients with COVID-19 (257). In our study, several patients went on
to develop an inflammatory organising-pneumonia, characterised by persistent and
increasing '8F-FDG-uptake. Steroid therapy is a recognised treatment for organizing-
pneumonia and other inflammatory ILDs (257), and in those cases treated with post-
discharge steroids, '8F-FDG-uptake was consistently lower. Our findings raise the
guestion of whether steroid administration has a role, not just for acute hypoxia but
also in the later stages of COVID-19 and for PCLD. This approach has been debated
(257) with calls for a randomized-control trial to define the role of steroid therapy more
widely. Although imaging may be useful, it is hard to determine from CT whether
parenchymal changes indicate reversible inflammation or irreversible fibrosis. It is
possible that F-FDG-PET/CT may offer a sensitive and specific biomarker to guide and

rationalise steroid treatment.

7.5.1 Limitations
Given the challenges of nuclear medicine imaging in the pandemic this study has

methodological limitations. They are directly related to the infectious and emergent
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epidemic, the workload and severe capacity restraints of PET/CT departments, staff
protection and equipment sterilization, and the medical instability of seriously ill
COVID-19 patients. This limits patient numbers, preventing the use of a control group
and longitudinal 8F-FDG-PET/CT imaging. Diagnostic CT will likely remain the most
practical way to investigate acute COVID-19, although PET imaging may give potential
mechanistic insights. However, PCLD patients are not currently believed to be an
infection risk and thus performing longitudinal *F-FDG-PET/CT studies in this
population may be realistic and feasible. This study was not prospectively designed to
study the use of steroid in PCLD; however, statistically-significant lower ¥F-FDG uptake
in PCLD patients with steroid administration versus those without was observed.
Finally, the lack of PCR testing in the first wave, as well as the high incidence of
asymptomatic cases throughout the pandemic, creates uncertainties in prevalence and
thus retrospective analysis may suffer from selection bias. Despite design limitations,
the findings of this study offer some insight into the development of pulmonary
disease in COVID-19 and can help provide the evidence to justify performing formal

prospective studies on this topic in future.
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7.6 Conclusion

In this novel chapter it is shown that 8F-FDG uptake in COVID-19 increases with time
after infection and correlates with severity. Persistent 8F-FDG uptake is seen in
patients with PCLD disease. These findings suggest that future studies may be directed
at the use of ¥F-FDG-PET/CT to understand disease trajectory and may aid

management of those patients with persistent respiratory symptoms.
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7.7 Figures

Very Early
COVID-19
(Case 1)

Early COVID-19
(Case 3)

Late COVID-19
(Case 7)

Late COVID-19
(Case 10)

Steroid-treated
PCLD
(Case 14)

Untreated PCLD
(Case 17)

Axial CT FDG-PET Fused FDG-PET/CT
(lung windows)

Figure 14: Exemplar images demonstrating increasing *F-FDG-uptake with temporal
stage and lower 8F-FDG-uptake in steroid-treated PCLD.

(Lung-windowed Axial-CT, 18F-FDG-PET windowed SUV 0-5 and fused 18F-FDG-PET/CT
images.)
Medullary uptake in case 1 was due to leukaemia and not COVID-19.
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Figure 16: F-FDG-uptake (TBRung) against the estimated time after onset of
disease (on a logarithmic scale) with superimposed regression using the 23
acute (early & late) patients. (F-statistic=14.94, p<0.001. Spearman’s rs=0.595,

p=0.003.) Steroid treatment means >10 days high-dose steroid treatment.

154



18F-FDG PET/CT

18F-FDG PET/CT 18F-FDG PET/CT for PCLD
1/3/2020-1/5/2020 /9/2020-10/2/2021| | 1/5/2020-1/12/2021
n=614 n=2498 n=18
| |
BSTI CVCT1 BSTI CVCT2 PCLD
with history with history n=18
n=9 n=14

[ Acute Studies] [ Recovered Studiesj
n=23 n=9

Early Stage Late Stage No Steroids Steroids
n=15 n=9 n=9

Figure 1 7 STARD flow chart of study selection.
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7.8 Tables

Previous Study Type Number of papers
Individual case reports demonstrating 18F-FDG avidity 23
Case series: 6

« 1 paper with 5 patients
« 1 paper with 5 patients
« 1 paper with 4 patients
« 1 paper with 5 patients
« 1 paper with 6 patients
« 1 paper with 4 patients

Incidence & Prevalence of COVID-19 in PET/CT 3
Discussion of the potential future role of PET/CT 3

Table 37: Results of literature review of published papers on COVID-19 and '8F-FDG
PET/CT

Inclusion Criteria
18F-FDG-PET/CT performed within period of
acute study collection or referred for PCLD study
BSTI CVCT1 or CVCT2 changes on CT component of scan or CVCTO and
previous confirmed history of COVID-19 compatible with asymptomatic recovery.
Clinical history compatible with COVID-19 available on electronic health records
Exclusion Criteria
BSTI CVCTO, CVCT3 changes on CT component except when
previously confirmed COVID-19 disease and considered recovered
No clinical history available or CVCT2 changes explained by other pathology

Table 38: Inclusion and exclusion criteria

Indications Number of patients

Non-thoracic Cancer 19
Pyrexia of Unknown Origin
Paraneoplastic Syndrome

Vasculitis
Table 39: Indications of the acute cases

Indications Number of patients

Non-thoracic Cancer 6
Musculoskeletal Inflammation 1
Paraneoplastic Syndrome 1
Cardiac Sarcoid 1
Table 40: Indications of the asymptomatic recovered cases
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Age at Estimated
scan Time since | Admitted D-Dimer | SpO: | Oxygen
Case (years) | Temporal onset of to PCR CRP ESR (ug/L | during | during |Inpatientat| Steroid
Number | & Sex Stage |disease (days)| Hospital | Proven | (mg/L) | (mm/hr)| FEU) scan scan [time of scan| Therapy
1 61F Early Early (1-3) y y 9.6 — 810 95% RA y n
2 58F Early Early (3-7) n —2 — — — — RA n n
3 72M Early Early (3-7) n —2 — — — — RA n n
4 43F Early Early (3-7) n —2 — — — — RA n n
5 68F Early Egrrl?/e(zl”—n;; y y — — — 95% 2L NC y n
6 62M Late Borderline y y 375 - - 96% RA y n
Late (7-10)

84M Late Late (9-14) n —2 — — — — RA n n
8 18F Late Late (10-14) y n 228.7 8 2478 97% RA y n

76M Late Late (11-14) y y 6.8 — 1970 98% RA y n
10 60M Late Late (11-14) n —2 — — — — RA n n
11 64M Late Late (11-14) n —2 — — — 97% RA n n
12 60M PCLD 28-36 y n 1.0¢ - - 100% RA y n
13 80M PCLD 30-38 y y —c - - 92% 1LNC y n
14 60M PCLD 42-52 y n 8.4¢ - - 97% RA y y
15 71M PCLD 48-56 y y —c - - 94%b RA n y
16 68F PCLD 54-64 y n 14.7° - - 95% | 1LNC y y
17 72F PCLD 64-74 y y 121.6 - - 91% RA y n
18 60F PCLD 70-85 y y —c - - 96%" RA n n
19 60M PCLD 150-160 y y 121.2¢ 70 300 96% RA n n
20 56M PCLD 210-215 y y 1.2¢ - - 95% RA n y
21 27F Recovered 76-80 y y — — — 100% RA n n
22 39M | Recovered 26-30 y y — — — 99% RA n n
23 58M PCLD 195-205 y y 63.7¢ 120 1080 95% RA n y
24 60M PCLD 260-270 y y 51.9¢ 28 190 99% RA n y
25 51M | Recovered 180-200 y y — — — 95% RA n n
26 45M PCLD 100-120 n y 14.5¢ - 500 95% RA n n
27 61M PCLD 240-250 y y 0 - 1280 95% RA n y
28 72M PCLD 45-52 y y 122.8°| 111 1570 99% RA y
29 47F Late fa ‘i;d(‘;r_“lr';) y y 43.4 - 390 | 99% RA y n
30 61M PCLD 232-242 y n 11.9¢ - - 100% RA n
31 48M Late Late (20-30) y y 5.7 5 1690 99% RA y n
32 70M PCLD 39-43 % % — — — 95% RA % n
33 87F Late Late (22-28) y y 38.7 - 1290 92% 1LNC y n
34 66M PCLD 309-320 y y - — - 95% 2LNC n y
35 59F Late Late (13-18) n y — — — 97% RA n n
36 51F Late Late (15-25) n y — — — 95% RA n n
37 87F Early Early (5-7) y y 10.4 27 — 96% RA y n
38 61M Recovered 215-225 n y — — — 97% RA n n
39 79M Recovered 200-240 n y — — — 95% RA n n
40 60F Early Early (1-3) n y — — — 95% RA n n
41 51M Late Late (26-28) y y — — 1380 95% RA n n
42 60M | Recovered 200-220 n —2 — — — 96% RA n n
43 61M Late Late (20-28) y n — — — 95% RA n n
44 61F PCLD 300-315 y y - - - 96% RA n n
45 79M Late Late (19-23) y y — — — 98% RA y n
46 61M | Recovered 317-330 y y — — — 95% RA n n
47 61M Recovered 38-44 y y — — — 97% RA n n
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48
49
50

| 75F late | Late (25-28) y |y | - - - 94% | 2LNC y
74F Recovered 90-120 n y — — — 95% RA
80M Early Early (1-3) y y — — — 96% RA y

Table 41: Distribution and Clinical Parameters

2 At the time of infection availability of PCR testing was limited to only patients admitted to
hospital

bSaturations measured on different day to imaging. RA: Room Air; NC: nasal cannulae

¢ CRP was noted to be falling from peak for all Delayed Recovery patients

—: Test not performed

Steroid therapy was defined as high dose steroids for 10 days or more

Please note: formal lung function tests were not performed on these patients due to the
pandemic.
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8 Limitations

8.1 Lung Cancer Dataset
As discussed in Chapters 3-6 there are a number of limitations with the lung cancer
dataset. Due to the importance of ¥F-FDG PET/CT in the diagnosis of lung cancer many
patients who undergo imaging with ¥F-FDG PET/CT will not have lung cancer.
Recruitment was therefore focused on patients whom it was felt had a high pre-test
probability of having lung cancer. This severely biases our population of patients who
were eventually not diagnosed with lung cancer meaning these patients do not

represent a fair sample and thus these patients were excluded from analysis.

Similarly, due to the desire for surgical histology, patient recruitment was focused on
patients who were expected to be fit for surgery and to have operable disease. This
results in a patient population heavily weighted towards lower stage disease, and
biases the population toward surgically fit patients as compared to the normal
population of the lung cancers. These biases mean that the survival of our population
of Stage |-V patients is likely to be artificially large — especially for the larger
tumours. (For example, our one-year survival for all our patients and all Stage Il
patients was 74.9% and 63.4% respectively whereas the 2013-2017 age standardised
one-year survival in the UK is only 40.6% and 48.1% respectively (3)). It may also
artificially increase the difference in survival between those treated with Surgery
versus those not, as non-surgical treatment may reflect worse non-tumoural prognostic
factors, e.g. heart disease, fibrosis, and emphysema. It should be noted that these
biases which improve survival make finding significant correlations with survival more

difficult rather than easier, and thus should strengthen positive results.

The requirement for CT perfusion and desire for surgical histology also excludes very
small tumours because the results of CT perfusion imaging of tumours smaller than
1cm can be rather inaccurate and very small tumours may be treated non-surgically.
The overall smaller stage however, still means that the imaging biomarkers may be
negatively affected by partial volume effects, breath motion and other motion

artefacts.
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The overall population size is still relatively small, and somewhat heterogeneous in
stage of disease meaning that we could not check if there were statistically significant
correlations between biomarkers and substages nor correlate against full-staging (i.e.

Stage la, Ib, Ic, lla etc. vs Stage |, II, Il and V).

8.2 COVID-19 Dataset

The limitations of the COVID-19 dataset are discussed in detail in Section 7.5.1.
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9 Conclusion

The The main findings of this study and possible clinical relevance are summarized

here.

9.1 18F-FDG PET/CT Biomarkers
Both lower SUVmax and TBRiung are statistically associated with survival but neither are
independent of Stage. Lower TBRung is more strongly associated with survival than

SUVmax.

The finding that these prognostic factors are not independent of stage are in some
ways unsurprising given the role of SUVmax (and other uptake measures) in diagnosis
and the part they play in staging. The discovery that a cut-off for TBRiung acts as a strong
predictor especially in Stage | disease is a novel and interesting finding and suggests
further investigation with a larger cohort may prove a direct role for TBRung (0r even

SUVmax) in sub-staging Stage | disease in addition to lesion size.

9.2 CT Perfusion in Lung Cancer
There is no definite clear correlation with CT perfusion biomarkers and survival within
our study population, and there is no clear added benefit to CT perfusion over that of
18F-FDG based staging and surgery. Subgroup analysis restricting to the higher stage
patients treated with chemotherapy shows statistically significant correlations between
survival and the CT perfusion biomarkers which does replicate the findings of other
studies and, whilst caution should be taken when interpreting these as the numbers of
patients in this group are small, they highlight the potential utility of CT Perfusion

imaging in these cases.

9.3 Texture Analysis with TexRAD in Lung Cancer
Multiple CT and PET textural features are statistically significantly related to survival
and in particular CT entropy at fine texture (SSF=2mm) is statistically significantly
related to survival when combined with Surgery and Staging and remains statistically

significant when the whole treatment group is split into training and validation sets.
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The finding that entropy_ct_ssf_2 > 4.81 remains statistically significant in a combined
model with staging and surgical status across the whole dataset suggests that textural
analysis can be used to provide additional stratification over that of staging and surgical
status alone. The technique for ROl selection used in the study is quick and simple,
many other studies have relied on segmenting the whole tumour often using a
separate diagnostic CT, and was further coupled with CT thresholding, allowing one to
draw more generous borders around tumours centred within the lung but still result
with the same ROI. Prospective analysis on a future cohort using this cut-off would help
further prove the utility of this measure; it may also be helpful to review the effect of
radiotherapy and chemotherapy on entropy_ct_ssf_2 and whether it could provide an

earlier marker of recurrence or response.

9.4 Correlation Between Immunohistochemistry and
Mutation and Imaging Biomarkers

There were several interesting correlations between imaging biomarkers and the
immunohistochemical and mutation biomarkers, some of which were highly significant.
In particular the correlations found between imaging biomarkers and GLUT1 and
CD105 give potentially tantalising in vivo insights into tumour metabolism, hypoxia and
vascularity. These techniques have significant prognostic and predictive potential and
further large studies applied to lung-cancer treatment studies may prove this. The
initial results could be further investigated to suggest multivariate predictors for

mutation status or immunohistochemical markers.

9.5 Evolution of 8F-FDG-PET/CT Findings in Patients
Following COVID-19

This study opportunistically analysed incidental findings of COVID-19 disease and post-
COVID-19 lung disease in a novel manner: correlating CT findings and clinical details to
estimate disease time course and then using this information to further study '8F-FDG

uptake. The study demonstrated '8F-FDG uptake in COVID-19 increases with time after
infection and correlates with severity in contrast to the usual appearances of viral or

infectious diseases, thus suggesting an inflammatory component to disease symptoms.
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The persistent 8F-FDG uptake seen in patients with PCLD disease suggests that this
may be due to abnormally long-lasting inflammation. These findings suggest that
future studies may be directed at the use of 8F-FDG-PET/CT to understand disease
trajectory and may aid management of those patients with persistent respiratory

symptoms.

This study further demonstrates the value of TBRung in ILD and suggests it has a role

across the spectrum of ILD not just in IPF.

9.6 Further Work
The findings in this thesis suggest further investigation of the *¥F-FDG-PET biomarkers
and 8F-FDG-PET/CT TexRAD biomarkers would be of value. In particular it would be
helpful to more closely study SUVmax>7.6 and entropy_ct_ssf 2>4.81 across both more
focused multicentre datasets and more general multicentre lung cancer datasets. It
would similarly be of interest to evaluate if TBRiung< 26.2 remains prognostic in a Stage |
disease. Further multivariate analysis of the histological dataset should also be
performed with the histological dataset expanded with further recruitment. The
correlations found between imaging biomarkers and GLUT1 and CD105 give potentially
tantalising in vivo insights into tumour metabolism, hypoxia and vascularity. These
techniques have significant prognostic and predictive potential and further large

studies applied to lung-cancer treatment studies may prove this.

The findings in Chapter 7 suggest that future studies directed at the use of 8F-FDG-
PET/CT to understand disease trajectory of COVID-19 and PCLD should be considered
and that ¥F-FDG-PET/CT should be considered when managing patients with persistent
respiratory symptoms following infection. Of course, the emergency phase of the SARS-
CoV-2 pandemic is now over which makes further work here difficult, but should
another variant of concern arise or another novel coronavirus epidemic/pandemic

these results should be used to guide further work.

9.7 Summary

The most important results of this thesis are:
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The findings that cut-offs of SUVmax>7.6 & TBRiung > 26.2 are statistically

significantly associated with worse prognosis.

The finding that entropy_ct_ssf 2 > 4.81 is an independent predictor of survival
across the whole TexRAD cohort in a combined model with staging and survival,
and also stratifies survival when there mutations present in the histological

subset.

PCLD is associated with avidity which is reduced by steroids
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