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Summary

Malignant pleural mesothelioma (MPM) is a rare cancer of the mesothelial cells
of the visceral and parietal pleurae that is heterogeneous in terms of biology,
prognosis and response to systemic anti-cancer therapy (SACT). The primary
tumour forms an unusual, complex shape which makes survival prediction and
response measurement uniquely challenging. Computed tomography (CT)
imaging is the bedrock of radiological quantification and response assessment,
but it has major limitations that translate into low sensitivity and high inter-
observer variation when classifying response using Response Evaluation
Classification In Solid Tumours (mRECIST) criteria. Magnetic resonance imaging
(MRI) tools have been developed that overcome some of these problems but cost
and availability of MRI mean that optimisation of CT and better use for data
acquired by this method are important priorities in the short term. In this thesis,
| conducted 3 studies focused on, 1) development of a semi-automated
volumetric segmentation method for CT based on recently positive studies in
MRI, 2) training and external validation of a deep learning artificial intelligence
(Al tool for fully automated volumetric segmentation based on CT data, and, 3)
use of non-tumour imaging features available from CT related to altered body
composition for development of new prognostic models, which could assist in
selection of patients for treatment and improving tolerance to treatment by

targeting the systemic consequences of MPM.

The aim of Chapter 3 is to develop a semi-automated MPM tumour volume
segmentation method that would serve as the ground truth for the training of a
fully automated Al algorithm. A semi-automated approach to pleural tumour
segmentation has been developed using MRI scans which calculated volumetric
measurements from seed points - defined by differential tumour enhancement -
placed within a pre-defined volume of pleural tumour. | extrapolated this MRI
method using contrast-enhanced CT scans in 23 patients with MPM. Radiodensity
values - defined by Hounsfield units (HU) - were calculated for the different
thoracic tissues by placing regions of interest (ROI) on visible areas of pleural
tumour with similar ROIs placed on other thoracic tissues. Pleural volume
contours were drawn on axial CT slices and propagated throughout the volume

by linear interpolation using volumetric software (Myrian Intrasense® software



v2.4.3 (Paris, France)). Seed points based on the radiodensity range of pleural
tumour were placed on representative areas of tumour with regions grown.
There were similarities in median thoracic tissue HU values: pleural tumour, 52
[IQR 46 to 60] HU; intercostal muscle, 20.4 [IQR 11.9 to 32.3] HU; diaphragm,
40.4 [IQR 26.4 to 56.4] HU and pleural fluid, 11.8 [IQR 8.3 to 17.8] HU. There
was also reduced definition between MPM tumour and neighbouring structures.
The mean time taken to complete semi-automated volumetric segmentations for
the 8 CT scans examined was 25 (SD 7) minutes. The semi-automated CT
volumes were larger than the MRI volumes with a mean difference between MRI
and CT volumes of -457.6 cm? (95% limits of agreement -2741 to +1826 cm?). The
complex shape of MPM tumour and overlapping thoracic tissue HU values
precluded HU threshold-based region growing and meant that semi-automated

volumetry using CT was not possible in this thesis.

Chapter 4 describes a multicentre retrospective cohort study that developed and
validated an automated Al algorithm - termed a deep learning Convolutional
Neural Network (CNN) - for volumetric MPM tumour segmentation. Due to the
limitations of the semi-automated approach described in Chapter 3, manually
annotated tumour volumes were used to train the CNN. The manual
segmentation method ensured that all the parietal pleural tumour was included
in the respective volumes. Although the manual CT volumes were consistently
smaller than semi-automated MRI volumes (average difference between Al and
human volumes 74.8 cm?3), they were moderately correlated (Pearson’s r=0.524,
p=0.0103). There was strong correlation (external validation set r=0.851,
p<0.0001) and agreement (external validation set mean Al minus human volume
difference of +31 cm? between human and Al tumour volumes). Al segmentation
errors (4/60 external validation set cases) were associated with complex
anatomical features. There was agreement between human and Al volumetric
responses in 20/30 (67%) cases. There was agreement between Al volumetric and
mRECIST classification responses in 16/30 (55%) cases. Overall survival (OS) was
shorter in patients with higher Al-defined pre-chemotherapy tumour volumes
(HR=2.40, 95% Cl 1.07 to 5.41, p=0.0114).



Survival prediction in MPM is difficult due to the heterogeneity of the disease.
Previous survival prediction models have not included measures of body
composition which are prognostic in other solid organ cancers. In Chapter 5, |
explore the impact of loss of skeletal muscle and adipose tissue at the level of
the third lumbar vertebra (L3) and the loss of skeletal muscle at the fourth
thoracic (T4) vertebrae on survival and response to treatment in patients with
MPM receiving chemotherapy. Skeletal and adipose muscle areas at L3 and T4
were quantified by manual delineation of relevant muscle and fat groups using
ImageJ software (U.S. National Institutes of Health, Bethesda, MD) on pre-
chemotherapy and response assessment CT scans, with normalisation for height.
Sarcopenia at L3 was not associated with shorter OS at the pre-chemotherapy
(HR 1.49, 95% CI 0.95 to 2.52, p=0.077) or response assessment time points (HR
1.48, 95% CI 0.97 to 2.26, p=0.0536). A higher visceral adipose tissue index (VFI)
measured at L3 was associated with shorter OS (HR 1.95, 95% Cl 1.05 to 3.62,
p=0.0067). In multivariate analysis, obesity was associated with improved OS (HR
0.36, 95% Cl 0.20 to 0.65, p<0.001) while interval VFI loss (HR 1.81, 95% Cl 1.04
to 3.13, p=0.035) was associated with reduced OS. Overall loss of skeletal
muscle index at the fourth thoracic vertebra (T4SMI) during treatment was
associated with poorer OS (HR 2.79, 95% Cl 1.22 to 6.40, p<0.0001). Skeletal
muscle index on the ipsilateral side of the tumour at the fourth thoracic
vertebra (Ipsilateral T4SMI) loss was also associated with shorter OS (HR 2.91,
95% Cl 1.28 to 6.59, p<0.0001). In separate multivariate models, overall T4SMI
muscle loss (HR 2.15, 95% CI 102 to 4.54, p=0.045) and ipsilateral T4SMI muscle
loss (HR 2.85, 95% Cl 1.17 to 6.94, p=0.021) were independent predictors of OS.
Response to chemotherapy was not associated with decreasing skeletal muscle

or adipose tissue indices.
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Chapter 1: Introduction

1.1 General introduction

Malignant pleural mesothelioma (MPM) is a rare and incurable tumour of
mesothelial cells of the pleurae associated with antecedent asbestos exposure.
The median survival time is approximately 12-months(1). The first-line
treatment of MPM in NHS England and Wales is doublet chemotherapy(2) which
affords an additional 3-month survival advantage(3). In February 2022, the
Scottish Medicines Consortium (SMC) approved the use of nivolumab and
ipilimumab immunotherapy as a first-line treatment for adults with unresectable
MPM in NHS Scotland(4). Nivolumab has been approved in the second-line
treatment setting in NHS England and Wales(5).

All systemic anti-cancer therapies (SACT) have toxic side effects and it is
important to have objective measures of response to treatment to justify the
continuation of treatment. Response assessment in solid organ cancers has
traditionally been measured using Response Evaluation Criteria for Solid Tumours
(RECIST) criteria. In MPM, modified Response Evaluation Criteria for Solid
Tumours (mRECIST) criteria have been developed to provide objectivity when
assessing treatment response(6), but there are shortcomings with these criteria.
An automated approach specific to the distinct morphological complexities of

MPM tumour is imperative.

SACT requires the maintenance of adequate fitness during treatment. Fitness is
regularly assessed in the clinical setting by means of clinical examination,
biochemical laboratory tests and anthropometric measurements. Patients
receiving SACT commonly develop cancer cachexia which is a complex syndrome
resulting in changes in body weight and composition(7). Sarcopenia - the loss of
skeletal muscle mass - is a principal component of cancer cachexia and is
prognostically significant in other solid organ cancers. Adipopenia - the loss of
adipose tissue - is another feature of the cachexia syndrome. Although
encountered frequently in the clinical setting, very few research studies have

determined the significance of altered body composition in patients with MPM.



38

The general aim of my thesis is to develop and examine radiological biomarkers
to measure treatment response and predict survival in patients with

chemotherapy-treated MPM.

1.2 Malignant pleural mesothelioma

Malignant pleural mesothelioma (MPM) is an incurable cancer of the mesothelial
cells of the pleurae(8). MPM is associated with prior exposure to asbestos
fibres(9). Exposure can be via industrial use of asbestos or through second-hand
exposure such as spousal contact(10). Exposure to asbestos can occur after
contact with naturally occurring asbestos deposits and community contamination
through asbestos mines, processing plants and manufacturing facilities(9).
Asbestos fibres are broadly classified into serpentine (from serpentinite rocks)
and amphibole fibres. The former is mostly chrysotile (white) asbestos, and the
latter is divided into amosite (brown), crocidolite (blue), tremolite, actinolite
and anthophyllite(8, 9).

Ancient uses of asbestos have been documented as early as 4000 B.C. with
asbestos fibres being used as lamp wicks(11). The Romans used asbestos fibres in
tablecloths(12). MPM was first identified in the late 1940s and mid-1950s(13,
14). During this time, asbestos was being extensively used in industry due to its
low-cost and fire-retardant properties. The locomotive, boiler-making and
shipbuilding industries boasted a predominance of asbestos use(15). Importation
and industrial use of amosite and crocidolite asbestos was banned in 1985 and
chrysotile asbestos was banned from industrial use in 1999 in the United
Kingdom(16) and in 2005 by the European Union(17). Following exposure to
asbestos fibres, MPM can manifest up to 30 to 40 years later. The large increase
in annual deaths in the UK observed due to MPM over the last fifty years reflect
this latent period and have been attributed to the peak of imported asbestos to
the UK up until the 1970s(18).

MPM occurs mostly in males with a median age around 70 years old in high-
income countries(19), with almost 50,000 deaths occurring in Europe between
1994 and 2016(20). Earlier predictions suggested that after 2020, deaths related
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to MPM would start to decline(21). In 2019, there were 2,369 mesothelioma-
related deaths in the United Kingdom(22). Data extrapolated on asbestos use in
59 countries in 2017 estimated the worldwide rate of MPM deaths to be 38,400
per year(23). In post-industrial nations, the incidence has levelled off through
asbestos bans. However, despite the ban of the use of asbestos in the United
Kingdom, residual asbestos remains in households and workplaces today with
exposure occurring through damaged asbestos cement materials. MPM will
continue to be a burdensome disease for several decades to come due to the
continued mining and processing of asbestos in large countries such as Russia and
China(24, 25).

1.2.1 Histological sub-types of MPM

The three histologic sub-types of MPM are epithelioid, sarcomatoid and biphasic.
The epithelioid sub-type is the most common, accounting for up to 70% of
cases(20, 26). It is characterised by oval tumour cell proliferation on
histopathological examination following tissue biopsy(27). The sarcomatoid sub-
type approximates 20% of all cases of MPM(28, 29). Spindle cell proliferation and
the formation of oval nuclei are histological characteristics(27). Biphasic MPM

has features of both the epithelioid and sarcomatoid sub-types(20).

Epithelioid sub-type is associated with a better prognosis compared to the other
sub-types(30-32). Blyth and Murphy retrospectively assessed 370 patients in the
West of Scotland and determined that overall survival (OS) was longest in
epithelioid sub-types compared to sarcomatoid and biphasic sub-types (HR 1.75,
p=0069 and HR 1.93, p<0.0001, respectively)(32). Sarcomatoid confers the worst
prognosis with a median survival time of 3.5 to 8 months(33). The European
Organization for Research and Treatment of Cancer (EORTC)(34) prognostic
scoring system and subsequent validation studies include sarcomatoid histology
as an independent predictor of early mortality(35-37). The authors of the Cancer
and Leukaemia Group B (CALGB) prognostic scoring system also determined non-
epithelioid history to be an independent survival predictor(38). Nowak and
colleagues assessed 93 patients with MPM and concluded that sarcomatoid

histology was the most significant determinant of 0S(39). In their study of 367



40

patients with MPM, Billé and colleagues reported that sarcomatoid MPM was an
independent prognostic factor for OS (HR 7.86, p<0.001)(31).

1.3 Detection and staging of MPM

Disease stage is prognostic in patients with MPM(40-44) and is an important
determinant of prospective treatment strategies. MPM is staged according to the
tumour, node and metastasis (TNM) classification. The International Association
for the Study of Lung Cancer (IASLC) published the eighth edition of the staging

classification in 2018(45). This has been summarised in Table 1.1.

1.3.1 Limitations of CT in detecting MPM

Although CT is the primary imaging modality in assessing ‘T’ stage in MPM, it is
limited in the assessment of primary tumour. MPM grows as an irregular,
circumferential rind within the pleural cavity, extending axially in the thoracic
cage. Distinguishing between atelectasis, pleural fluid, pleural thickening and
calcified pleural plaques further complicates the accurate assessment of primary
tumour volume in MPM(46). CT has limited accuracy in distinguishing between
potentially resectable (T3) and technically unresectable (T4) disease, including
reliable identification of tumour extension into the diaphragm(47). This is
important in patients in whom surgery is being considered, as tested recently in
the randomised Mesothelioma and Radical Surgery 2 (MARS 2) trial which is due
to read out in 2023(48). There is wide variability in the diagnostic performance
of CT reported in the pleural malignancy literature with sensitivities and

specificities ranging from 58% to 93% and 78 to 96%, respectively(49-52).



Table 1.1 Eighth edition of the TNM staging system for MPM

TNM Descriptor

Tx Primary tumour cannot be assessed

TO No evidence of primary tumour

T1 Tumour involving ipsilateral parietal pleura +/- visceral pleura
T2 Tumour involving any of the ipsilateral pleural surfaces plus:

e Confluent visceral pleural tumour, and/or
e Involvement of diaphragmatic muscle, and/or

e Invasion of the lung parenchyma

T3 Tumour involving the ipsilateral pleural surfaces plus:
¢ Invasion of the endothoracic fascia, and/or
e Extension into the mediastinal fat, and/or
e Solitary soft tissue chest wall invasion, and/or

e Non-transmural pericardial involvement

T4 Tumour involving the ipsilateral pleural surfaces plus:

e Any rib involvement, and/or

e Peritoneal invasion through the diaphragm, and/or
e Mediastinal organ invasion, and/or

e Contralateral pleura extension, and/or

e Spine or brachial plexus invasion, and/or

e Transmural pericardial involvement, and/or

NXx Nodes cannot be assessed

NO No evidence of nodal involvement

N1 Ipsilateral bronchopulmonary, hilar or mediastinal nodes

N2 Contralateral bronchopulmonary, hilar or mediastinal nodes or

ipsilateral or contralateral supraclavicular nodes

Mx Presence of metastases cannot be assessed

MO No distant metastases

M1 Distant metastases
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1.4 Systemic anti-cancer therapy in MPM

1.4.1 Chemotherapy

Chemotherapy exerts its cytotoxicity directly on cancer cells and has been the
mainstay of systemic anti-cancer therapy (SACT) following the discovery of the
marrow-suppressive effects of nitrogen mustards in the First World War(53). In
patients with MPM, combination chemotherapy with pemetrexed - a folate
antimetabolite - and cisplatin - a platinum-based alkylating agent - affords a
three-month survival advantage in patients with MPM (12.1 versus 9.3 months,
p=0.020)(3). Patients receiving raltitrexed - another folate antimetabolite - and
cisplatin had a superior survival advantage compared to single agent cisplatin
(8.8 months versus 11.4 months, p=0.048)(54). The addition of bevacizumab - an
anti-angiogenesis recombinant humanised monoclonal antibody - to doublet
chemotherapy offers a modest survival benefit compared to combination

chemotherapy alone (18.8 months versus 16.1 months, p=0.0167)(55).

The efficacy of second-line treatments in patients previously exposed to
platinum-based therapy is unproven. Previously studied second-line agents
include chemotherapies such as histone deacetylase inhibitors, e.g.,
vorinostat(56), tyrosine kinase inhibitors, e.g., sorafenib(57) and dasatinib(58),
and further single agent chemotherapy, e.g., pemetrexed(59). A recent study
assessed vinorelbine versus supportive care in the second-line setting,
demonstrating a median progression free survival of 4.2 months versus 2.8
months, respectively (p=0.0017)(60).

1.4.2 Immunotherapy

Over recent years, immune checkpoint inhibitors which block inhibitory signals
of T-cell activation have been increasingly investigated and reported in the
thoracic malignancy literature. The programmed cell death protein 1 (PD-1)
inhibitors nivolumab(61) and pembrolizumab(62) and the programmed death
ligand (PD-L1) inhibitors durvalumab(63) and atezolizumab(64) have been shown

to improve overall survival (OS) in patients with non-small cell lung cancer
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(NSCLC). In patients with small cell lung cancer (SCLC), improved survival
outcomes have been reported with combination treatment with chemotherapy
and the PD-L1 inhibitor atezolizumab(65).

1.4.2.1 Immunotherapy as first-line treatment in MPM

The Checkmate 743 study assessing ipilimumab - a monoclonal antibody against
CTLA-4 - in combination with nivolumab - a human monoclonal immunoglobulin
G4 antibody to PD-1 - in patients with MPM reported a significant survival
advantage compared to combination chemotherapy alone (18.1 months versus
14.1 months, p=0.002)(66). There was a very large benefit of immunotherapy
over chemotherapy in the non-epithelioid group. In the recently published
Checkmate 743 study update, Peters and colleagues reported a 3-year survival
benefit with the combination of nivolumab and ipilimumab compared to
traditional chemotherapy in patients with MPM who are not eligible for
surgery(67). The Scottish Medicines Consortium recently accepted combination

nivolumab and ipilumumab as a first-line treatment for unresectable MPM(4).

1.4.2.2 Immunotherapy as second-line treatment in MPM

Second-line nivolumab monotherapy has been investigated in the NivoMis and
MERIT trials with median OS rates of 11.8 and 17.3 months, respectively(68, 69).
In the MAPS-2 study, nivolumab monotherapy had a median progression free
survival (mPFS) of 4.0 months(70). Avelumab, a PD-L1 blocker, was studied in 53
patients and had a response rate of 9.4% and a mPFS of 3.9 months(71). The
CONFIRM study recently reported preliminary results demonstrating improved OS
with nivolumab (9.2 months versus 6.6 months, p=0.018)(72). In NHS England and
Wales, single agent nivolumab has been licensed under interim treatment
options published during the COVID-19 pandemic as a second-line treatment

(rather than second-line chemotherapy)(5).
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1.5 Tumour response assessment

Assessment of treatment response is important in determining efficacy of toxic
therapies and suitability to second-line and more novel anti-cancer treatments
in MPM.

Venous-phase contrast-enhanced computed tomography (CT) is widely used in
clinical practice for the diagnosis of MPM and assessment of response to
chemotherapy and other anti-cancer agents(73). Radiological features of MPM
include parietal and visceral pleural enhancement and chest wall and

diaphragmatic infiltration. Some of these features are illustrated in Figure 1.1.

Figure 1.1 Contrast-enhanced coronal CT image of a patient with MPM. A large
malignant pleural effusion (red P) and pleural enhancement (white arrows) are

visible
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1.5.1 Response Evaluation Criteria In Solid Tumours

Early objective reporting of treatment response was first standardised in the
1980s with the recommendation of bidimensional tumour measurements -
defined as the sum of the longest diameter of the lesion and its perpendicular
diameter - at pre- and post-treatment time points(74). The World Health
Organisation (WHO), US National Cancer Institute (NCI) and the European
Organisation for Research and Treatment of Cancer (EORTC) defined simplified
response assessment criteria, termed Response Evaluation Criteria in Solid
Tumours (RECIST) which were based on the sum of the unidimensional
measurements of the longest diameter of tumours of ‘target lesions’(75).
According to RECIST criteria, a maximum of ten lesions can be measured with a
maximum of five measurements in each organ. RECIST 1.0(75) and RECIST
1.1(76) are the gold standard response assessment tools in patients with solid

organ cancers.

1.5.2 Modified Response Evaluation Criteria in Solid Tumours

The principal limitation with the RECIST criteria is the assumption of tumour
sphericity which under-classifies tumour response(77) and does not take into

account equivalent percentage changes in the three-dimensions of a tumour(78).

Modified Response Evaluation Criteria in Solid Tumours (mRECIST) classification
was developed in MPM to assuage such assumptions with readers measuring
tumour thickness perpendicular to the chest wall or mediastinum in two
positions at three separate levels on thoracic CT scans(6). The summed value of
these measurements define response assessment with a reduction of >30% on
two occasions four weeks apart defining partial response (PR) and an increase of
>20% from the pre-treatment scan defining progressive disease (PD)(6). Those
who do not fulfil the criteria for PR nor PD are defined as having stable disease.

Figure 1.2 provides an example of mRECIST measurements.
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Figure 1.2 Axial contrast-enhanced CT image of a patient with MPM
demonstrating mRECIST. The blue lines represent measurements taken

perpendicular to the chest wall and the vertebral column

However, disparities in treatment response have been reported when applying
the bidimensional WHO criteria and unidimensional mRECIST criteria in the same
patients with MPM(79). Differences in OS have been observed depending on
whether tumour volumetry or mRECIST criteria are applied in the same patient
cohort(80). Additionally, significant inter-observer variability has been reported
when applying mRECIST criteria in patients with MPM with 95% limits of
agreement for inter-observer differences spanning a range as high as 30%(81). As
previously mentioned, mRECIST criteria defines partial response to treatment as
a 30% volume decrease from the pre-treatment scan and progressive disease as a
20% increase in tumour volume between interval scans. Inter-observer variation
may directly translate into different response classification based on the same
imaging appearances. An important study by Oxnard and colleagues applied
RECIST response criteria to thickness measurements of MPM models(82). Their
modelling suggested that more appropriate response thresholds to the non-
spherical shape of MPM would be partial response defined as a 66% volume
decrease and progressive disease defined as a 73% volume increase, with these
requiring prospective validation(82). As a result, novel methods that measure

the volume of primary tumour in patients with MPM have been sought.
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1.6 Tumour volumetry in other thoracic malignancies

Different tumour volumetric measurement techniques have been reported in
patients with thoracic malignancy. In patients with NSCLC, mathematical
modelling(83, 84) and radiodensity correction methods(85) have also been
described. Volumetric parameters using '8F-fluorodeoxyglucose positron emission
tomography computed tomography ('8F-FDG PET CT) have been reported to be
significant prognostic indicators in patients with NSCLC(86). Other PET CT
parameters have included maximum standardized uptake value (SUVmax)(87),
total metabolic active tumour volume (TMATV) and total tumour burden (TTB)

measurements(88).

Tumour volume is a predictor of prognosis in patients with thoracic malignancy.
In patients with NSCLC, metabolic tumour volume has been reported as
prognostically significant in early(89) and later stage disease(90-92). Similar
outcomes have been reported in SCLC(93-96). Other studies have reported
correlation between OS and the sphericity of gross tumour volume (GTV) in

NSCLC(97) as well as shape and textural analyses(98).

1.7 Previous volumetric techniques in MPM

Higher tumour volume is prognostically significant in patients with MPM(80, 99-
104). In the mesothelioma literature, recent advances in CT tumour volumetry
have resulted in new approaches to the traditional T staging techniques of the
7t(105) and 8t"(45) versions of the TNM staging systems. These have included

three-dimensional CT volumetric approaches to response assessment which are

described as follows.

In their landmark study published in 1998, Pass and colleagues manually
delineated pleural tumour using a track-and-ball mouse on 48 patients’ pre-
resection and post-resection CT scans with computer software reconstructing the
tumour in three dimensions to provide volume in cubic centimetres(99). The
patients had cytoreductive debulking by extra-pleural pneumonectomy (n=25) or

pleurectomy/decortication (n=23). Patients with pre-operative tumour volume
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<100cm? had a longer median OS (22 months versus 11 months, p=0.03)(99).
Patients with pre-operative tumour volumes >52 cm? had shorter progression-

free intervals (8 months versus 11 months, p=0.02).

Zhao and colleagues developed a sequential segmentation approach that
involved dissecting pleural tumour from other anatomical structures in the
thoracic cage. They reported an accuracy of 80.6% with absolute differences in
the percentage change between the manual and automated results of 6.7% in
the 8 patients studied(106).

Three-dimensional interpretation of two-dimensional cross sections by counting
the number of evenly spaced dots overlying tumour - also termed Cavalieri’s
geometrical principle of stereology - has been investigated by Ak and colleagues
(107). They demonstrated that patients with non-progressive disease - defined as
stable disease or objective response - had a longer median OS compared to
patients with progressive disease (14 v 16 v 10 months, respectively, p=0.008).
This technique has since been superseded by digital volumetric approaches to

tumour segmentation.

Liu and colleagues used a semi-automated computer algorithm. After
dichotomising tumour volume into crude ‘increase’ and ‘decrease’ change
groups, volumetric change after two cycles of chemotherapy predicted OS in the

30 patients investigated(80).

Frauenfelder and colleagues used Myrian® software - originally designed as a
hepatic volumetric measurement tool - to compare tumour volume
measurements to mRECIST criteria using pre- and post-chemotherapy CT scans of
30 patients with MPM(108). Their semi-automated method involved contouring
the outer part of the pleura every fourth to fifth slice followed by automatic
linear algorithmic interpolation between the marked slices to provide tumour
volume. High inter-rater reliability (0.99) and inter-observer agreement (general
K 0.9) were reported for absolute tumour volumes. However, low inter-rater
reliability (ICC=0.55) and low inter-observer agreement for tumour response

classification (general k 0.33) was reported when compared to RECIST criteria.
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A novel method involving computerised delineation of the pleural space through
automated segmentation of lung parenchyma and the hemi-thoracic cavity
followed by a semi-automated segmentation method to define the liver
boundary was reported by Sensakovic and colleagues(109). Three readers
delineated five axial sections in 31 patients’ CT scans. The median Jaccard
similarity co-efficient (J-index) was 0.517 between the human readers and 0.484

between the manual- and computer-defined segmentations.

Labby and colleagues adapted the Sensakovic method by adding an interpolation
component - defined as a ‘watershed segmentation’ which divided the
segmented disease into three-dimensional regions based on morphology and
spatial proximity - to 281 serial CT scans from 81 chemotherapy-treated
patients, and reported volume change to be an independent predictor of OS
(104).

Chaisaowong and colleagues segmented pleural thickening from thoracic tissue
using a 3-D modelling approach(110). However, their method was limited by

growth pattern assumptions.

Rusch and colleagues conducted a feasibility study assessing the use of CT-
derived volumetric assessment of pleural tumour in MPM, with mean tumour
volumes of 91.2 cm?, 245.3 cm? and 511.3 cm? conferring respective median OS
rates of 37, 18 and 8 months(102).

Gill and colleagues employed a semi-automated volumetric approach based on
automated radiodensity-thresholds provided by Vitrea Enterprise suite 6.0®
(Vital Images®, Minnesota, USA) and human reader manual delineation, with
absolute volume differences of 173.7cm?3 to 860.6 cm? reported between human
readers(111). This was blamed on ‘perception errors’ and limited distinction

between tumour and adjacent tissues(111).

Chen and colleagues reported a Dice coefficient of 0.825 after comparing
manual segmentation on 45 baseline and follow-up CT scans with a semi-
automated random walk segmentation method involving the placement of seed

points in areas representative of pleural tumour(112). The Dice coefficient - also
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known as the Dice score, Serensen-Dice coefficient or F1 score - is a
performance metric for image segmentation by deep learning algorithms which
is widely reported in Al literature and detailed later in Section 1.8.2 of this
chapter. A higher J-index (0.79) and Dice similarity coefficient (0.88) were
observed by Brahim and colleagues upon assessing their semi-automated, multi-

stage thoracic cavity segmentation and texture analysis approach(113).

In their study of tumour volume in MPM, calculated by the sum of the maximal
tumour thickness and tumour extent grade of the pleural circumference which
was measured at the level of the carina, Paajanen and colleagues divided
tumour size into tertiles with the median OS in the lowest, middle and highest
tumour volume groups being 14.0, 11.1 and 5.4 months, respectively
(p=0.016)(103).

1.8 Artificial Intelligence in imaging

Despite the advent of three-dimensional measurements, accurate and
reproducible measurements of primary tumour volume in MPM have remained
problematic. Tumour volume has yet to be incorporated into clinical practice for
prognostication and staging. As previously highlighted, manual oversight and
contouring are time-consuming and prone to inter-observer variability.
Limitations of primary tumour volumetric assessment in MPM has led to the
development of automated and semi-automated approaches to CT image

interpretation, including deep learning approaches.

Deep learning is a sub-category of machine learning that forms the basis for
artificial intelligence (Al) image interpretation(114). Al was first defined as “the
science and engineering of making intelligent machines” by John McCarthy in
1955(115). Deep learning is broadly defined as the “simulation of human
behaviour by machines”(116). Deep learning algorithms are designed to include
multiple layers of algorithms that are stratified into hierarchies of data
importance(117). The accumulation of data from real-world inputs ‘trains’, or

rather, mathematically improve its ‘fit’, as it seeks to match the input
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provided(118). The network provides outputs that are adaptive as it continues to

‘learn’ from these inputs(119).

Deep learning algorithms are used in every-day life. Social media platforms
utilise deep learning to power their virtual assistants(120) and to analyse
data(121). Other uses include chatbot agents such as those deployed in
banking(122) and healthcare settings(123). The commercial sector uses deep
learning to predict customer behaviour(124, 125). Deep learning algorithms can
extract information from text(126), detect fraud(127) and filter spam messages
on email communications(128). Deep learning also forms the basis of facial
recognition technology(129). In the medical setting, deep learning can be
utilised to extract medical information from electronic health records(130) and

to facilitate matching of patients to clinical trials(131).

Deep learning has also been applied to medical images(132). Image
interpretation by expert human readers is required as a first step in this process;
this human ‘input’ is commonly known as ground truth in the Al literature. In
intelligent medical imaging, ground truth is determined by clinicians who
identify anatomical structures such as bone, lung and normal pleurae(133, 134).
Accurate ground truth enables the artificial algorithm to ‘image label’ each

tissue to provide appropriate outputs by algorithms(135).

1.8.1 Convolutional neural networks

Advances in deep learning methods have resulted in the development of
convolutional neural networks (CNN)(136). A CNN is a multi-layered
convolutional filter that can be trained to identify image features that
correspond with given image classifications or image labels(137). Deep CNNs
have been widely utilised in the machine learning community, including Visual
Geometry Group(138), GoogleNet(139), Residual Net(140) and U-Net(141). CNNs
have been proven to out-perform humans when trained on very large
datasets(142). Commercial object detection and recognition datasets are trained
on millions of images, for example, ImageNET (n=14,197,122)(143), Open Images
(n=9,178,275)(144), Microsoft Common Objects in Context (n=2,500,000)(145)
and OpenLORIS-Object (n=1,106,424)(146). Deep learning techniques have been
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applied in medical imaging(147), including U-net architecture in lung
segmentation(148) and in patients with thoracic malignancies(149, 150). U-Net
architecture was first described by Ronneberger and colleagues and is a deep
learning method that identifies label-specific regions of an image(141). The
network is shaped like a U-curve and is broadly divided into convolutional
encoding and decoding units. Convolutional encoding facilitates image analysis
and feature combination at different scales of the image. The network is also
coupled with ‘skip connections’ to maintain detailed features. Although similarly
sized datasets are not available in medicine, U-net architecture can operate

with limited training images(141, 151).

1.8.2 Artificial Intelligence in MPM

Gudmundsson and colleagues were the first authors to report automated
segmentation of pleural thickening in patients with MPM utilising U-Net
architecture(136). Their method involved differentiating between pleural
thickening and normal thoracic tissue in 131 slices from 43 CT scans. After
testing the CNN against human-measured segmentations of MPM tumour in two
separate validation datasets, the CNN demonstrated superior performance (Dice
coefficient 0.662 to 0.800). The Dice coefficient was described earlier in Section
1.7.1 of this chapter and equals 1.0 if the two datasets are identical and 0.0 if
there are no similarities. Dice is more precise in reporting on exact region
overlap on the image files. One of the limitations of the Gudmundsson paper was
that the CNN often included pleural effusions in the predicted tumour volumes.
The authors refined their deep CNN-based method in a subsequent publication,
with a focus on pleural effusions(152). Another imitation was that requirement

of a human user having to manually define the side of the MPM tumour.

1.9 Survival prediction in MPM

Survival in MPM is heterogenous with a median survival of 9 to 12 months(20).
Survival prediction in MPM is made difficult by the heterogeneity of the disease.
Factors predictive of survival have been reported since the late 1990s and are

largely based on routinely available clinicopathological data. As described
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earlier in this chapter, survival in MPM is dependent on the histological sub-
type(30-34, 38, 39), disease stage(38, 153) and tumour volume(80, 99-104).
Other predictors include older age(38, 154-156), male sex(34, 36, 156), poorer
performance status(30, 34, 36), low haemoglobin(36, 38) and elevated
inflammatory indices(34, 36, 38). Performance status and inflammatory indices

will be discussed in more detail here.

1.9.1 Performance status

Performance status (PS) is universally used as a surrogate metric for patients’
fitness to undergo specific treatments, including surgery, radiotherapy and
systemic anti-cancer therapy (SACT). The Eastern Cooperative Oncology Group
Performance Status (ECOG PS) grading system is the most commonly used scale
and ranges from 0 (normal functioning) to 5 (dead)(157). Table 1.2 provides the
scale-points and descriptions of activity on each scale. The Karnofsky score (KS)
is another scoring system used and ranges from 0 (dead) to 100 (normal

functioning)(158).

The British Thoracic Society (BTS) guidelines state that patients with MPM being
considered for first-line chemotherapy require a PS of 0 or 1(2). The American
Society of Clinical Oncology (ASCO) MPM treatment guidelines recommend first-
line SACT for patients with a PS <2(159). The European Society for Medical
Oncology (ESMO) MPM guidelines stipulate that patients with PS 0 to 2 should be
considered for SACT(160).

Patients with a PS of 2 are a heterogenous cohort and are often excluded from
clinical trials, e.g., Checkmate 743(66). The licensing of nivolumab and
ipilimumab in Scotland will follow this(4). Only patients with a PS of 1 or O are
directed to nivolumab and ipilimumab in the European Society for Medical
Oncology (ESMO) MPM guidelines(160). This is reflected in day-to-day clinical
practice. If patients at risk of losing fitness or already determined to have a PS
>2 are targeted, the life prolonging benefits for treatments like nivolumab and

ipilimumab could be extended to more cases.
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PS features in all the MPM prediction scores. In the regression tree of the CALGB
score, PS was the most significant prognostic factor(30). In the Brims decision
tree model, patients with a PS >2 were included in Group 4 (the group with the
worst survival) and patients with PS 0 or 1 went into Group 3(30). Their data
demonstrated that PS superseded histology, i.e., sub-type only mattered if PS
was 0 or 1, with a similar effect for haemoglobin <12 ug/L(30). Cedres and
colleagues assessed 189 patients with MPM - 85% had been offered first-line
chemotherapy - and reported median OS of 28.8 months for patients with PS 0,
18.8 months for those with PS 1 and 2.4 months for those who were PS 2
(p=0.001)(161). Rahouma and colleagues assessed 114 patients with MPM who
received platinum chemotherapy and reported superior OS in the PS 0 to 1 group
compared to the PS >2 group (p=0.024)(162). The same authors reported that

patients with PS 0 or 1 completed 3 or more cycles of chemotherapy.

Table 1.2 WHO/ECOG Performance Status

Grade | Description of activity

0 Fully active

Able to carry on all pre-disease performance without restriction

1 Restricted in physically strenuous activity

Ambulatory and able to carry out light or sedentary work

2 Ambulatory and capable of all self-care
Unable to carry out any work activities

Up and about >50% of waking hours

3 Capable of only limited self-care

Confined to bed or chair >50% of waking hours

4 Completely disabled

Cannot carry on any self-care
Totally confined to bed or chair
5 Dead
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1.9.2 Systemic inflammation

Systemic inflammation is prognostic in patients with MPM. Elevated white cell
count (WCC) is prognostic in the EORTC model(34) and in the external validation
studies of this model(35, 36). In their study of 33,432 patients with solid organ
cancers, Templeton and colleagues concluded that the prognostic effect of
neutrophil:lymphocyte ratio (NLR) was higher in mesothelioma compared to
other malignancies (HR 2.35, p=0.001)(163). Three studies by Kao and colleagues
have reported the prognostic significance of NLR in patients with MPM(164),
including 173 patients receiving systemic treatment(165) and 85 patients who
had an extra-pleural pneumonectomy(166). Pinato and colleagues examined 171
patients with MPM and reported that NLR was an independent predictor of OS
(HR 2.0, p=0.008)(167). The same authors also reported that modified Glasgow
Prognostic Score (mGPS, a composite of serum albumin and C-reactive protein
(CRP)) was also an independent predictor of OS (HR 2.6, p<0.001)(167). Low
serum albumin(168) and lymphocyte-to-monocyte ratio (LMR)(169) are also
prognostic in separate studies of patients with MPM. Pre-treatment CRP has been
associated with subsequent clinical benefit from multi-modality treatments
incorporating surgical resection(170). Elevated NLR and PLR have also been

shown to affect disease-free survival(171).

1.9.3 Limitations of survival prediction models in MPM

In a study on which | was first author, our research group identified the
limitations of routinely available clinical data in accurately predicting MPM
prognosis(172). This was important and directly informed the decision to
investigate additional predictors of survival, which are explored in Chapter 4 (in
which tumour volume is related to survival) and in Chapter 5 (regarding altered
body composition). In this single centre study with a validation set of 100
patients with MPM, age, PS, pre-chemotherapy WCC and pre-chemotherapy
albumin were reported to be prognostically significant(172), almost matching
the predictors reported by Brims and colleagues(30) which is included in the
British Thoracic Society (BTS) guidelines for the ‘Investigation and Management
of MPM’(2). However, a validation set Dxy - a quantification score numerically

equivalent to a C-statistic or area under the cure (AUC) score) ranging from 0 to
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1, with increasing concordance between observed (0) and predicted (1)
outcomes - was only 0.221 which suggested that our survival prediction model
only provided a 22% improvement upon what would have been expected by
chance. This highlighted the inadequacy of survival prediction models based on
clinical data in accurately predicting outcomes in MPM. Moreover, the
aforementioned survival prediction scores and studies that have validated these
scores do not include survival predictors such as tumour genomics, tumour
volumetry and body composition metrics such as skeletal muscle mass and
adipose tissue mass which are integral to the cancer cachexia syndrome. |
therefore focused on body composition measures which | will report in Chapter 5

in parallel to my work on tumour volumetry methods in Chapters 3 and 4.

1.10Cancer cachexia

Cancer cachexia was defined by an international panel of experts in 2011 as “a
multifactorial syndrome defined by ongoing loss of skeletal muscle mass - with or
without loss of fat mass - that cannot be reversed by conventional nutritional

support and leads to progressive functional impairment” (7).

Cachexia results in reduced tolerance to chemotherapy(173-176), reduced
quality of life(177) and shorter survival(173, 178-186). Similarly, sarcopenic
patients are at risk of treatment-related toxicities(187) and shorter survival(179,
188, 189). There are few data relating to the significance of cancer cachexia in
MPM(190). The detection of cachexia is not just important for prognostic models.
It could be actionable with improved tolerance to therapies, especially in the

high-risk PS 2 cases who are often not treated.

The prevalence of cancer cachexia in advanced malignancies ranges between
50% and 80%(191-195). Limited prevalence data exist regarding cancer cachexia
in patients with MPM. In their study assessing Actin A in patients with MPM(196),
Paajanen and colleagues used the Fearon definition of >5% weight loss over the
past 6 months, BMI <20 kg/m? and weight loss >2% or skeletal muscle index (SMI)
consistent with sarcopenia and weight loss >2%(7). They reported cachexia in
12/21 (57%) of the patients studied(196).
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1.11Principal constituents of cancer cachexia

Cancer cachexia results from a complex interplay between tumour and host and
is driven by pro-inflammatory and catabolic mediators, or ‘cachexokines’. | have
provided a visual guide to the multi-system involvement of this syndrome in
Figure 1.3. This is an amalgam of pathological mechanisms described in detail by
Fearon and colleagues(7), Baracos and colleagues(197), Porporato(198) and

Biswas and colleagues(199).
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Figure 1.3 Pathophysiology of cancer cachexia

A detailed description of the biochemistry and pathophysiology of the cancer
cachexia syndrome is beyond the scope of this thesis. However, the principal
constituents are weight loss, anorexia, systemic inflammation and altered body

composition.
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1.11.1 Weight loss

Weight loss is a central tenet of cancer cachexia. In the early 1990s, an
international clinical research group sponsored by the National Cancer Institute
defined weight loss in the context of cancer cachexia as “a 5-pound weight loss
in the preceding 2 months and/or an estimated daily caloric intake of <20
calories per kg, a desire by the patient to increase his or her appetite and gain
weight, and the physician’s opinion that weight gain would be beneficial for the
patient”(200). The importance of weight loss was again emphasised by Loprinzi
in 1995 who stated that “cancer cachexia is most often defined by criteria based

on weight loss, i.e., involuntary weight loss greater than 10%”(201).

The current definition of cancer cachexia is based upon the rate of weight loss
as well as attainment of a low body mass index (BMI)(7). Martin and colleagues
published a scoring matrix based on weight loss and BMI in patients with locally
advanced or metastatic cancer that predicted OS independent of cancer type,

tumour stage, age, sex and PS(186).

Weight loss is common in patients with thoracic malignancies(181, 202, 203) and
is prognostic in patients with non-small cell lung cancer (NSCLC)(204) and small
cell lung cancer (SCLC)(205). Weight gain in patients with advanced NSCLC
receiving chemotherapy has been shown to be beneficial(206). The impact of
weight loss in patients with MPM has been less conclusive, with previous studies
reporting an adverse association with prognosis(30, 36, 38, 207) whilst other
authors concluding that weight loss is not an important determinant of
survival(34, 208), including the before-mentioned survival prediction study on
which | was first author(172). The reliance of weight loss on the cachexia
definition can make retrospective studies difficult since these data may not be

reliably recorded in routine clinical records.

1.11.2 Anorexia

Another important constituent of the cancer cachexia syndrome is anorexia.
Anorexia is derived from the Greek: an, meaning ‘without’, and orexia, meaning

‘appetite’. In the context of cancer cachexia, anorexia has been defined as
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“food intake insufficient to meet the metabolic needs of the tumour-bearing
host”(209). It is common in patients with thoracic malignancies, including
NSCLC(210) and SCLC(211). In patients with MPM, pre-treatment anorexia is
prognostic of 05(164). The complex biology of anorexia has been described in
previous studies and is beyond the scope of this thesis(212, 213). A brief

overview is provided here.

Peripheral signalling provides feedback to the hypothalamus which polices
metabolic changes in skeletal and adipose tissues(214) as well as behaviours that
results in energy intake(215). In animal models, arcuate neurons such as pro-
opiomelanocortin (POMC) and agouti-related peptide (AgRP) are central to the
pathogenesis of anorexia(216). Additionally, altered feedback to the
hypothalamus from peripheral tissues has also been shown to be
deleterious(217). Proinflammatory cytokines from tumours and systemic
inflammation(218) also have an important role in the anorexia syndrome(216,
219).

Anorexia is poorly understood in the cachexia syndrome as evidenced by enigmas
such as elevated ghrelin levels (ghrelin is an appetite stimulant) in patients with
advanced lung cancer and anorexia(220, 221). The enigma is that patients with
the cachexia syndrome do not experience increased appetite. Clinical trials have
assessed the impact of anamorelin(222) - a ghrelin receptor agonist - in patients
with lung malignancy. Nabilone(223) - a tetrahydrocannabinol mimic and
appetite stimulant via central cannabinoid 1 receptors(224) - has also been
investigated in this patient population. There is an ongoing study assessing the
use of anamorelin in patients with MPM (New Zealand Clinical Trials Number:
U1111-1240-6828)(225).

1.11.3 Systemic inflammation

Systemic inflammation plays an important role in the cancer cachexia syndrome.
Although there are no human studies which assess systemic inflammation in the
context of cancer cachexia in patients with MPM, elevated measures of systemic
inflammation are associated with poor outcomes in patients with MPM and have

been detailed in Section 1.9.2 earlier in this chapter. Blood tests are almost
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always collected in chemotherapy-treated patients, including at prior to
commencement of chemotherapy, which make them suitable datapoints for

retrospective studies seeking to understand cachexia syndrome in mesothelioma.

There are few studies assessing inflammation in patients with MPM and cachexia.
Duong and colleagues demonstrated a tumour growth rate reduction by inducing
macrophage depletion in MPM-bearing mice, thus preventing cachexia induced
by immunotherapy(226). Tumour-associated macrophages inhibit the activity of
anti-tumour T cells and confer a poor prognosis(227, 228). Systemic
inflammation is also subject to recent targeted therapeutic approaches in
patients with NSCLC and cancer cachexia. Interleukin-6 (IL-6) - a pro-
inflammatory cytokine - is currently subject to ongoing clinical trials
investigating the role of IL-6 monoclonal antibodies, including clazakizumab
(NCT00866970) and inflixamab (NCT00040885).

1.11.4 Sarcopenia

Sarcopenia is the loss of skeletal muscle mass. The term sarcopenia is derived
from the Greek: sarx, meaning ‘flesh’, and penia, ‘poverty’. The complex
pathophysiology of sarcopenia is described in numerous comprehensive reviews
and is beyond the scope of this thesis(194, 197, 199, 229, 230). A brief overview

focused on thoracic malignancy is provided here.

The development of sarcopenia in patients receiving chemotherapy involves the
deleterious effects of circulating inflammatory mediators such as tumour
necrosis factor-alpha (TNF-a)(194) and IL-6(231, 232) on muscular biology(229),
including protein synthesis suppression(233) and protein degradation(234).
Chemotherapy - including cisplatin(235) which is used as a treatment in MPM -
also releases proinflammatory cytokines (236, 237) and is associated with
elevated levels of glucocorticoids(238) as well as promoting mechanisms that

drive oxidative stress(239).

Myocyte-released myokines - signalling molecules of the transforming growth
factor (TGF) superfamily, including myostatin and activin A(240, 241) - promote

catabolism of skeletal muscle(242). Myostatin has been found to be contributory
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to sarcopenia in murine models(243), including the Lewis lung carcinoma
model(244).

The prevalence of sarcopenia in the thoracic malignancy literature is widely
varied. For example, in patients with early-stage NSCLC, sarcopenia measured
pre-operatively has been reported in 13.9 to 55.8% of cases(245-250). Sarcopenia
is prognostically significant in patients with thoracic malignancy(251-253). Pre-
operative sarcopenia has been associated with poorer outcomes in most studies
of patients with radically treatable NSCLC(245, 246, 248, 254). In patients with
more advanced NSCLC, sarcopenia prior to commencing palliative SACT has been
shown to have increased mortality compared to patients without sarcopenia(176,
255). The prevalence of sarcopenia in patients with SCLC is even less well
defined SCLC(249) but has been associated with poor outcomes(256).

1.11.4.1 Sarcopenia in MPM

There are few studies assessing sarcopenia in MPM(190, 257). There are also no
data to support the impact of sarcopenia measured at L3 on treatment outcomes
in patients with MPM. Jeffery and colleagues assessed 18 patients with MPM and
reported that those patients with dual-energy X-ray absorptiometry (DEXA)-
defined muscle loss had shorter OS compared to those who did not lose muscle
(7 muscle-losing patients versus 0 non-muscle losing patients died less than 12
months from the second body composition scan, p=0.002)(257). A group from
Switzerland assessing sarcopenia and pre-cardial adipose tissue in pre-operative
CT scans with sarcopenia(190). In the 278 patients with MPM who had surgery,
those with sarcopenia - defined as skeletal muscle area below the 33 percentile
- had a higher three-year mortality compared to those without sarcopenia (23.9
months versus 31.7 months, p=0.041)(190).

The pathophysiology of sarcopenia in MPM is poorly understood. A recent study
of 22 patients with MPM concluded that elevated activin A - a glycoprotein which
regulates muscle growth - correlated with CT-determined baseline tumour size
(r=0.549, p=0.010) and post-chemotherapy tumour size (r=0.743,
p=0.0006)(196). The authors postulated that muscle growth is negatively
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regulated by activins via activin type 2 receptors (ActRIl) and are prognostically
significant in other solid organ cancers, including lung cancer. In the NSCLC
setting, bimagrumab - an antagonist to activin type Il receptors which stimulates
skeletal muscle growth - was the subject of a Phase Il clinical trial(258). Higher
expression of irisin - another myokine - has been shown to be prognostic in
patients with NSCLC(259).

1.11.5 Adipopenia

The current consensus definition of cancer cachexia states that the syndrome
can occur “with or without loss of fat mass”(7), also termed adipopenia.
Adipopenia can be quantified using imaging software that measures body
composition metrics and is demonstrated in Figure 1.4(260). It is associated with
shorter OS and sarcopenia in advanced cancer(261). It is seldom studied in the

thoracic malignancy literature.

The pathophysiology of adipopenia is poorly understood in the cancer cachexia
syndrome(262, 263). It may occur prior to the development of sarcopenia
through lipolysis - lipid breakdown by hydrolysis - resulting in circulating free
fatty acids and ubiquitin ligase-induced skeletal muscle atrophy(231). Adipose
tissue is divided into white and brown adipose tissue (WAT and BAT,
respectively). WAT stores energy in the form of triglycerides and BAT regulates
lipid oxidation and thermogenesis(264). Studies have discussed the
pathophysiological changes that results in adipose tissue browning(265, 266).
BAT is thermogenic and regulates energy expenditure through heat
dissipation(267). Irisin - briefly mentioned in section 1.11.4.1 of this chapter - is
related to WAT browning and can increase uncoupling protein 1 (Ucp1)
expression which is central to non-shivering thermogenesis in adipocytes
mitochondria(268). WAT browning is associated with altered glucose
homeostasis(269) and considered to be contributory to hypermetabolism in
patients with cancer cachexia(266, 270-272), including patients with lung
cancer(273). Elevated resting energy expenditure (REE) has been reported in
patients with metastatic NSCLC(274, 275). Higher REE and circulating TNF-

receptor 75 and cortisol have been demonstrated in patients with SCLC
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compared to NSCLC(276). An in vitro study reported reduced chemosensitivity in
NSCLC cells through BAT-mediated cell proliferation(277).

Figure 1.4 Axial CT scan slices of two patients in the TRACERx study delineated

by me demonstrating the differences in adiposity between patients.
Subcutaneous (green), visceral (yellow) and intra-muscular (blue) adipose tissue
compartments are visible. The red represents skeletal muscle. The image was

created on Slice-O-Matic® software v5.0 (TomoVision, Montreal, Canada)

1.12Body composition measurement

Body composition is defined as the proportion of muscle, adipose tissue, bone
and water content in the human body. It can be assessed using different imaging
modalities. Dual-energy x-ray absorptiometry (DEXA) and CT are examples of
this, and although DEXA is considered the gold standard for anthropomorphic
measurements of total appendicular lean tissue mass(278, 279), CT has the
significant advantage of facilitating relevant data as part of already routine

tumour assessment imaging.

1.12.1 Skeletal muscle mass measurement using DEXA

Dual-energy x-ray absorptiometry (DEXA) has been used for cancer cachexia
evaluation in patients with thoracic malignancy(280-283). Jeffery and colleagues
used DEXA to measure pre-sarcopenia - defined as appendicular skeletal muscle

mass 7.26 kg/m? for men and 5.45 kg/m? for women - and reported this in over
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half of the 61 patients studied(283). In the clinical setting, DEXA is not routinely
available. DEXA also measures lean body mass in grams which is not equivalent

to muscle mass(284).

1.12.2 Skeletal muscle mass measurement using CT

Computed tomography (CT) is a routinely available imaging modality used for
diagnostic and response assessment purposes. CT is based on Hounsfield units
(HU) which are attenuations of tissue relative to water. Water has 0 HU. Tissues
denser than water such as muscle and adipose tissue have HU values >0 and
materials less dense than water such as air have HU values <0(285-287). A
further advantage of CT is that it can be used to differentiate different body
tissues. There are well-published and validated HUs for skeletal muscle and
adipose tissue in the sarcopenia literature(288). | will use CT for this reason, and
as such, it is important to consider what software solutions are available to

measure skeletal muscle and adipose tissue.

1.12.3 Software programmes used to measure body composition

| have detailed the different software packages available for the purposes of
body composition measurement in Table 1.3. Different software programmes
have been compared in multiple previous studies, demonstrating high levels of
agreement(289-292). Particularly excellent agreement for cross-sectional muscle
area measurements has been reported using sliceOmatic®(TomoVision®, Magog,
Canada) and ImageJ software (U.S. National Institutes of Health, Bethesda,
MD)(292). Excellent agreement levels between OsiriX® (Pixmeo SARL®, Geneva,
Switzerland) and ImageJ have been observed for paraspinal muscle

measurements on MRI(293).

As part of my learning of body composition measurement techniques, | attended
University College London (UCL) during my tenure as a Clinical Research Fellow
recruiting patients to the TRAcking Cancer Evolution through therapy (Rx)
(TRACERX) study(294). TRACERX uses multi-region whole-exome sequencing to

assess the clinical significance of intra-tumour heterogeneity in patients with
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radically-treatable NSCLC, and to advance the understanding of cancer evolution
in this cohort. | provided second reader measurements using Slice-O-Matic
software (TomoVision®, Montreal, Canada) on CT scans as part of a TRACERX
sub-study assessing body composition changes. This is demonstrated in Figure 1.4
of this chapter. My experiences with this body composition software aided my
learning and development of the techniques required to accurately determine
different body compartments. ImageJ software was chosen as the body
composition platform for analysis of skeletal muscle and adipose tissue in this
thesis because it was readily available, free to download and easy to use. | have
described this in further detail in Chapter 2, Section 2.3.6.
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Table 1.3 Examples of body composition software programmes

Software Software developers Examples of study
populations
Aquarius NET TeraRecon Inc., San Mateo, CA, USA | Patients who underwent
server abdominal wall
reconstruction(295)
Aquarius TeraRecon, San Mateo, CA, USA Healthy population(296)
iNutrition
FatSeg Biomedical Imaging Group Patients with colorectal
Rotterdam of Erasmus MC, cancer(297)
Rotterdam, Netherlands, using
MeVisLab (Mevis Medical Solutions,
Bremen, Germany)
ImageJ U.S. National Institutes of Health, Patients with head and neck
Bethesda, MD cancer(298)
MeVisLab MeVisLab, v2.2.1, Bremen, Germany | Healthy population(299)
OsiriX Pixmeo SARL, Geneva, Switzerland Patients with prostate
cancer(300)
PACS PACS, Centricity® 4.1, GE Patients with multiple
Healthcare, Barrington, IL, USA myeloma(301)
sliceOmatic TomoVision, Montreal, Canada Patients with non-
metastatic colorectal and
breast cancers(302)
Synapse FUJIFILM Co. Ltd., Tokyo, Japan Patients with prostate
Vincent cancer(303)
VikingSlice Aalborg University Hospital Patients with chronic
pancreatitis(304)
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1.12.4 Definition of sarcopenia: measurements at L3

Mourtzakis and colleagues developed and validated regression equations for
extrapolating data from a single third lumbar vertebra (L3) cross-sectional CT
image to predict whole body composition of adipose tissue and skeletal muscle
mass area (SMA, cm?)(305). SMA can be divided by height squared (m?) to

provide skeletal muscle index (SMI, cm?/m?).

The third lumbar vertebra (L3) contains the spinal vertebrae, large and small
intestines, kidney and liver. It also contains visceral, subcutaneous and intra-
muscular adipose tissue as well as the psoas, erector spinae, quadratus

lumborum, transversus abdominus, internal and external obliques and rectus

abdominus muscle groups. This is illustrated in Figure 1.5.

Figure 1.5 Single axial contrast-enhanced CT image of a patient with MPM
demonstrating the muscles at the third lumbar vertebra (L3) which include the
psoas (A), erector spinae (B), quadratus lumborum (C), transversus abdominis

(D), internal obliques (E), external
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Authors have proposed different cut-offs and definitions for sarcopenia using a
single mid-axial CT image slice at L3 using body composition software tools
based on their populations’ skeletal muscle mass and target outcomes(306, 307).
However, the most used sex- and BMI-specific sarcopenia cut-offs at L3 were
devised by Martin and colleagues and are defined as: SMI 43 cm?/m? for males
with a BMI <25 kg/m? and SMI <53 cm?/m? for males with a BMI >25 kg/m?; SMI

<41 cm?/m? for females regardless of BMI category(186).

1.12.5 Definition of sarcopenia in mesothelioma: L3 versus T4

In patients with thoracic malignancy, CT scans often do not extend inferiorly to
include L3. In one epidemiological survey of mostly patients with thoracic
malignancy, only 65% of patients had CT scans which included L3 for evaluation
of skeletal muscle mass(308). As a result, those researching skeletal muscle loss
in thoracic malignancies have sought alternative skeletal muscle area
measurements. Derstine and colleagues reported excellent correlation between
muscle area measurements performed at multiple levels from the tenth thoracic
vertebra (T10) to the fifth lumbar vertebra (L5) supporting the validity of
calculating SMI at different axial levels(309). There are no data to support the

measurement of sarcopenia at different thoracic levels in patients with MPM.
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1.12.5.1 Fourth thoracic vertebra

The fourth thoracic vertebra (T4) has been investigated as a surrogate of
sarcopenia in patients with thoracic and other malignancies(310-314). This is

illustrated in Figure 1.6.

Figure 1.6 Single axial contrast-enhanced CT image of a patient with MPM
demonstrating the muscles at the fourth thoracic vertebra (T4) which includes
the pectoralis (A), intercostals (B), sub-scapularis (C), infraspinatus (D),

trapezius(E) and erector spinae (F)

Sarcopenia measured at T4 is prognostically important and associated with
treatment-related adverse outcomes in other cancers. In a study of 117 male
patients diagnosed with SCLC, sarcopenia at T4 - defined as those in the lowest
quartile of T4 skeletal muscle index (T4SMI) values - was found to have lower
median progression-free survival than non-sarcopenic patients (6.0 vs. 7.5
months, p=0.009)(311). Hua and colleagues assessed 301 patients with breast
cancer who received post-operative adjuvant radiotherapy and concluded that
patients with higher T4SMI had longer median OS compared to those with lower
T4SMI (62.4 months versus 68.5 months, p=0.025)(313). In 213 patients with head

and neck cancers, CT-measured T4SMI and L3SMI measurements were combined
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into a single score for SMI difference and was an independent predictor of early
termination of treatment (OR 0.96, p=0.021)(314). Conversely, in their study of
86 patients with advanced NSCLC, Wysham and colleagues did not find that
thoracic sarcopenia (measured at T4) correlated with adverse outcomes (HR
0.94, p=0.66)(315).

Sarcopenia measured at T4 has also been investigated in non-cancer patient
cohorts. Rozenberg and colleagues determined that thoracic muscle cross-
sectional-area - measured at the carina which corresponds roughly -0 T4 - was
associated with metrics of frailty in 527 patients who underwent lung
transplantation(316). Moon and colleagues measured the cross-sectional area of
the pectoralis, paraspinal, serratus and latissimus muscles at T4 in 180 patients
with idiopathic pulmonary fibrosis and concluded that male patients in the
lowest quartile of T4SMI values had lower OS (p=0.035)(317). Low skeletal
muscle radiation attenuation at T4 - a radiological marker of myosteatosis, or
skeletal muscle fat infiltration - was associated with post-operative pneumonia

following liver surgery in a study of 180 patients (OR 3.65, p<0.01)(312).
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1.130Overall aim and hypothesis of thesis

The overall aim of this thesis is to develop, validate and describe the
significance of radiological biomarkers for treatment response measurement and
survival prediction in patients with malignant pleural mesothelioma (MPM). The
materials and methods for these clinical research studies will be detailed in
Chapter 2. The results will be presented in three results chapters. The individual

hypotheses for each results chapter are summarised below.

1.13.1 Chapter 3: Semi-automated segmentation of MPM tumour volume

Volumetric tumour measurement is established in other solid tumour types. In
MPM, semi-automated tumour volumetric measurements based on magnetic
resonance imaging (MRI) have recently been shown to outperform traditional T-
staging in predicting survival in MPM. However, MRI is not routinely performed in
clinical practice and computed tomography (CT) remains the primary imaging
modality of response assessment in MPM. The null hypothesis of this study is that
a semi-automated contrast-enhanced CT tumour segmentation method cannot
be extrapolated from contrast-enhanced MRI to serve as the ground truth for a

future MPM volumetric Al algorithm.

1.13.2 Chapter 4: Volumetric MPM tumour assessment using human and deep

learning algorithmic segmentations

The delivery of more accurate volumetric measurements is important due to the
limitations of modified Response Evaluation Criteria In Solid Tumours (mRECIST)
criteria which is inaccurate and associated with poor reproducibility. A fully
automated approach to MPM pleural tumour segmentation would directly address
major limitations of human readers, including high inter-observer variation and
costs. The null hypothesis of this study is that a volumetric Al algorithm cannot
improve human response classification in patients with MPM treated with

chemotherapy.
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1.13.3 Chapter 5: Prevalence, pattern and prognostic significance of altered

body composition in patients with chemotherapy-treated MPM

Altered body composition such as the loss of skeletal muscle and adipose tissue
mass results in reduced tolerance to chemotherapy and shorter survival in
patients with solid organ cancers. Accurate and reproducible measurements of
skeletal muscle and adipose tissue mass may be able to facilitate the
identification of those patients most-at-risk of developing complications related
to systemic anti-cancer therapy (SACT), including those patients with a PS >2.
Few data exist relating to skeletal muscle and adipose tissue loss in patients
with MPM. The null hypothesis of this study is that altered body composition is

not prognostically significant in patients with chemotherapy-treated MPM.
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2 Chapter 2: Methods

This chapter outlines the design and data collection for the three studies that
aimed to address the hypothesis of this thesis. The Chief Investigator for all the
studies was Professor Kevin G. Blyth, Queen Elizabeth University Hospital,

Glasgow, United Kingdom.

2.1 Semi-automated segmentation of MPM tumour volume

A single centre retrospective cohort study was performed at the Queen Elizabeth
University Hospital, Glasgow (QEUH). The study sponsor was NHS Greater
Glasgow and Clyde (NHSGGC). Patients were recruited prospectively to an initial
pilot study and subsequently to an MRI sub-study of the Diagnhostic and
Prognostic Biomarkers in the Rational Assessment of Mesothelioma (DIAPHRAGM)
study (ISRCTN10079972) between January 2013 and October 2016. The Chief
Investigator for DIAPHRAGM was Professor Kevin G. Blyth, Queen Elizabeth
University Hospital, Glasgow, United Kingdom. Ethical approval was granted by
the West of Scotland Research Ethics Service (12/WS/0219, 13/WS/0240).

2.1.1 Study objectives and outcome measures

This single centre cohort study aimed to determine whether a semi-automated
magnetic resonance imaging (MRI) method could be successfully adapted for
deployment on routinely acquired computed tomography (CT) scans in patients
with chemotherapy-treated malignant pleural mesothelioma (MPM). The first
step was to determine Hounsfield unit (HU) values of different thoracic tissues
using CT scans of patients with MPM. This was to facilitate a method of semi-
automated tumour region-growing by which HUs replaced the Sl unit values used
in the original MRl method. The second step involved manual delineation of
pleural tumour on CT scans. The final step was to determine the accuracy of
pleural tumour coverage afforded by the semi-automated segmentation process
through subjective visual inspection and assessment of inter-observer agreement
plus an assessment of the time taken to perform the task. Table 2.1 summarises

the study objectives and outcome measures.



Table 2.1 Objectives and outcome measures of the semi-automated

segmentation of MPM tumour volume study
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Study objectives

Outcome measures

Primary objectives

To determine the difference in
Hounsfield units between different
thoracic tissues using CT scans of
patients with MPM

Radiodensity of pleurae (HU)

Radiodensity of lung, bone,
intercostal muscle, pleural fluid,

diaphragm, spleen and liver (HU)

To determine the feasibility and
accuracy of a semi-automated method
for MPM primary tumour volumetry
based on radiodensity-tuned
segmentation of contrast-enhanced

CT scans

Accurate coverage of pleural tumour
in patients based on subjective visual

assessment

Time taken to complete volume

analysis (minutes)

Secondary objectives

To determine correlation and
agreement between semi-automated
CT and MRI volumes

Tumour volume on CT (cm?)

Tumour volume on MRI (cm3)

Correlation (Spearman Rho)

Agreement (Bland-Altman)

To determine whether a semi-
automated volumetric CT method is

reproducible

Tumour volume on CT (cm3)

CT: computed tomography; HU: Hounsfield units; MPM: malignant pleural

mesothelioma; MRI: magnetic resonance imaging
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2.1.2 Study population

Patients included in this chapter were selected from the Diagnostic and
prognostic biomarkers in the rational assessment of Mesothelioma (DIAPHRAGM)
study(318). DIAPHRAGM was a prospective, multicentre, observational study that
recruited 747 patients over 3 years from 23 UK sites at first presentation of MPM.
This study included an MRI sub-study which recruited 58 patients with suspected
MPM. These patients had contemporaneous CT and MRI prior to histological
sampling. Of these, MPM was confirmed in 31/58(319). 8/31 patients were
excluded. Of these, 2/8 had arterial phase CT pulmonary angiograms and 6/8
were co-enrolled into the Prediction of Resistance to Chemotherapy in Malighant
Pleural Mesothelioma (PRISM) study and were included in the external validation
set of the volumetric study described in Chapter 4 of this thesis. 23 patients
were included in the final analyses and are illustrated in a study flowchart in

Figure 2.1.



DIAPHRAGM
n=1143

A 4

Patients with available
contrast-enhanced MRI
n=58

\ 4

Excluded:

BAPE, n=11

Other pleural malignancy, n=5
TB or rheumatoid pleuritis, n=5
Post-lobectomy change, n=1
Pulmonary embolism, n=1
Reactive effusion, n=1
Drug-related effusion, n=1

Patients with MPM
n=31

A 4

Excluded:
CTPA, n=2
Co-enrolled in PRISM, n=6

Patients with
contemporaneous MRI & CT
n=23

Figure 2.1 Flowchart of patients included in semi-automated

segmentation of MPM tumour study

BAPE: benign asbestos pleural effusion
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2.1.3 Study procedures

2.1.3.1 Collection of study data

Clinical data were entered onto a Microsoft Excel data collection sheet. Each
patient was associated with a study number and their data entered on to the
appropriate row. Patient identifiers were entered and data recorded in a linked
anonymised format. All image analyses were performed in Glasgow using the
same methods and the same reporters for all subjects. The scans were

anonymised and issued a study number.

2.1.3.2 Clinical data

Data were extracted retrospectively from the study database and supplemented
by electronic records, including demographics (age, sex), Eastern Cooperative
Oncology Group performance status (ECOG PS)(157, 320), disease stage
according to the eighth TNM classification for malignant pleural
mesothelioma(45) and histological sub-type (epithelioid, biphasic, sarcomatoid
or not specified). ECOG PS was not recorded consistently and a best estimate of
ECOG PS was recorded based on MDT outcome documentation, pre-
chemotherapy clinic letters or inferences made from functional descriptions in

pre-chemotherapy clinic letters.
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2.1.4 Image analyses

2.1.4.1 Summary of MRl method

The semi-automated threshold-based segmentation method used in this chapter
has been adapted from a previously published study investigating MRI perfusion-
tuned segmentation(319). This work was done by Dr Selina Tsim. | learned this
method so that | could adapt it to CT. | have presented the MRI method for
completeness.

Three coronal MRI slices (anterior, midpoint and posterior) were assessed using
Myrian Intrasense® software v2.4.3 (Paris France). Multiple regions of interest
(ROI) were distributed across parietal pleurae and mean signal intensity and
standard deviation (SD) measured. Free-hand parietal pleural tumour
delineations were drawn every 8 to 10 slices (slice thicknesses were 2.33 to
5mm). This technique was semi-automatic: 8 to 10 slices accurately defined
pleural tumour within an acceptable time. Propagation of the contour mask
resulted in a completed contour mask of the entire image series. A contour mask
is a free-hand drawing performed which grossly defines the pleura. Signal
intensity (SI) threshold-based segmentation - defined as the median of the SI
ranges divided by 2 - was achieved through seed points placed on areas of
pleural tumour within the contour mask, resulting in a final pleural tumour
volume (cm3). A seed point is an area representative of pleural tumour within a
contour mask from which SI threshold-based regions are grown. Figure 2.2

provides a visual summary of the MRl method.



Panel A

Panel B

Panel C
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Manual delineation of pleural
tumour every 8-10 slices

(highlighted in green on Panel A).

A contour mask is created through
propagation of the image set

(Panel B).

Perfusion-tuned tumour
segmentation - based on MRI signal
intensity - results in a seamented
tumour volume (highlighted in red

in Panel C).

Figure 2.2 Coronal plane of contrast-enhanced MRI scans illustrating the semi-

automated Sl-tuned pleural tumour segmentation method
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2.1.5 CT method

| performed the CT method which was extrapolated from the MRI method.
Hounsfield unit (HU) threshold-based segmentation was employed rather than SI
threshold-based segmentation. HU were identified through radiodensity

analyses.

2.1.5.1 Radiodensity analyses

| performed the radiodensity analyses using Myrian Intrasense® software v2.4.3
(Paris, France). Anonymised Digital Imaging and Communications in Medicine
(DICOM) files were imported into Myrian Intrasense® software. Fifteen regions of
interest (ROIs) were placed using a track-and-ball mouse and cursor on
representative areas of pleural tumour on 3 coronal plane CT scan slices as per
the MRI signal intensity (SI) method described by Tsim and colleagues(319).
Median intensity and interquartile range [IQR] were documented for each ROl in

HU. | was blinded to clinical and histopathological data.

The coronal planes were defined into separate slices as follows:

e Mid-point: CT slice with the longest continuous cranio-caudal length of
parietal pleura

e Anterior: CT slice half-way from the mid-point coronal slice to the most
anterior slice with distinguishable parietal pleura

e Posterior: CT slice half-way from the mid-point coronal slice to the most

posterior slice with distinguishable parietal pleura

This has been outlined in Figure 2.3.



Anterior slice Mid-point slice Posterior slice
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Figure 2.3 Coronal plane of contrast-enhanced CT scans with ROIs placed on areas representative of pleural tumour across three different

slices (highlighted by the green dots)
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2.1.5.2 Pleurae

The thoracic cavity contains visceral and parietal pleurae. During the
development of the SI-threshold MRI method, efforts were made to obtain non-
nodular and macro-nodular disease ROl measurements solely in the parietal
pleura. To facilitate the development of the HU-threshold CT method, | mirrored
this ROl measurement technique by including only parietal pleural tumour in the
ROIs. The parietal pleura was defined as the anatomical membrane internal to

and parallel with the ribcage and immediately adjacent to aerated lung.

2.1.5.3 Other thoracic structures

Three ROIs were placed on the corresponding tissues and median intensity and
interquartile range [IQR] were documented for each ROI in HU. This has been
illustrated in Figure 2.4. The external, internal and innermost intercostal
muscles were identified as the thin muscle layer present in the intercostal space
and parallel with the ribs. Pleural fluid was identified as an accumulation of
fluid in the pleural cavity which usually manifests as a crescent-shaped opacity
in the dependent parts of the thorax on CT scans. Lung was identified as the
aerated space that filled the mediastinum between the ribs, intercostal muscles
and pleurae. Ribs were identified as the curved bones that caged the thorax and
their high attenuation manifested as a bright white structure on CT scans.
Calcified pleural plaques were identified as areas of high attenuation in the
parietal pleurae. The right and left hemi-diaphragms were identified as the
dome-shaped muscles separating the thoracic and abdominal cavities. In cases
where the diaphragmatic muscles were not immediately obvious, diaphragmatic
crurae were identified and measured. The liver was identified as the organ
immediately infero-posterior to the right hemi-diaphragm in the right upper
quadrant. The spleen was identified as the oval organ immediately infero-

posterior to the left hemi-diaphragm in the left upper quadrant.
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Intercostal muscle

Rib

Pleural effusion Lung tissue

Diaphragm

Spleen

Liver

Figure 2.4 Coronal CT scan slice illustrating thoracic tissues

2.1.5.4 Contour mask

| created contour masks using Myrian Intrasense® software v2.4.3 (Paris,
France). Areas of visible parietal pleurae were defined and delineated using a
free-hand drawing tool. This is illustrated in Figure 2.5. The first 20 apical slices
were delineated followed by manual delineations every 5 slices. The final 20
basal slices were also segmented. This resulted in approximately 75 slices per
image series. More apical and basal slices were delineated due to the complexity
of pleural tumours in these anatomical areas. The higher resolution MRI scans
acquired in the same patients served as guide to the contour mask drawing
process. This has been illustrated in Figure 2.6. Semi-automated linear
interpolation by Myrian Intrasense® software v2.4.3 (Paris, France) extended the
contours | had drawn throughout the image series, resulting in a complete
contour mask containing pleural tumour. If there were areas of where pleural

tumour was not included, manual adjustments to the contour mask were made.
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Figure 2.5 Example of contouring of pleural tumour in the axial slice of a
contrast-enhanced CT scan. The yellow area contains what was interpreted as

pleural tumour

Figure 2.6 Example of the difference in pleural tumour resolution between a
contrast-enhanced CT scan (left) and contrast-enhanced MRI (right) in the same

patient. The white arrow denotes pleural enhancement
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2.1.5.5 Semi-automated segmentation using radiodensity thresholds

After completion of the contour mask, a semi-automated region-growing step
was attempted using region growing limits. HU threshold limits were based on
the radiodensity range (minimum to maximum) measured in the pleural ROIs in
all 23 patients. These data were then summarised by generating a median
pleural radiodensity value in HU for all the ROIs in all the patients (n=154 ROls).
This value was divided by 2 to provide a seed point estimate which was placed in

areas representative of pleural tumour in the contour mask.

2.1.6 CT image acquisition and anonymisation

CT scans with thoracic views obtained as part of routine care were included.
Image acquisition followed intravenous injection of iodine-based contrast media
(75 to 95ml) with portal-venous phase images obtained 65 seconds following
contrast injection. Different scanners were used and included Canon Medical
Aquilion and GE Medical Systems BrightSpeed, LightSpeed or Optima 660. Multi-
slice helical axial images had been reconstructed with a contiguous minimum

slice of 1 mm and a maximum slice thickness of 2 mm.

2.1.7 Statistical analyses

Statistical tests were performed in SPSS v24.0 (Chicago, USA) and GraphPad
v9.1.0 (San Diego, USA). No formal sample size calculations were performed as
the study design was exploratory. Data were tested for normal distribution using
the Kolmogorov-Smirnov test. Individual data are summarised by median
[interquartile range, IQR] or mean (standard deviation, SD) depending on their

distribution.

2.1.7.1 Primary objectives

To determine the difference in Hounsfield units (HU) between different thoracic

tissues using CT scans of patients with MPM, median HU values (range) were



87

generated. Violin plots were drawn to visualise the spread of the data and
identify reasons for the observed results, e.g., overlapping HU values
determined by the median, 25" and 75t percentiles and minimum and maximum
HUs. Accuracy of pleural tumour coverage was based on subjective visual
assessment. Time efficiency was determined by the median time taken to

complete each volume analysis in minutes.

2.1.7.2 Secondary objectives

Spearman’s Rho test was used for correlation and agreement evaluated using
Bland-Altman plots between semi-automated CT and MRI volumes. To assess
reproducibility, intra-class correlation coefficient (ICC) was used to determine

human inter- and intra-observer variability.
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2.2 Volumetric MPM tumour assessment using human and deep

learning algorithmic segmentations

This study, which was called Automatic RECIST reporting in Mesothelioma using
Deep Learning Artificial Intelligence, was a multicentre retrospective cohort
study based at the Queen Elizabeth University Hospital, Glasgow (QEUH),
Wythenshawe Hospital and University Hospitals of Leicester NHS Trust. The study
sponsor was NHS Greater Glasgow and Clyde (NHSGGC). The NHS Greater
Glasgow and Clyde (NHSGGC) Safe Haven granted approval for access to
unconsented anonymised imaging data required for this project on 12t April
2018 (Ref: GSH/18/0N/001).

2.2.1 Study objectives and outcome measures

The objectives and associated outcome measures for this study are detailed in
Table 2.2. The training and internal validation sets were used to generate the
detailed ground truth needed to report correlation and agreement and inter-

observer reliability between human readers and the later convolutional neural

network (CNN) outputs.

The external validation set used to compare the CNN against modified Response
Evaluation Criteria in Solid Tumours (mRECIST) classifications as well as the
analysis of the prognostic value of the CNN volumetric measurements versus

human reader-defined tumour volume and mRECIST classifications.
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Table 2.2 Objectives and outcome measures of volumetric MPM tumour

assessment using human and deep learning algorithmic segmentations study

Study objectives

Outcome measures

Training and internal validation

To generate detailed ground truth
needed for the CNN by fully manual
annotations using contrast-enhanced CT
scans of patients with MPM, based on

learning from Chapter 4

Pleural tumour volume on CT (cm?)

To determine correlation and agreement

between human and CNN output volumes

Pleural tumour volume on CT (cm?)
Correlation (Spearman Rho)

Agreement (Bland-Altman)

To assess inter- and intra-observer
variations for later comparison with CNN

output volumes

Pleural tumour volume on CT (cm?)

External validation

Comparison between classifications of
treatment response as defined by human

volume, CNN volume and mRECIST

Pleural tumour volume on CT (cm?)

Agreement (Cohen’s Kappa)

Analysis of anatomical features

associated with CNN segmentation errors

Visual inspection

Survival analyses based on treatment
response as defined by human volumes,
CNN volumes and mRECIST

Pleural tumour volume on CT (cm?)

Overall survival (days)

disease

CNN: convolutional neural network; CT: computed tomography; MPM:
malignant pleural mesothelioma mRECIST: modified Response Evaluation

Criteria In Solid Tumours; PD: progressive disease; non-PD: non-progressive
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2.2.2 Study population

2.2.2.1 Original study population

The first version of the study protocol stipulated that patients were to be
recruited from one of the following three clinical studies which have been
detailed below and in Table 2.3 and Figure 2.7:

e Diagnostic and Prognostic Biomarkers in the Rational Assessment of
Mesothelioma (DIAPHRAGM)(318)

e The South West Area Mesothelioma and Pemetrexed trial (SWAMP)(321)

e Prediction of ResIstance to chemotherapy using Somatic copy humber
variation in Mesothelioma (PRISM)(322)

The DIAPHRAGM study has been summarised in Chapter 2, Section 2.1.2. The
South West Area Mesothelioma and Pemetrexed (SWAMP) trial was a multicentre
prospective observational study evaluating biomarkers of chemotherapy response
and prognostication(321). The Prediction of Resistance to chemotherapy using
Somatic Copy Number Variation in Mesothelioma (PRISM) study is an ongoing
retrospective cohort study which aims to define a genomic classifier that

predicts chemo-resistance in patients with MPM(322).



Table 2.3 Original studies included in the first Automatic RECIST reporting in

Mesothelioma using Deep Learning Artificial Intelligence protocol
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REC Ref: 16/WS/0207,
Amendment 348

chemotherapy, CT images available

Exclusion: Insufficient tumour for

genomic analyses

Study Eligibility Criteria Patients
DIAPHRAGM Inclusion: Suspected MPM requiring | n=25
REC Ref: 13/WS/0240 biopsy, recruited in Glasgow
Exclusion: eGFR <30 ml/min, MRI
contraindicated
SWAMP Inclusion: Diagnosis of MPM, n=65
REC Ref: 08/H0102/46 chemotherapy planned
Exclusion: No measurable disease,
prognosis <3 months
PRISM Inclusion: MPM diagnosis, previous | n=380

mesothelioma; REC: research ethics committee

eGFR: estimated glomerular filtration rate; MPM: malignant pleural
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Training Set Validation Set
DIAPHRAGM SWAMP PRISM
n=23 n=65 n=380

Y
CT pre-chemotherapy and
response assessment

\J \J

CT tumour segmentation
with reference MRI

v v

Trained Al Human
RECIST RECIST

\4

Development of
Convolutional Neural
Network

v v

Agreement (Cohen’s Kappa)

Figure 2.7 Flowchart of pleural tumour volumes included in the original
Automatic RECIST reporting in Mesothelioma using Deep Learning Artificial

Intelligence protocol (n=468 patients)

Unfortunately, due to data access restrictions, acquisition of images from the
SWAMP study was not possible. NHSGGC made a formal application to the Health
Research Authority (HRA) via the NHS Research Scotland Permissions
Coordinating Centre to address this, but subsequent associated project delays
prevented this data being included. Following discussions with the Trial
Management Group, this problem was addressed by re-distributing the training
and validation sets to include subjects from the DIAPHRAGM and PRISM studies
only. This removed the capability to test the algorithm on data obtained from a
fully independent study but preserved a fully reserved external validation set
which was comprised of scans from three different study centres. This was a
smaller size than originally planned with only Glasgow cases used in the training

and internal validation set.



2.2.2.2 Final version

The second and final version of the study protocol recruited patients from two

studies which have been detailed below and in Figure 2.8:

e DIAPHRAGM
e PRISM

Training & Internal Validation Set External Validation Set

DIAPHRAGM PRISM PRISM
n=23 n=100 n=60
\ 4
CT pre-chemotherapy and
: response assessment scans
Full Partial
annotations annotations
n=57 n=43
v v
i1l i1l i1l Trained Human
CNN RECIST RECIST

CT tumour segmentation
with reference MRI

\4 \4

Agreement (Cohen’s Kappa)

\4

Development of
Convolutional Neural
Network

Figure 2.8 Flowchart of pleural tumour volumes included in final Automatic
RECIST reporting in Mesothelioma using Deep Learning Artificial Intelligence

protocol (n=108 patients)
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The training and internal validation set comprised 123 annotated pleural tumour
volumes from 108 patients in the DIAPHRAGM study (n=23) and PRISM (n=57)
study sets. 80/123 were full manual volumes and 43/123 were partially
annotated volumes, which | have described in more detail in Section 2.2.8 of this
chapter. The external validation set 60 pleural tumour volumes (n=30 volumes at
pre-chemotherapy and n=30 from response assessment time points) from 30
patients in the PRISM study only (n=10 patients from each of the three

participating study centres).

2.2.3 Eligibility criteria

The following eligibility criteria were applied to all cases selected for the

present study:

¢ Inclusion criteria:
o Recruited to DIAPHRAGM or PRISM studies (Glasgow, Leicester or
Wythenshawe patients)
o Histological diagnosis of MPM
o Venous-phase contrast-enhanced CT scan available
e Exclusion criteria:
o Contrast-enhanced CT acquisition performed as CT pulmonary

angiography (i.e., arterial-phase scans)

In the training and internal validation set, PRISM study patients were solely
recruited from Glasgow. DIAPHRAGM cases were also included in the training and
internal validation set because they had contemporaneous contrast-enhanced
magnetic resonance imaging (MRI) scans which were used to aid in the
delineation of tumour from adjacent soft tissue structures on CT scans. The
advantage of MRI is that it offers superior soft tissue contrast(323, 324). Only
pre-chemotherapy CT scans were assessed in the training and internal validation
set. Patients in the external validation set were solely recruited from the PRISM
study and included patients from Glasgow, Leicester or Wythenshawe. Both pre-

chemotherapy and response assessment CT scans were assessed.
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2.2.4 Study procedures

2.2.4.1 Clinical data

Clinical data were entered onto a Microsoft Excel data collection sheet. Each
patient was associated with a study number and their data entered on to the
appropriate row. Patient identifiers were entered and data recorded in a linked
anonymised format. Clinical data was transferred to the QEUH in Glasgow from
the other participating centres using a secure file transfer portal (University of

Glasgow, https://transfer.gla.ac.uk/).

Data were extracted from study databases and supplemented by electronic
records, including demographics (age, sex), Eastern Cooperative Oncology Group
performance status (ECOG PS)(157, 320), disease stage according to the eighth
TNM classification for MPM(45), histological sub-type (epithelioid, biphasic,
sarcomatoid or not specified), date of diagnosis, type of chemotherapy received,
chemotherapy intent, dates of chemotherapy, number of chemotherapy cycles
received, reason for chemotherapy cessation and dates of pre-chemotherapy and
response assessment CT imaging. Data regarding ECOG PS were inconsistently
recorded and steps to provide a best estimate have been described in Chapter 2,
Section 2.1.3.2. Overall survival (OS, days) was recorded from the date of pre-

chemotherapy CT to death from any cause.

2.2.5 CT image acquisition and anonymisation

All image analyses were performed in Glasgow using the same methods and the
same reporters for all subjects. The pre-chemotherapy CT scan was the last scan
performed before administration of chemotherapy. The response assessment
scan was defined as the CT scan on which the treating oncologist made their
assessment of response to chemotherapy. This scan was not less than four-weeks

after completion of the first chemotherapy cycle.

All CT scans were anonymised by the supplying site and issued the appropriate

study number. Transfer of linked anonymised imaging data from the non-


https://d.docs.live.net/2e541af536040628/Documents/PhD%20chapters/Latest%20draft/DRAFT%20PHD/Final%20submission_February%202023/sgow,%20https:/transfer.gla.
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Glasgow sites was done using the University of Glasgow secure file transfer
portal (https://transfer.gla.ac.uk/). NHSGGC Research Radiography staff
downloaded the linked anonymised CT images onto a secure encrypted external
hard drive for the purposes of chemotherapy response evaluation and manual

tumour segmentation.

2.2.6 Treatment response evaluation using mRECIST

Modified Response Evaluation Criteria in Solid Tumours (mRECIST) reporting was
used in all subjects incorporating recent guidance on how to standardise this
method when applied to CT imaging(325, 326). A Consultant Radiologist with
expertise in MPM response assessment (Dr Gordon Cowell) reported all CT scans
independently and was blinded to outcome data. Standardised window settings
were reported as detailed in Table 2.4. | have provided further detail and an
accompanying image of mRECIST measurements in Chapter 1, Section 1.5.2 and

Figure 1.2, respectively.

Partial response (PR) was defined as a >30% reduction of tumour thickness on
two occasions four-weeks apart. Progressive disease (PD) was defined as increase
of >20% in tumour thickness over the two measurements. Stable disease (SD)

included patients who did not meet the criteria for PR or PD.


https://transfer.gla.ac.uk/

Table 2.4 mRECIST standardised window settings
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Pre-chemotherapy CT scans

Response Assessment CT scans

Target lesions: 5 lesions each with 2

diameter measurements (10 fields)

Target lesions: 5 lesions each with 2

diameter measurements (10 fields)

Sum of longest diameters of target

lesions

Sum of longest diameters of target

lesions

Non-target lesions: Yes/No

Percentage change in sum of longest

diameters

Extra-thoracic disease: Yes/No

Non-target lesion response: CR, PR,
SD, PD

Overall disease response: CR, PR, SD,
PD

Extra-thoracic disease response: CR,
PR, SD, PD

stable disease

CR: complete response; PD: progressive disease; PR: partial response; SD:




98

2.2.7 Manual tumour segmentation

| performed the human tumour annotations using Myrian Intrasense® software
v2.4.3 (Paris, France) to generate the reference ground truth annotations.
Pleural tumour boundaries were contoured on visible pleural tumour using a
track-ball mouse and cursor on every axial slice in the CT image series. This is
illustrated in Figure 2.5. Pleural tumour volume was calculated using the
summed axial pleural tumour areas and slice thickness. Figure 2.9 provides an

overview of the manual segmentation process.

80/123 volumetric studies were performed using a fully manual segmentation
method. In the training and external validation set, an additional 43/123 scans
were sparsely annotated with contours drawn only every fifth slice in 43/123 CT
scans. This method was preceded by an interim analysis by an EngD Research
Engineer (Owen Anderson) from Canon Medical Research Europe (CMRE) which
highlighted high correlation between adjacent pleural tumour CT scan slices.
This process facilitated the enrichment of the number of the patients in the
training and internal validation set. Each full annotation took approximately 2.5
hours to complete. A second human reader with PhD training in MPM imaging (Dr
Selina Tsim) generated annotations using the same method for inter-observer
data.



99

Panel A

Panel B

Panel C

Figure 2.9 Example of manual pleural tumour segmentation when viewed in the
axial plane in Panel A, the coronal plane in Panel B and in 3-D in Panel C. Pleural

tumour is highlighted in green
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2.2.8 CT image transfer

All anonymised images and segmented pleural tumour volumes were exported to
the Canon Medical Research Europe team in Digital Imaging and Communications
in Medicine Radiotherapy (DICOM-RT) format for Al training and development
using the University of Glasgow secure file transfer portal

(https://transfer.gla.ac.uk/).

2.2.9 Development of the convolutional neural network

The convolutional neural network (CNN) volumetric measurements were
performed by an EngD Research Engineer (Owen Anderson) from CMRE using in-
house and Amazon Web Service graphics processing units. A comprehensive
description of the CNN model has been described by our group previously(327). |
have summarised the method as follows. A convolutional neural network (CNN)
with a two-dimensional U-Net architecture was employed(141). Three
consecutive CT scan slices were added to a pre-trained network. CT Hounsfield
unit (HU) intensities were clipped to -1025 to +1100 HU and normalised to a
range of -1 to +1. The probability that each pixel contained tumour was
predicted by the raw CNN output. A binary mask of the tumour pixels was
created after a pre-determined threshold was applied to this map. The pre-
determined threshold was defined using a sub-set of the training data. A
predicted volumetric segmentation was created after this step and repeated on
all the slices in the CT image series. Internal validation was achieved by seven
CNN models which were trained by the computer scientists using seven-fold
division of the training data. The subsequent volumetric measurements

increased validity and provided confidence estimation.


https://transfer.gla.ac.uk/
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2.2.10 Human and Al volumetric response classification

Human and Al response classifications were based on percentage volume change
between pre-chemotherapy and response assessment time points. They were
calculated as: ((post-chemotherapy tumour volume minus pre-chemotherapy
tumour volume) divided by pre-chemotherapy tumour volume) multiplied by 100
(%). Volumetric partial response (PR) and progressive disease (PD) were defined
as a 30% decrease in tumour volume and 20% increase between the two time
points, respectively. Patients were classified as having stable disease (SD) if the

percentage volume change did not meet the PR or PD criteria.

2.2.11 Statistical analyses

Statistical tests were performed in SPSS v24.0 (Chicago, USA) and GraphPad
v9.1.0 (San Diego, USA). The study design was exploratory and no formal sample
size calculations were performed. Data were tested for normal distribution using
the Kolmogorov-Smirnov test. Normally and non-normally distributed data were
summarised by mean (standard deviation, SD) and median [interquartile range,

IQR], respectively.

2.2.11.1 Training and internal validation set

Initial performance of the CNN determined overlap between manual and
automated regions was calculated by the Dice score separately by an EngD
Research Engineer (Owen Anderson) from CMRE. This has not been included in
this thesis but was presented by Owen Anderson at the 13t International Joint
Conference on Biomedical Engineering Systems and Technologies in 2020 and
subsequently published in the Bioimaging journal(327). The Dice score is a
measure of performance commonly reported in the Al literature and has been

described in more detail in Chapter 1, Sections 1.7 and 1.8.2.

Correlation between human and Al volumes using CT scans of patients with MPM
was determined by Spearman’s Rho test. Agreement between human and Al

volumes using CT scans of patients with MPM was determined using Bland-Altman
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plots. Intra-class correlation coefficient (ICC) determined reproducibility
between human and Al readers. For inter-observer data, | randomly chose 13
pleural tumour volumes which were delineated by a respiratory physician with
expertise in MPM (Dr Selina Tsim). For intra-observer data, | randomly chose 10
training set scans and repeated delineations of these scans at least three weeks

after my original delineations.

2.2.11.2 External validation set

Paired volume data were compared using the Wilcoxon matched-pairs signed
rank test. Agreement between chemotherapy response classification by human
volumetry, Al volumetry and mRECIST was calculated using Cohen’s Kappa
statistic. The Kruskal-Wallis test compared differences in volume between the
Al- and mRECIST-defined PR, SD and PD groups. Dunn’s test was used for
multiple comparisons. Overall survival (OS, days) was determined using Kaplan-
Meier methodology and compared using the log-rank test. Cases with scans
having interval periods between pre-chemotherapy and response assessment
time points exceeding 100 days were excluded from the survival analyses. Post-
hoc subjective visual analysis of CNN segmentation errors determined whether

anatomical features could account for these.
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2.3 Prevalence, pattern and prognostic significance of altered body

composition in patients with chemotherapy-treated MPM

A multicentre retrospective cohort study was performed. NHS Greater Glasgow
and Clyde (NHSGGC) were the study sponsors. The NHS Greater Glasgow and
Clyde (NHSGGC) Safe Haven granted approval for access to unconsented
anonymised imaging data required for this project on 12t April 2018 (Ref:
GSH/18/0N/001). This covered both local NHS Research and Development (R&D)
and Research Ethics Committee (REC) approvals. The study protocol was
approved by the NHSGGC Biorepository Clinical Governance Group. This
extended the existing ethical approval in place for Biorepository projects

(Biorepository Application 348).

2.3.1 Study objectives

2.3.1.1 Primary objective and outcome measures

The primary objective of this study was to determine the prevalence and pattern
of altered body composition at the third lumbar (L3) and fourth thoracic

vertebrae (T4) in patients with MPM who went on to receive chemotherapy.

2.3.1.2 Secondary objectives and outcome measures

The secondary objectives were to determine, a) the prognostic significance of
sarcopenia and adipopenia at L3 and sarcopenia at T4, and, b) the
reproducibility of skeletal muscle and adipose tissue indices. Table 2.5
summarises the primary and secondary objectives and outcome measures. Table

2.6 summarises the exploratory objectives and outcome measures.
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Table 2.5 Primary and secondary objectives and associated outcome measures of

the altered body composition study

Study objectives

Outcome measures

Primary objective

To define the prevalence and pattern
of skeletal muscle and adipose tissue
loss during chemotherapy at L3 in
patients with MPM who went on to

receive chemotherapy

Presence of L3SMI (cm2/m?) loss, Y/N
Presence of L3VFI (cm?/m?) loss, Y/N

Presence of L3TFI (cm?/m?) loss, Y/N

where loss was defined as minus 1
standard deviation if the data were
normally distributed or data below
the 25t percentile if non-normally
distributed

To define the prevalence and pattern
of skeletal muscle loss during
chemotherapy at T4 in patients with
MPM who went on to receive

chemotherapy

Presence of T4SMI (cm2/m?) loss, Y/N

where loss was defined as minus 1
standard deviation if the data were
normally distributed or data below
the 25t percentile if non-normally
distributed

Secondary objectives

To determine if L3SMI, L3VFI, L3TFI
and T4SMI correlate with measures of
pre-chemotherapy systemic

inflammation and tumour volume

L3SMI (cm?/m?)
L3VFI (cm?/m?)
L3TFI (cm?/m?)
T4SMI (cm?/m?)

Measures of inflammation: WCC,
neutrophils, platelets, lymphocytes,

NLR, PLR, albumin, mGPS

MPM tumour volume CT (cm?)
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To determine the prognostic
significance of sarcopenia and

adipopenia at L3 and sarcopenia at T4

Presence of sarcopenia as defined by:
L3SMI (cm2/m?2) loss, Y/N
T4SMI cm?/m?) loss, Y/N

Presence of adipopenia as defined by:
L3VFI (cm?/m?) loss, Y/N
L3TFI (cm?/m?) loss, Y/N

where loss was defined as minus 1
standard deviation if the data were
normally distributed or data below
the 25t percentile if non-normally
distributed

Overall survival (0S), days

To determine the reproducibility
of L3SMI, L3VFI and L3TFlI

measurements by different observers

L3SMI (cm2/m?2)
L3VFI (cm?/m?)
L3TFI (cm?/m?)

To determine the reproducibility
of T4SMI measurements by different

observers

T4SMI (cm?/m?)

CRP: C-reactive protein; L3: third lumbar vertebra; L3SMI: skeletal muscle
index at L3; L3TFI: total fat index at L3; L3VFI: visceral fat index at L3; mGPS:
modified Glasgow Prognostic Score; NLR: neutrophil:lymphocyte ratio; PLR:
platelet:lymphocyte ratio; T4: fourth thoracic vertebra; T4SMI: skeletal

muscle index at T4; WCC: white cell count
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Table 2.6 Exploratory objectives and outcome measures of the altered body

composition study

Exploratory objectives

Outcome measures

To determine the difference between

ipsilateral and contralateral T4SMI loss

Ipsilateral T4SMI (cm?/m?)
Contralateral T4SMI (cm?/m?)

To determine the prognostic

significance of ipsilateral T4SMI loss

Presence of ipsilateral T4SMI loss
(cm?/m?), Y/N

Overall survival (0S), days

To determine correlation between
L3SMI and T4SMI and response to

treatment

Presence of L3SMI (cm?/m?) loss, Y/N
Presence of T4SMI (cm?/m?) loss, Y/N

To determine correlation between
L3SMI and T4SMI

L3SMI (cm?/m?2)
T4SMI (cm2/m?)

To determine if sex- and BMI-specific

differences exist at L3 and T4

L3SMI (cm2/m?2) in males
L3SMI (cm2/m?2) in females
L3VFI (cm2?/m?2) in males
L3VFI (cm?/m?) in females
L3TFI (cm?/m?2) in males
L3TFI (cm?/m?) in females
T4SMI (cm?/m?) in males
T4SMI (cm?2/m?) in females
L3SMI (cm2/m?2) in BMI <25 kg/m?
L3SMI (cm2/m?2) in BMI 225 kg/m?
L3VFI (cm2?/m?2) in BMI <25 kg/m?
L3VFI (cm?/m?) in BMI 225 kg/m?
L3TFI (cm?/m?2) in BMI <25 kg/m?
L3TFI (cm?/m2) in BMI 225 kg/m?
T4SMI (cm2/m?) in BMI <25 kg/m?
T4SMI (cm?/m?2) in BMI 225 kg/m?

)
)
)
)
)
)

)
)

BMI: body mass index; L3: third lumbar vertebra; L3SMI: skeletal muscle index
at L3; T4: fourth thoracic vertebra; T4SMI: skeletal muscle index at T4;

Ipsilateral & Contralateral T4SMI: skeletal muscle index at T4 on ipsilateral

and contralateral side of tumour, respectively
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2.3.2 Study population

Patients were selected from the Prediction of Resistance to chemotherapy using

Somatic Copy Number Variation in Mesothelioma (PRISM) study which is a

multicentre MPM biomarker study assessing a genomic predictor classifier of

chemotherapy resistance described in Section 2.2.2.1 of this chapter. Potentially

eligible patients were identified retrospectively using existing databases at the

study centres.

2.3.3 Eligibility criteria

The following eligibility criteria were applied to all cases selected for the

present study:

e Inclusion criteria:

o

o

o

Histological diagnosis of MPM

Cisplatin (or carboplatin) plus pemetrexed chemotherapy received
Pre-chemotherapy and response assessment venous-phase contrast-
enhanced CT images available for analysis

Height and weight metrics available at pre-chemotherapy time

point

e Exclusion criteria:

o

Non-availability of pre-chemotherapy and response assessment
venous-phase contrast-enhanced CT images
Non-availability of height and weight metrics available at pre-

chemotherapy time point
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2.3.4 Study procedures

2.3.4.1 Clinical data

The coordinating study centre was the Queen Elizabeth University Hospital
(QEUH) in Glasgow. Data and imaging were collected from Wythenshawe
Hospital and University of Leicester Hospitals NHS Trust. Clinical data were
entered onto a Microsoft Excel data collection sheet. Each patient was
associated with a study number and their data entered on to the appropriate
row. Patient identifiers were entered and data recorded in a linked anonymised
format. Clinical data was transferred to Glasgow from the other participating

centres using a secure file transfer portal (https://transfer.gla.ac.uk/).

Data were extracted retrospectively from study databases and supplemented by
electronic records, including demographics (age, sex), Eastern Cooperative
Oncology Group performance status (ECOG PS)(157, 320), histological sub-type
(epithelioid, biphasic, sarcomatoid or not specified), disease stage according to
the eighth TNM classification for malignant pleural mesothelioma(45) and details
of chemotherapy (outlined in Section 2.2.4.1 of this chapter). Data regarding
ECOG PS have been further described in Section 2.1.3.2 of this chapter. Overall
survival (0S, days) was recorded from the date of pre-chemotherapy CT to death

from any cause.

The systemic inflammatory response can be defined by single measures. Pre-
chemotherapy blood laboratory value data were collected and included
haemoglobin, white cell count, neutrophils, platelets and lymphocytes. The
latter haematological indices are included in the neutrophil:lymphocyte ratio
(NLR) - calculated by dividing the number of neutrophils by number of
lymphocytes - and platelet:lymphocyte ratio (PLR) - defined by dividing the
number of platelets by number of lymphocytes. Laboratory value data collected
also included acute phase proteins C-reactive protein (CRP) and albumin and the
integrated modified Glasgow Prognostic Score (mGPS) which combines CRP and
albumin(328). A single centre sub-group of patients also had available response
assessment blood laboratory results, including white cell count, neutrophils,

lymphocytes, platelets, albumin and CRP.


https://d.docs.live.net/2e541af536040628/Documents/PhD%20chapters/Latest%20draft/DRAFT%20PHD/Final%20submission_February%202023/rtal%20(https:/transfer.gla.
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2.3.4.2 Weight and height measurements

Weight and height measurements were collected retrospectively. Body mass
index (BMI) was calculated as: (weight (kg) divided by height squared (m?)). The
World Health Organisation (WHO) categories were used and have been

summarised as follows(329):

e Underweight: BMI <18.5 kg/m?
e Normal: BMI 18.5-24.9 kg/m?
e Overweight: 25-29.9 kg/m?

e Obese: BMI >30 kg/m?

2.3.5 CT image acquisition and anonymisation

CT image acquisition and anonymisation has been described in Sections 2.2.6 of

this chapter.

2.3.6 Body composition analyses

A freely available image processing software called ImageJ (U.S. National

Institutes of Health, Bethesda, MD)(330) was used for body composition analyses.

2.3.6.1 Skeletal muscle at the third lumbar vertebra

The third lumbar vertebra (L3) was identified by counting down from the first rib
and counting upwards from the pelvic bones. Images were saved at the mid-
point of the spinous process. Adequate image penetration and image contrast
were evidenced by visualising lumbar vertebral bodies with both trabecular and
cortical bone demonstrated. The L3 muscle groups included the following muscle
groups: psoas, erector spinae, quadratus lumborum, transversus abdominis,

internal obliques, external obliques, rectus abdominus.
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The L3 skeletal muscle area measurement method is illustrated in Figure 2.10.
The external musculature was delineated by the segmented line tool on ImageJ
software (U.S. National Institutes of Health, Bethesda, MD; see Figure 2.10:
Panel A). Established Hounsfield unit (HU) skeletal muscle thresholds of -29 to
+150 HU were applied(288), and area measured (cm?, see Figure 2.10, Panel B).
The internal musculature was delineated (see Figure 2.10, Panel C) with the
same HU thresholds set and area measured (see Figure 2.10, Panel D). The
external and internal musculature areas were subtracted to provide the L3

skeletal muscle area (L3SMA, cm?).

Figure 2.10 Axial slices of CT scans demonstrating the third lumbar vertebra

(L3). Panel A demonstrates the delineation of the external skeletal muscle area
(SMA) on ImageJ software, defined by the area included in the dotted yellow
line. Panel B demonstrates the skeletal muscle threshold selection using a HU
range of -29 to +150 HU. Panel C demonstrates the delineation of the internal
SMA, defined by the area included in the dotted yellow line. Panel D

demonstrates skeletal muscle HU threshold selection
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2.3.6.2 Skeletal muscle at the fourth thoracic vertebra

The fourth thoracic vertebra (T4) was identified by counting down from the first
rib and counting upwards from the twelfth thoracic vertebra. Images were saved
at the mid-point of the spinous process. Adequate image penetration and image
contrast were evidenced by visualising thoracic vertebral bodies with both
trabecular and cortical bone demonstrated. The T4 muscle groups included the
following muscle groups: pectoralis, intercostal, serratus, latissimus and
paraspinal muscles. Figure 2.11 illustrates the skeletal muscle HU threshold
method for total T4 skeletal muscle area measurement which is described in

detail in Section 2.3.6.1 of this chapter.

Figure 2.11 Axial slices of CT scans demonstrating fourth thoracic vertebra (T4).

Panel A demonstrates the delineation of the external skeletal muscle area (SMA)
on ImageJ software, defined by the area included in the dotted yellow line.
Panel B demonstrates the skeletal muscle threshold selection (HU range, -29 to
+150 HU). Panel C demonstrates the delineation of the internal SMA, defined by
the area included in the dotted yellow line. Panel D demonstrates skeletal

muscle HU threshold selection



112

2.3.6.3 Skeletal muscle at the ipsilateral fourth thoracic vertebra

Ipsilateral T4 was defined as the side of the thorax containing pleural tumour.
The border between ipsilateral and contralateral compartments was defined as a
straight line drawn posterio-anteriorly from the mid-point of the vertebral body
to the midpoint of the sternum. Figure 2.12 illustrates the same skeletal muscle
HU threshold method for skeletal muscle area measurement described in Section
2.3.6.2 of this chapter. The contralateral fourth thoracic vertebra (Contralateral
T4) muscle area was calculated subtracting the ipsilateral T4 muscle area (cm?)

from the total T4 muscle area.

Figure 2.12 Axial slices of CT scans demonstrating fourth thoracic vertebra (T4).

Panel A demonstrates the delineation of the external skeletal muscle area (SMA)
on the ipsilateral side of MPM tumour, defined by the area included in the
dotted yellow line. Note the straight yellow line separating the ipsilateral and
contralateral muscle compartments. Panel B demonstrates the skeletal muscle
threshold selection (HU range, -29 to +150 HU). Panel C demonstrates the
delineation of internal SMA, defined by the area included in the dotted yellow

line. Panel D demonstrates skeletal muscle HU threshold selection
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2.3.6.4 Adipose tissue at the third lumbar vertebra

Image analysis for adipose tissue was based on a single image at L3 on contrast-
enhanced CT scans defined as per Section 2.3.6.1 of this chapter. The exterior
skin was delineated (see Figure 2.13, Panel A). Established HU thresholds for
adipose tissue (-190 to -30 HU) were applied(305), and area measured (cm?, see
Figure 2.13: Panel B). The external musculature was delineated (see Figure 2.13,
Panel C) and subcutaneous adipose tissue HU thresholds were applied (see Figure
2.13: Panel D). Subcutaneous adipose area (SFA, cm?) was calculated by
subtracting the exterior skin and external musculature areas. The internal
musculature was delineated (see Figure 2.13: Panel E) with adipose tissue HU
thresholds applied and area measured (see Figure 2.13, Panel F). Visceral
adipose area (SFA, cm?) was calculated by subtracting the external and internal
musculature areas (cm?). Total fat area (TFA, cm?) was calculated as the sum of

visceral adipose area (VFA, cm?) and subcutaneous adipose area (SFA, cm?).
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Figure 2.13 Axial slices of CT scans demonstrating L3. Panel A demonstrates the
delineation of the external adipose tissue on ImageJ software, defined by the
area included in the dotted yellow line. Panel B demonstrates the adipose tissue
threshold selection using established adipose tissue HU ranges of -190 to -30 HU.
Panel C demonstrates the delineation of external adipose tissue area. Panel D
demonstrates adipose tissue HU threshold selection. Panel E and F demonstrates
internal adipose tissue area (defined by the area included in the dotted yellow

line) and HU threshold selection, respectively
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2.3.7 Body composition index changes

Body composition indices were calculated by dividing the relevant muscle or
adipose tissue areas (cm?) by height squared (m?2) to provide skeletal muscle
index (SMI, cm?/m?) or adipose tissue indices, including total fat index (TFI,
cm?/m?), visceral fat index (VFI, cm?/m?) and subcutaneous fat index (SFI,

cm?/m?).

| used published sex- and BMI-specific cut-offs for sarcopenia at L3 as
follows(186):

e L3 skeletal muscle index (L3SMI) <41 cm?/m? in females
e L3SMI <53 cm?/m? if BMI 25 kg/m? and L3SMI <43 cm?/m? if BMI <25 kg/m?

in males

No sarcopenia thresholds exist for skeletal muscle index at T4 (T4SMI) or
Ipsilateral or Contralateral T4SMI. | made an a priori decision to dichotomise
patients into muscle losing and non-losing groups based on thresholds of mean
minus 1 standard deviation if the data were normally distributed or data below
the 25t percentile if non-normally distributed. There are also no thresholds for
T4SMI or T4SMI Ipsilateral changes between pre-chemotherapy and response
assessment time points. Percentage changes between pre-chemotherapy and
response assessment time points were computed for each case as: ((response
assessment SMI minus pre-chemotherapy SMI) divided by pre-chemotherapy SMI)
multiplied by 100 (%). | made an a priori decision to dichotomise patients into
muscle losing and non-losing groups based on thresholds of mean minus 1
standard deviation if the data were normally distributed or data below the 25t
percentile if non-normally distributed. The same thresholds were used for
percentage changes between pre-chemotherapy and response assessment time

points at L3SMI and for all the adipose tissue indices.
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2.3.8 Chemotherapy response evaluation

Chemotherapy response evaluation was performed by a Consultant Radiologist

(Dr Gordon Cowell) using mRECIST described in Section 2.2.6 of this chapter.

2.3.9 Tumour volume

| performed manual pleural tumour segmentations on pre-chemotherapy CT
scans using Myrian Intrasense® software v2.4.3 (Paris, France). This method has

been described in detail in Section 2.2.7 of this chapter.

2.3.10 Statistical analyses

Statistical analyses were performed using SPSS v24.0 (Chicago, USA) and
GraphPad v9.1.0 (San Diego, USA). Sample size calculations were not performed
due to the exploratory study design. Data were tested for normal distribution
using the Kolmogorov-Smirnov test. Descriptive data have been presented as
percentage, mean (standard deviation, SD) for normally distributed and median

[interquartile range, IQR] for non-normally distributed variables.

2.3.10.1 Primary objective

The prevalence of skeletal muscle and adipose tissue loss at L3 and skeletal
muscle loss at T4 was determined as: (number of patients in the muscle or
adipose tissue losing group divided by the total number of patients) multiplied
by 100 (%).

2.3.10.2 Secondary objectives

The proportion of cases in muscle losing and non-muscle losing groups was
compared using X2 or Fisher's exact test, where appropriate. Mean or median

values for groups were compared using the unpaired Student's t-test for normally
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distributed data or the Mann-Whitney U test for non-normally distributed data.
Differences in T4SMI change and mRECIST-defined partial response (PR), stable
disease (SD) and progressive disease (PD) groups were compared by ANOVA
Correlations between variables and muscle indices were calculated by Parson's
or Spearman'’s correlation, where appropriate. No factors with r>0.8 were
included in the same multivariable model to account for co-linearity. Factors
with values of p<0.05 in univariate analyses were included in the multivariate
analysis with the Cox proportional hazards model. Overall survival (OS, days) was
generated using Kaplan-Meier methodology and compared using the log-rank
test. Correlation between L3SMI and T4SMI was determined by Spearman’s Rho
test. For inter-observer data of L3, | randomly selected 35 CT scans which were
annotated independently by a respiratory physician (Dr Geoffrey Martin). For
intra-observer data, | re-annotated 35 randomly selected scans, three weeks
after my original annotations. For inter-observer data of T4, | randomly selected
35 CT scans which were annotated independently by a clinical fellow (Dr Jenny
Ferguson). For intra-observer data, | re-annotated 35 randomly selected scans,

three weeks after my original annotations.
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Chapter 3

SEMI-AUTOMATED SEGMENTATION OF MPM TUMOUR
VOLUME
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3 Chapter 3: Semi-automated segmentation of MPM

tumour volume

3.1 Introduction

Response assessment in patients with malignant pleural mesothelioma (MPM) is
important in determining prognosis and suitability for traditional chemotherapies
agents as well as emerging immunotherapies. An alternative to the modified
Response Evaluation Criteria in Solid Tumours (mRECIST) classification is
required due to high inter-observer variation(78) and tumour over-
classification(82). Tumour volumetry has become established in lung(331) and
other malignancies(332-334) and overcomes the limitation of arbitrary
unidimensional measurements made on serial computed tomography (CT) scans

to provide a more reliable assessment of tumour volume.

Volumetric segmentation of pleural tumour in MPM has been studied by several
previous group(46, 80, 99, 104, 108), including using magnetic resonance
imaging (MRI)(319). MRI is a medical imaging modality that generates anatomical
images using magnetic field gradients and radio waves(335). It affords clearer
soft tissue definition when compared to CT(336). Research from our own study
group has demonstrated that MRI-measured T-volume is superior to TNM8-
defined T-stage as a survival predictor (HR 4.03, p=0.006)(319). However, MRI is
not used routinely in clinical practice and is not suitable in every patient, for

example, due to claustrophobia or pre-existing metalwork in the body.

CT remains the primary initial cross-sectional imaging modality in the evaluation
of patients with suspected MPM(2). CT does have technical limitations, but due
to the availability, cost and familiarity among radiologists (in the short to
medium term at least), better tools are required to use the data acquired by CT,
including development of an automated approach to pleural tumour volumetry in
MPM. Recent studies have reported semi-automated(109, 112, 113, 337) and
automated approaches to CT volumetry in patients with MPM(136). However,

these approaches require human annotations which have wide inter-observer
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variability(102, 104) and have struggled to differentiate complex pleural
tumours from other anatomical structures in the thorax(113, 338). Automated CT
volumetry has the potential to obviate the need for time-consuming and
potentially inaccurate annotations drawn by human readers but has yet to be
established in MPM. This first step in volumetric automation is the training of
artificial intelligence (Al) algorithms using human-defined - or ground -ruth -

volumes.

This chapter describes the attempt to deploy a recently reported semi-
automated method of volumetric MPM tumour assessment developed using MRI
on contrast-enhanced CT scans to serve as ground truth for a future Al

algorithm.
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3.2 Methods

A detailed description of the methods is provided in Chapter 2, Section 2.1.

The objectives and associated outcome measures for this study are detailed in
Chapter 2, Section 2.1.1. To summarise, the primary objective was to determine
the feasibility of semi-automated MPM volumetry based on radiodensity-tuned
segmentation of contrast-enhanced CT scans (originally developed on MRI). The
secondary objectives were to assess correlation and agreement between CT and

MRI volumes and the reproducibility of the method.
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3.3 Results

3.3.1 Study population

23 patients were included and have been summarised in Table 3.1. The median
age was 71 [IQR 71 to 83] years and the majority were male (87%). Epithelioid
mesothelioma was the most common histological sub-type (70%). Patients mostly
had earlier stage disease (TNM8 stage | disease 70%) with an ECOG Performance
status of 0 (13%) or 1 (61%). Over one fifth of patients had a PS of 2 (22%).

Table 3.1 Clinicopathological data of 23 patients with MPM who had

contemporaneous contrast-enhanced CT and MRI scans

Median [IQR] or n (%)
Age at diagnosis, years 71 [71-83]
Male gender 20 (87%)
Histological sub-type
Epithelioid 16 (70%)
Biphasic 3 (13%)
Sarcomatoid 2 (9%)
Not available 2 (9%)
Disease stage
I 16 (70%)
I 0 (0%)
1l 1 (4%)
v 0 (0%)
Not available 6 (26%)
ECOG Performance status
0 3 (13%)
1 14 (61%)
2 5 (22%)
3 1 (4%)
ECOG: Eastern Cooperative Oncology Group
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3.3.2 Primary objectives

3.3.2.1 Radiodensity measurements

The total number of pleural ROIs assessed was 154. The median radiodensity in
Hounsfield unit (HU) values in these ROIs was 52 [IQR 46 to 60] HU, see Table
3.2. The HU threshold limits used for subsequent region growing for generation
of pleural volumes was the median value of seed placed in the contour mask +/-
11 HU.

Table 3.2 Pleural tumour ROl HU values obtained in the coronal plane of

contrast-enhanced CT scans

Pleural tumour HU
Minimum 21
25t Percentile 46
Median 52
75t Percentile 60
Maximum 100
HU: Hounsfield unit

The median HU in areas of intercostal muscle, diaphragm and pleural fluid were
20.4 [IQR 11.9 to 32.3] HU, 40.4 [IQR 26.4 to 56.4] HU and 11.8 [IQR 8.3 to 17.8]
HU, respectively (see Table 3.3). Lung, rib and pleural plaque were -827.9 [IQR -
863.9 to -791.5] HU, 438 [IQR 382.2 to 481.2] HU and 639.6 [IQR 538.5 to 763.3]
HU, respectively.



Table 3.3 Other thoracic tissues ROl HU values obtained in the coronal plane of contrast-enhanced CT scans

Intercostal | Pleural Diaphragm | Liver HU Spleen HU | Rib HU Pleural Lung HU
muscle HU | fluid HU HU plaque HU
Minimum 3.3 1.2 7.8 16.4 12.5 293.8 249 -1003
25t Percentile | 11.9 8.3 26.4 73.3 85.7 382.2 538.5 -863.9
Median 20.4 11.8 40.4 95.9 104 438 639.6 -827.9
75t Percentile | 32.3 17.8 56.4 107.8 118.7 491.2 763.3 -791.5
Maximum 53.3 35.1 87.1 138.7 175.3 703.1 1007 17.3

HU: Hounsfield unit

124



125

3.3.2.2 Comparison of radiodensities in pleural tumour and other tissues

There was significant overlap between the radiodensities of the pleurae and

adjacent structures as illustrated in Figures 3.1 and 3.2.

15001
1000+

500+

Hounsfield Units
o
]

Figure 3.1 Violin plots illustrating overlapping HU values of all thoracic
tissues. The dotted lines inside the violins represent the median and 25" and
75t percentile HU values. The red dotted lines across the plot represent the

minimum and maximum HU values for pleural tumour
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Figure 3.2 Violin plots illustrating overlapping HU values of pleural tumour

and adjacent thoracic tissues, including intercostal muscle, pleural fluid and
diaphragm. The dotted lines inside the violins represent the median and 25t
and 75% percentile HU values. The red dotted lines across the plot represent

the minimum and maximum HU values for pleural tumour
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3.3.2.3 Segmentation attempt 1

Despite the similarities in HUs between pleural tumour and different thoracic
tissues, semi-automated volumetric segmentation was attempted. In my first
attempt, freehand contours were drawn every 10 slices to include 36 axial
slices. This process took 35 minutes. After propagating the contour mask, areas
were visible within the semi-automated volumes that included anatomical
structures out-with pleural tumour. These presented as areas of artefact - or
‘ghost images’ - superimposed on the CT image. This has been illustrated in
Figure 3.3. | considered the complex shapes of the lung and chest wall to be
possible reasons for this phenomenon as well as a relatively light segmentation
schedule which the software was unable to semi-automate in the linear
interpolation step to make an accurate contour mask. The threshold mask
volume based on the 36 contoured axial slices was approximately 493 cm?3, but
when the HU-thresholds of +/- 11 HU were applied to 2 areas representative of
pleural tumour, the final tumour volume was much lower at 116 cm3. This has

been illustrated in Figure 3.4.

Figure 3.3 Segmentation attempt illustrating erroneous extrusion of the contour

mask (white arrows)
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Figure 3.4 Segmentation attempt illustrating under-segmentation of pleural
tumour (in blue). There are light grey areas of pleural tumour that should have

been entirely blue (white arrows)

3.3.2.4 Segmentation attempts 2 to 5

| made two further attempts at contouring pleural tumour on the first 20 apical
and last 20 basal slices with contours drawn every 5 slices in between these. This
resulted in approximately 75 contoured slices and took 120 minutes. The semi-
automated contour masks in these cases appeared to have fewer of the
superimposed ‘ghost artefacts’. However, propagation errors were still evident
in the apical and basal areas. The threshold mask volumes measured 647 cm3,
but when 2 seed points +/- 11 HU were applied, the volumes were approximately

234 cm3. Figure 3.5 illustrates this under-segmentation.
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Figure 3.5 Segmentation attempt illustrating under-segmented pleural tumour
(in blue). There are light grey areas of pleural tumour that should have been

entirely blue (white arrow)

A third attempt was made with more slices contoured (108/390 axial slices).
However, the ‘ghost artefacts’ and under-segmentation of pleural tumour were

still evident and have been illustrated in Figure 3.6.

Figure 3.6 Segmentation attempt illustrating both erroneous contour mask
propagation (in blue, overlying pleural effusion) and extra-pleural segmentation

errors (white arrow)
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3.3.2.5 Segmentation attempts 6 and 7

A sixth attempt was made with the first 20 apical and last 20 basal slices
contoured and contours drawn every other slice, resulting 200/312 axial slices
contoured. The threshold mask volume measured 966 cm3, but when 3 seed
points +/- 11 HU were placed, the volume increased to 3340 cm3. After visual
inspection of this inflated volumetric measurement, segmented areas bled into
the neighbouring pleural fluid and other thoracic structures not contained within

the contour mask. This has been illustrated in Figure 3.7.

Figure 3.7 Segmentation attempt illustrating over-segmentation with bleeding

into the pleural fluid (blue area highlighted by white arrows)

3.3.2.6 Radiodensity measurements using axial views

To further explore the pleural tumour segmentation issues encountered with the
HU-specific seed points, | performed a detailed visual inspection of pleural
tumour in the coronal plane. Identifiable areas of pleural tumour were often
only visible in two or three areas. One scan had no areas of visible pleural
tumour in the three coronal slices assessed. This has been summarised in Table
3.4



Table 3.4 Subjective visual analysis of ROIs in coronal plane slices of contrast-

enhanced CT scans
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Case | Number of | Description
ROIs

1 8 Minimal pleural tumour visible in mid-point slice

2 5 Minimal pleural tumour in anterior and mid-point slice

3 7 Minimal pleural tumour in mid-point slice

4 10 Pleural tumour visible in all areas

5 12 Pleural tumour only visible at costophrenic angle

6 3 Two areas of pleural tumour visible in mid-slice

7 15 Pleural tumour visible in all areas

8 2 Small area of pleural tumour in anterior and mid-
point slices

9 5 Minimal pleural tumour in mid-point slice

10 2 Pleural tumour visible in all areas

11 9 Minimal pleural tumour in mid-point slice

12 3 Pleural tumour only visible in apical area

13 3 Pleural tumour visible in all areas

14 0 No areas of pleural tumour identified

15 4 Pleural tumour mainly in the posterior slice

16 10 Small volume pleural tumour in all slices

17 4 Small volume pleural tumour in all slices

18 5 Small volume pleural tumour in all slices

19 10 Limited areas of pleural tumour in anterior and mid-
point slices

20 4 Limited areas of pleural tumour in anterior and mid-
point slices

21 11 Limited pleural tumour in mid-point slice

22 12 Pleural tumour in posterior slice

23 10 Pleural tumour in anterior slice

ROI: region of interest
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In the clinical setting, assessment of CT scans in axial plane is more
commonplace. After reviewing pleural tumour in both the coronal and axial
planes in a selection of CT scans, it became apparent that the yield of pleural
tumour ROI measurements would increase if | measured ROIs in the axial plane.
An example of the differences in pleural tumour visibility in the axial versus

coronal planes has been illustrated in Figure 3.8.

Panel A

Figure 3.8 Example of pleural tumour (white arrows) when viewed in axial (A)
and coronal (B) planes in the same patient. The contrast is clearer on Panel A

compared to Panel B
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| re-assessed all the CT scans in the axial view to enhance the pleural tumour
radiodensity data. Fifteen ROIs were distributed cranio-caudally on areas of
what | considered representative of pleural tumour. This has been illustrated in
Figure 3.9. Mean intensity and standard deviation (SD) were documented for
each ROl in HU. HU threshold limits used for subsequent region growing were
derived using the ranges (maximum to minimum) of the pleural tumour ROIs in
all 23 patients and divided by two to facilitate region growing either side of the

seed points placed on representative areas of pleural tumour.
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Figure 3.9 Radiodensity measurements in the axial plane with the red marker

placed on an area representative of pleural tumour

3.3.2.7 Segmentation attempts using median pleural tumour ROl in axial views

The median radiodensity in HU in areas of pleural tumour was 49.3 [IQR 39.8 to

62.7] HU. Table 3.5 summarises the median and range differences in HUs

between coronal and axial planes.



Table 3.5 Comparison of pleural tumour ROIs in coronal and axial planes of

contrast-enhanced CT scans

Case | Coronal Axial

ROI Median HU | HU ROI Median HU

n=154 range n=269 HU range
1 8 55.1 31 12 50.8 102
2 5 54.8 23 15 52.5 61
3 7 65.4 19 12 51.5 60
4 10 54.5 43 15 59.5 27
5 12 46.8 22 14 49.3 39
6 3 79.7 48 2 36.9 6
7 15 53.8 32 15 40.6 56
8 2 54.0 10 5 27.6 189
9 5 65.4 32 15 62.4 54
10 2 54.0 18 14 54.9 38
11 9 55.4 33 8 32.8 20
12 3 66.3 16 15 52.8 59
13 3 52.3 15 3 29.3 13
14 0 N/A N/A 8 47.6 59
15 4 46.5 12 8 44.6 22
16 10 48.4 18 15 40.4 47
17 4 49.5 10 7 38.7 21
18 5 46.8 47 12 49.5 44
19 10 53.3 35 15 58.8 73
20 4 46.5 9 14 49.2 36
21 11 49.8 20 15 35.8 53
22 12 51.5 33 15 59.7 50
23 10 51.7 26 15 54.7 47
ROI: region of interest; HU: Hounsfield unit
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Repeat measurements were not taken for the other thoracic tissues as these
were easily identifiable in the three coronal plane slices. The new HU threshold
limits used for subsequent region growing based on 23 patients (ROl n=269) was
+/- 22 HU.

| made a further semi-automated segmentation attempt using these new data.
However, | continued to encounter the aforementioned issues with artefact, or
‘ghost areas’. Moreover, seed points based on axial HU-threshold limits of +/- 22
HU resulted in a greater proportion of over-segmentation of pleural tumour and
bleeding into other non-pleural tumour tissues which have been illustrated in
Figure 3.10.

Figure 3.10 Segmentation attempt 8 illustrating over-segmentation (in blue) with
inclusion of non-pleural tumour (white arrows) in the final volume using seed
point thresholds of +/- 22 HU
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Anatomical difficulties in interpretating pleural tumour also contributed to the
repeated failed attempts of a semi-automated approach to pleural tumour
segmentation. Detailed illustrations and descriptions of the anatomical
difficulties are included in Figure 3.11. | have presented the images without

segmentation colour to demonstrate the subtle differences in greyscale.

Figure 3.11 Difficulties in interpreting pleural tumour. Panel A illustrates the
similarities between pleural tumour (red arrow) and atelectasis (white arrow).
Panel B illustrates the difficulties in differentiating between different tissues,
e.g., pleural fluid (red P), atelectasis (white arrow) and tumour (red arrows).
Panel C illustrates non-confluence of pleural tumour (red arrows) which resulted
in software limitations and time spent returning to edit the completed contour
mask. Panel C also illustrates atelectasis (white arrow). Panel D illustrates
calcified tumour (white arrow) which was not included in the segmented

volumes and pleural tumour (red arrows)
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3.3.2.8 Time taken for volume analyses

The mean time taken to complete semi-automated segmentation for the CT
scans (n=8) was 25 (SD 7) minutes, with the mean number of CT slices delineated
77 (SD 21).

3.3.3 Secondary objectives

3.3.3.1 Correlation and agreement analyses between semi-automated CT and

MRI volumes

The median semi-automated CT and MRI volumes (n=8) were 204 [IQR 124 to
1852] cm? and 368 [IQR 238 to 502] cm?, respectively. The semi-automated CT
volumes were larger than the MRI volumes with a mean difference between MRI
and CT volumes of -457.6 cm? (95% limits of agreement -2741 to +1826 cm?, see
Figure 3.12: Panel A). There was a strong correlation between CT and MRI
volumes (r=0.738, p=0.0458, see Figure 3.12: Panel B).
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Figure 3.12 Bland-Altman plot (Panel A) and Spearman’s correlation (Panel B)
comparing primary tumour volume measured using semi-automated
segmentation CT scans versus semi-automated segmentation MRI scans in 8

patients with MPM
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3.3.3.2 Abandonment of a semi-automated segmentation approach

Following subjective interpretation of the 8 segmented CT volumes, and the very
wide 95% limits of agreement following the correlation analysis, | met with a
Myrian Intrasense® software engineer to determine a solution to the semi-
automated segmentation errors. The first step involved installing an update to
the Myrian Intrasense® software. However, the semi-automated segmentation
errors persisted despite this. The main reasons for the semi-automated
segmentation errors were determined to be the complexity of pleural tumour in
patients with MPM and the inability to obtain feasible HU-defined threshold
limits (+/- 11 HU and +/- 22 in the coronal and axial planes, respectively) due to
overlapping thoracic tissue HU values. As such, further semi-automated
segmentation attempts were abandoned in favour of a fully manual
segmentation approach which is described in more detail in Chapter 2, Section
2.2.7.

The failure of my primary objective to develop a semi-automated region-growing
step for tumour segmentation using contrast-enhanced CT scans meant that it
was not possible to proceed with the secondary outcome of intra-observer

agreement.
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3.4 Discussion

3.4.1 Heterogeneity of Hounsfield units in thoracic tissues

The first aim of this chapter was to determine the radiodensities of different
thoracic tissues. To recap, Hounsfield units (HU) are radiodensities of tissues
relative to water, which has 0 HU(285). Tissues denser than water will have HUs
>0. This was reflected in the present study where the median [interquartile
range, IQR] pleural tumour (measured in the axial plane) and pleural effusion
radiodensities were 49.3 [IQR 39.8 to 62.7] HU and 11.8 [8.3 to 17.8] HU,
respectively. | observed overlapping radiodensities between pleural tumour 49.3
[IQR 39.8 to 62.7] HU, intercostal muscle (20.4 [11.9 to 32.3] HU), diaphragm
(40.4 [26.4 to 56.4] HU) and pleural fluid (11.8 [8.3 to 17.8] HU). My thoracic
radiodensity values were analogous to those described by Corson and colleagues
who reported the following median radiodensity values: pleural tumour 56 [IQR
23 to 91] HU, intercostal muscle 61 [37 to 85] HU and pleural fluid 4 [-24 to 30]
HU(339). Similarly, Mirvis and colleagues reported a median radiodensity of
pleural tumour of 44 HU in their study of 9 patients with MPM(340). Luerken and
colleagues determined differences in contrast-enhanced multi-detector-
computed-tomography radiodensities in 28 patients with MPM and reported MPM
tumour radiodensities that were larger than my measurements (56.7 HU in the
arterial-phase and 75.4 HU in the portal-venous phase, respectively(341)). After
plotting median HU values alongside IQR values, overlapping HU distributions
were obvious. When HU-defined seed points were applied to the propagated
contour masks, seeding into structures and thoracic tissue compartments

adjacent to pleural tumour resulted in inaccurate tumour volumes.

3.4.2 Comparison to MRI method

| extrapolated my CT method from the MRl method developed by Tsim and other
colleagues from our own study group who determined mean signal intensity (SI)
values on T1-weighted dynamic contrast-enhanced MRI (DCE-MRI)(342). DCE-MRI

is a functional imaging technique that can be used to measure tissue
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perfusion(342, 343), including MPM pleural tumour(344). Tsim and colleagues
determined that pleural tumour has an intermediate signal intensity on T1-
weighted MRI of 99 arbitrary units (AU) which was greater than that of pleural
fluid and intercostal muscles(319). The diaphragm muscles have a low signal
intensity(345) as does lung parenchyma with signal intensities ranging from -132
to -158 AU, depending on normalisation relative to water or muscle(346). As
such, there were no overlapping signal intensities between different thoracic

tissues using the Tsim and colleagues MRI method.

DCE-MRI has recently been shown to predict response to treatment in patients
with MPM(347). Very few data exist regarding dynamic contrast-enhanced CT
scans (DCE-CT) in MPM(348-350). DCE-CT sequentially measures tissue density
over time on an image series(351). Gudmundsson and colleagues reported
differences in tissue blood flow and tissue blood volume on DCE-CT between
chemotherapy-treated and untreated patients with MPM(348). The thoracic
tissue HU measurements | made were obtained without CT perfusion data.
Further studies assessing DCE-CT perfusion metrics would yield further data that

may serve to facilitate more accurate identification of pleural tumour using CT.

3.4.3 ROl measurements in coronal and axial views

There is no gold standard approach to region of interest (ROI) selection when
determining the radiodensity range of pleural tumour. | employed a strategic
approach to define ROIs to ensure standardisation across the dataset. In the
coronal plane this involved ROl measurements in pre-defined anterior, mid-point
and posterior slices. In the axial plane, | sequentially identified pleural tumour
working down the images series in a cranial-caudal direction. Accurate
identification of pleural tumour was difficult when assessed in the coronal view
and resulted in less ROIs to define population values for pleural tumour HU that
could be later used to define threshold limits for subsequent region growing.
Attempts to mitigate this problem using contemporaneous MRI were

unsuccessful.
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The identification of pleural tumour from other thoracic tissues was made easier
when viewed in the axial plane and resulted in a greater number of ROIs
distributed across each CT scan, enriching the pleural tumour radiodensity data.
The median HUs in axial and coronal views were similar (49.3 [IQR 39.8-62.7] HU
and 52 [46-60] HU, respectively). However, the median ranges of axial plane-
defined HU thresholds were wider than those obtained in the coronal plane. The
reason for this is unclear. One possible explanation may relate to the smaller
number of ROIs afforded by assessment in the coronal view, with a larger margin
of error. For example, 5/23 scans assessed in the coronal view included only 2 or
3 ROIs and there were no obvious areas of pleural tumour in one scan. A further
explanation may be the inclusion of areas of pleural tumour where prior
pleurodesis had occurred. Typically, this would manifest as visible areas of high
attenuation on CT(352). | made a conscious effort not to include visible areas of
high attenuation in my ROl measurements. However, pleurodesis can result in
more subtle changes such as pleural thickening and pleural nodularity(352). A
study examining positron emission tomography (PET CT) and CT in 9 patients
who had prior talc pleurodesis for malignant pleural effusions reported a mean
pleural HU value of 230 HU (range 140 to 380 HU)(353). If | did include areas of
pleurae exposed to pleurodesis, higher HU values will have been recorded.
Another explanation may relate to the way that Myrian Intrasense© software
determined mean radiodensity within a ROl measurement volume. The HU value
obtained from each ROl measurement was a mean value of the different voxels -
voxels are 3-D analogues of pixels(354) - contained within each ROI. This is
evident on the ‘intensity histogram’ visible in Figure 3.9 which includes
minimum and maximum voxels of 2 HU and 83 HU, respectively. | made efforts
to keep the volumes of the measured ROIs low, for example, the ROI volume in
Figure 3.9 was 0.37 cm3. However, my ROIs may have included voxels of
adjacent non-pleural tissues with divergent HU values such as intercostal muscle
(20.4 [IQR 11.9 to 32.3] HU) and air (-827.9 [IQR -863.9 to -791.5] HU).

3.4.4 Comparison to other semi-automated CT segmentation methods

Authors have described pleural tumour volumetric thresholding and region

growing in MPM. Frauenfelder and colleagues - who also used Myrian Intrasense®
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software - employed a semi-automatic thresholding and region growing method
on normal lung tissue and associated anatomy with subsequent semi-automatic
parietal pleurae segmentation on every fourth to fifth CT slice followed by inter-
slice interpolation(108). They reported high inter-observer agreement between
absolute tumour volumes. They did acknowledge the requirement for manual
input from human readers which is a limitation. My method differed to the
Frauenfelder method in its sole use of a semi-automated region growing method
to pleural tumour, without prior fixing of lung tissue. My final tumour volumes
required to be exportable to serve as the ground truth for a convolutional neural
network (CNN) described in the next chapter. It is unclear whether prior fixing
of lung tissue would have been compatible with these later processes.
Regardless of this, | was unable to achieve the same results as the Frauenfelder

team.

Sensakovic and colleagues also described a mixed semi-automated and
automated approach. They employed a computerised segmentation of lung
tissue and the hemi-thoraces as well as semi-automated liver segmentation to
define MPM in the pleural space followed by classification of tissues into
categories based on pixel HUs, with pleural tumour HU values ranging from 0 to
100 HU(109). They reported a mean difference between the computerised
method and human measurements of -59 (SD 17) cm? and 95% limits of
agreement for the differences of -40 to 28 cm?. Two of their human observers
demonstrated superior mean differences of -36 (SD 11) cm? with 95% limits of
agreement for the differences of -26 to 19 cm?. They described the lung bases
and pleural effusions as being particularly problematic. | was able to apply my
clinical knowledge of MPM to help distinguish pleural fluid and calcified tumour
and pleural plaques. | also focused on the first and last 20 slices in each image
series with more detailed delineations applied to the pleural cupulae and

diaphragmatic recesses, respectively.

Similar pleural tumour HU thresholds (20 to 80 HU) were utilised by Gill and
colleagues who reported a semi-automated volumetric approach initiated by
software-automated segmentation with the requirement for subsequent manual

human user delineations, including correction for the presence of pleural
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effusions(111). As previously mentioned, my median pleural tumour HU values
were 49.3 [IQR 39.8 to 62.7] HU and 52 [IQR 46 to 60] HU when determined in
axial and coronal planes, respectively. When seed points of +/- 11 HU were
placed in areas of representative of pleural tumour, this would have captured
tissue with HUs of approximately 39 to 61 HUs. The maximum intercostal muscle
and pleural fluid HUs were 53.5 HU and 35.1 HU, respectively. Erroneous
inclusion of these structures would have been possible. When seed points of +/-
22 HU following re-assessment in the axial plane were applied, the expected HU
will have been approximately 28 to 72 HU. This broader range of tissue capture
would explain why diaphragm (40.4 HU) and pleural fluid (maximum HU value,
35 HU) were erroneously included in the final volume on my eighth segmentation

attempt.

| did not proceed to assess inter-observer variability due to the flaws and
inaccuracies of my semi-automated method attempts. Other authors have
reported high inter-observer variability, including Gill and colleagues who
reported absolute differences in volumes of 173 to 860 cm3(111). MPM disease-
specific pathological features such as pleural effusions and pleurodesis were
again reported to be problem areas. | have outlined the pitfalls of potentially
including areas of pleural tumour exposed to pleurodesis in my ROI

measurements in Section 3.4.3 of this discussion.

There is no standardised approach to the number of contours or seed points
applied to respective contour masks. Chen and colleagues placed 20 to 30 seed
points in areas representative of pleural tumour across six to ten axial CT scan
slices in their computer-aided random walk-based method(112). | placed two to
three seed points per each segmented image series. When | attempted to place
further seed points, tumour over-segmentation occurred. The reason for this is
not entirely clear, however it was likely due to limitations caused by the
complex morphology of the MPM tumours, resulting in seepage of what the
software perceived as pleural tumour into adjacent structures with similar HUs
such as intercostal muscle and pleural fluid. Lauk and colleagues used the
Frauenfelder technique on Myrian Intrasense® software, contouring pleural

tumour every fifth to tenth CT slices with adjustments made if necessary(355).
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They did not assess inter-observer variation. The mean number of contours in my
analysis was 77 (SD 21), with a minimum of 36 and maximum of 108. | initially
delineated every five to ten slices before sequentially increasing the number of
CT slice delineations to correct for the linear interpolation errors | encountered.
This culminated in a final contour mask attempt where | had delineated every

other axial CT slice.

Despite my best efforts, and meetings with the Myrian Intrasense® software
engineers to solve the aforementioned issues, | was unable to find a solution to
the limitations of HU-based region growing of MPM tumour. The decision to move
to a manual method was based on the premise that automated segmentation
methods are restricted to pixel HU data while human readers can use a much
broader pallet of visual clues and clinical experience to estimate a volume even
when the radiodensity fundamentals could not in isolation support the contour

masks drawn.

3.4.5 Possible clinical implications

Although MRI has been shown to be superior to CT in soft tissue enhancement, it
is not as routinely available as CT in clinical practice. MRI is also not suitable in
all patients, for example, those with metal implants or those who experience
claustrophobia. MRI is also more expensive than CT but has technical
advantages. Therefore, the development of an automated approach to pleural
tumour volumetry using CT in patients with MPM is important. Volumetric
methods using CT are increasingly being reported in the mesothelioma literature
and have been shown to be superior to mRECIST at predicting pleural tumour
and assessing response to treatment(108). The results from this chapter directly

led to the manual volumetric segmentation method descried in the next chapter.

3.4.6 Study limitations and strengths

The main limitation of this study was the small sample size of 23 patients.

However, the pleural tumour HU threshold values were determined on >200
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regions of interest. It also important to highlight that median pleural tumour HU
values were almost identical when assessed in the coronal and axial views,

suggesting that my ROl measurement technique was reproducible.

Nodular and circumferential pleural thickening are commonly associated with
pleural malignancy(356) and contrast-enhanced CT remains the first-line imaging
modality for assessment for MPM(2). However, there are wide ranging
sensitivities and specificities for the identification of pleural tumour on CT in the
thoracic malignancy literature(49-52). Although | used my knowledge of CT
features in MPM when measuring HU of pleural tumour with efforts made to
include only these in my pleural tumour ROIs, it is possible that non-malignant
parietal pleura may have been included in these ROIs, and as a direct
consequence, the semi-automated tumour volumes that were grown from the
seed points applied. Research from our own research group determined that
early contrast enhancement, based on tumoral blood vessel density, is a
sensitive biomarker for determining pleural malignancy using MRI scans(342). A
similar biomarker is not available in CT but would be a useful clinical tool. If the
inclusion of non-malignant parietal pleura was a limiting factor in the present

study, the impact would have been consistent across the dataset.

Another limitation is the potential for pleural tumour ROIs to have included
areas previously exposed to pleurodesis, resulting in higher radiodensity values
as described in Section 3.4.2 of this discussion. Although | excluded any areas
with visibly high attenuation in my ROIs (i.e., talc deposits), | was not able to
fully control for this in my dataset. It is important to note that assessment of
pleural tumour radiodensities were solely made from patients included in the
DIAPHRAGM study which were mostly diagnostic CT scans, i.e., scans were
performed early in the diagnostic pathway which will have likely preceded any
pleural interventions involving surgical pleurodesis or the administration of talc.
Another tissue with higher radiodensities is calcified pleural tumour which had a
median radiodensity of 639 [IQR 538 to 763] HU in the present study. The
maximum pleural tumour HU in both the coronal and axial measurements views
was 189 HU, evidencing that no calcified pleural plaques were included in the

ROI measurements.
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My ROI dataset was mostly comprised of patients with earlier disease stage, i.e.,
TNM8 stage 1. It is uncertain whether pleural tumour ROI values are dependent
on the stage of the disease. The natural history of MPM is the extension of a
rind-like growth around the pleurae with interlobar fissure involvement and
chest wall invasion in later stages. Radiodensities can differentiate benign from
malignant pulmonary nodules(357) as well as the invasiveness(358) and
likelihood of recurrence in early stage lung cancer(359). However, it is unclear
whether HU values correspond to different disease stages in solid organ cancers.
Veeratterapillay and colleagues concluded that HU values did not correlate with
disease stage in their cohort of patients with renal cancer(360). Conversely,
higher HU values were inversely related to growth deceleration in patients with
meningiomas(361). In patients with gastric(362) and lung cancers(363),
decreasing HU values following chemotherapy is predictive of response to
treatment. No data exist relating to HU differences according to stage or
treatment response in MPM. Corson and colleagues reported higher
radiodensities of MPM tumour compared to my data, with 97.5% centile and
maximum radiodensities of 181 HU and 355 HU, respectively(339). My maximum
pleural tumour radiodensity was 100 HU. However, the Corson study did not
provide details on the disease stages of the patients on their cohort, neither did
the Mirvis(340) or Leurken studies(341). The inclusion of patients with early-
stage disease stage in the present study also meant that pleural tumour was
more difficult to visualise due to smaller tumour volumes associated with this. |
will demonstrate that patients in the DIAPHRAGM study had a smaller volume of
measurable disease than patients in the PRISM study later in this thesis (Chapter
4, Sections 4.3.2.4 and 4.3.3.1), as the PRISM study scans were obtained later in

patient’s respective cancer pathways.

Another limitation was that the study dataset was composed of mostly patients
with the epithelioid sub-type of MPM. A sizeable minority (30%) of patients did
not have available histological data. Authors have reported CT imaging features
that can differentiate between different histological MPM sub-types, for
example, the sarcomatoid MPM sub-type is more likely to involve extension into
the lung parenchyma(364) and volume loss on the ipsilateral side of the

tumour(356). Conversely, Escalon and colleagues demonstrated no statistically
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differences between histological sub-type and CT imaging features(365).
Radiodensity differences have failed to distinguish tumour sub-types in patients
with renal(366) and breast cancers(367). A future study with a more diverse
range of mesothelioma sub-types would increase the generalisability of the
findings and could potentially provide further insights into whether there are
variations in pleural tumour radiodensities dependent on the MPM sub-type being

investigated.

3.5 Conclusion

In this chapter, the methods for an attempted semi-automated segmentation
approach to tumour segmentation using CT scans have been described. It was
not possible to accurately deploy a semi-automated volumetric analysis method
for MPM developed using MRI on contrast-enhanced CT images. Reduced
definition between tumour and neighbouring structures was a major contributor.
A manual segmentation method was chosen to serve as the ground truth for the
development of an automated volumetric approach described in the next

chapter.
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Chapter 4
VOLUMETRIC MPM TUMOUR ASSESSMENT USING
HUMAN AND DEEP LEARNING ALGORITHMIC
SEGMENTATIONS
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4 Chapter 4: Volumetric MPM tumour assessment using

human and deep learning algorithmic segmentations

4.1 Introduction

Computed tomography (CT) scans taken before and during treatment are
routinely used to determine response to systemic anti-cancer therapy (SACT). In
solid tumours, Response Evaluation Classification In Solid Tumours (RECIST)
criteria have traditionally provided objectivity in response assessment to SACT.
Modified Response Evaluation Classification In Solid Tumours (mRECIST) was
developed in malignant pleural mesothelioma (MPM) to tackle the limitations of
RECIST which assumes that tumours have spherical growth patterns(6). The
mRECIST reader makes unidimensional tumour thickness measurements
perpendicular to the chest wall in two positions at three levels on thoracic CT
scans to provide a summed value that broadly classifies response to treatment.
The mRECIST method has poor reproducibility, with up to 30% variability
reported between observers(81). This wide variation can cross response
thresholds based on the same data. In the clinical setting, response assessment
is often made through subjective assessment of serial cross-sectional images,

neglecting the use of mRECIST criteria altogether.

Accurate and time-efficient methods of response assessment are required to
improve response assessment in MPM. Semi-automated methods have been
explored but remain time-consuming and are prone to inter-observer
differences(102, 111). In Chapter 3, | demonstrated the limitations of a semi-
automated volumetry method after being unable to adapt a successful method
defined using MRI to CT data, primarily because of insufficient soft tissue
contrast on the CT images. More recent volumetric methods have focused on
utilising advancements in artificial intelligence (Al), specifically deep learning
methods such as convolutional neural networks (CNN)(136). Some CNNs have
been proven to out-perform humans when trained on very large datasets(142).
Commercial object detection and recognition datasets are trained on millions of

images(143-146). Similarly sized datasets are not yet routinely available in the
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medical setting. However, detailed ground truth allows CNN algorithms to
‘learn’ more efficiently, using the thousands of pixels in each image and their

surrounding context(141, 151).

This chapter describes a multicentre retrospective cohort study which aims to
develop a volumetric Al algorithm to improve human response classification in

patients with chemotherapy-treated MPM.
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4.2 Methods

A detailed description of the methods is provided in Chapter 2, Section 2.2.

The objectives and associated outcome measures for this study are detailed in
Chapter 2, Section 2.2.1. To summarise, the objectives of the training and
internal validation set were to generate the detailed ground truth needed (based
on learning from Chapter 3) and to report correlation and agreement and inter-
and intra-observer variations for comparisons with the deep learning outputs. |
undertook the following analyses to address these, while the CNN was built by
Owen Anderson and Keith Goatman from Canon Medical Research Europe
(CMRE). The CNN performance was also assessed by Owen Anderson and Keith
Goatman using Dice overlap. In the external validation set, the objectives were
to compare the CNN against mRECIST as this set involved paired scans obtained
at the pre-chemotherapy and response assessment time points and analysis of
the prognostic value of the CNN volume measures versus human read-outs of

volume and mRECIST classifications.
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4.3 Results

4.3.1 Study population

Tables 4.1 summarises the clinical characteristics of the training and internal
validation and external validation sets. The mean age at diagnosis in the training
and internal validation and external validation sets were 70 (SD 8) and 69 (SD 7)
years, respectively. Most patients in training and internal validation and external
validation sets were male (71/80 (89%) and 22/30 (73%), respectively) and had
an ECOG Performance Status (ECOG PS) of 0 (20/80 (25%) and 6/30 (20%),
respectively) or ECOG PS 1 (47/80 (59%) and 15/30 (50%), respectively).
Epithelioid MPM was the predominant histological sub-type (77% in both sets).
There was also a predominance of early-stage disease, with 35% and 40% of
patients having stage | disease in the training and internal validation and
external validation sets, respectively. A sizeable minority had stage Ill and IV
disease (22% in the training and internal validation set and 27% in the external
validation set). All patients received doublet chemotherapy cisplatin or

carboplatin and pemetrexed with a median number of cycles of 4 [3.75 to 4].

In the external validation set, the median interval between the last dose of
chemotherapy and response assessment scan was 22 [IQR 10 to 62] days. The
median interval between the last dose of chemotherapy and response

assessment scan in 4/30 was >100 days.
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Table 4.1 Clinicopathological data in patients with MPM divided according to

training and internal validation (scan n=123) and external validation sets (scan

n=30)
Training and internal External validation set
validation set (scan (scan n=30)
n=123) Mean (SD) or n (%)
Mean (SD) or n (%)

Age at diagnosis, years 70 (SD 8) 69 (SD 7)

Male gender 71 (89%) 22 (73%)

ECOG PS

0 20 (25%) 6 (20%)

1 47 (59%) 15 (50%)

2 11 (14%) 2 (7%)

Not available 2 (3%) 7 (23%)

Histological sub-type

Epithelioid 62 (77%) 23 (77%)

Non-epithelioid 15 (19%) 5 (17%)

Not available 3 (4%) 2 (7%)

Disease stage

I 28 (35%) 12 (40%)

I 2 (3%) 4 (13%)

1l 11 (14%) 3 (10%)

\% 6 (8%) 5 (17%)

Not available 33 (41%) 6 (20%)

ECOG PS: Eastern Cooperative Oncology Group performance status
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4.3.2 Training and internal validation

4.3.2.1 Manual CT tumour volumes

The mean number of CT scan slices in the images series was 225. The mean CT
volume (n=23) was 279.4 (SD 94.6) cm3. The mean time taken to segment pleural

tumour was 151 (SD 19) minutes, or approximately 2.5 hours.

4.3.2.2 Comparison between manual CT and semi-automated MRI tumour

volumes

The mean MRI volume (n=23) was 354.2 (SD 140.6) cm3. CT volumes were
consistently smaller than MRI volumes (mean difference between Al minus
human scans 74.8 (SD 122) cm3, 95% limits of agreement -313 to 164 cm?, see
Figure 4.1: Panel A). The data were moderately correlated (Pearson’s r 0.524,
95% Cl 0.142 to 0.769, p=0.0103, see Figure 4.1: Panel B).
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4.3.2.3 Reproducibility

There was moderate human inter-observer agreement (ICC 0.732, p=0.001), with
a mean absolute difference of 65.7 (SD 73.8) cm3. There was excellent human
intra-observer agreement (ICC 0.997, p<0.0001), with a mean difference of 29.6
(SD 19.1) cm?. These data have been summarised in Table 4.2. Al inter-observer
analyses would have to involve comparison with a different algorithm. There is

no Al intra-observer variation.

Table 4.2 Manually segmented pleural tumour volume differences between two

human readers

Reader 1 volume (cm3) | Reader 2 volume (cm?) | Volume difference (cm?)
237 172 65
292 225 67
306 239 67
360 309 51
220 208 12
473 597 -124
258 174 84
361 213 148
175 123 52
308 154 154
268 171 97
378 220 158
248 224 24
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4.3.2.4 Human versus Al volumes

The median human and Al volumes were 330 [IQR 248.5 to 464] cm3 and 474.5
[IQR 354 to 694] cm3, respectively. Al volumes were larger than human volumes
with a mean difference between Al and human volumes of +142 cm? (95% limits
of agreement -226 to 511 cm?, see Figure 4.2: Panel A). There was a strong
correlation between human and Al volumes (training set r=0.847, 95% Cl 0.768 to
0.901, p<0.0001, see Figure 4.2: Panel B).
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Figure 4.2 Bland-Altman analysis (Panel A) and Spearman’s correlation (Panel B)

between human and Al training and interval validation set volumes (n=80 scans)
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4.3.3 External validation

4.3.3.1 Human versus Al volumes

In the external validation set, the median human and Al tumour volumes were
336.5 [IQR 227.8 to 637] cm? and 394 [IQR 217 to 679] cm?3, respectively. There
was a mean difference between Al minus human of +31 cm? on the Bland-Altman
plots (95% limits of agreement 345 to +407 cm?3, see Figure 4.3: Panel A). There
was a strong correlation between human and Al volumes (r=0.851, 95% Cl 0.759
to 0.910, p<0.0001, see Figure 4.3: Panel B).
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Figure 4.3 Bland-Altman analysis (Panel A) and Spearman’s correlation (Panel B)

between human and Al external validation set volumes in 60 scans
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4.3.3.1.1Human versus Al pre-chemotherapy volumes

At the pre-chemotherapy time point, there was a mean difference between Al

minus human of +29.1 cm3 on the Bland-Altman plots (95% limits of agreement -

312.9 to +371.1 cm3, see Figure 4.4: Panel A). Pre-chemotherapy human and Al

volumes were also strongly correlated (r=0.837, 95% CI 0.683 to 0.920, see
Figure 4.4: Panel B).
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Figure 4.4 Bland-Altman analysis (Panel A) and Spearman’s correlation (Panel B)

between pre-chemotherapy (PC) human and Al external validation set volumes in

60 scans
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4.3.3.1.2Human versus Al response assessment volumes

At the response assessment time point, there was a mean difference between Al

minus human of +32.1 cm3 on the Bland-Altman plots (95% limits of agreement -

381 to +445.2 cm3, see Figure 4.5: Panel A). Response assessment human and Al
volumes were strongly correlated (r=0.802, 95% ClI 0.621 to 0.902, p<0.0001, see

Figure 4.5: Panel B).
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4.3.4 Visual inspection of outlying volumes

Visual inspection of the 4 datapoints out-with the 95% limits of agreement was
carried out and are illustrated in Figure 4.6. These cases have been extracted
from the Bland Altman plot of the 60 scans from the external validation set in

Figure 4.3: Panel A.

CTimage Human segmentation Al segmentation

Panel A
| |
PanelB ..

Panel C

Figure 4.6 Examples of the scans out-with the 95% limits of agreement. Panel A
illustrates under-segmentation by the Al in pre-chemotherapy images with
tumour in the left lung fissure (yellow arrow) not included in the final volume.
Panel B illustrates over-segmentation with the Al erroneously including lung
atelectasis above the right hemidiaphragm (yellow arrow). Panel C illustrates
over-segmentation with the Al erroneously including contralateral benign pleural

thickening by the Al (yellow arrow)
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4.3.5 Changes in tumour volume following chemotherapy by human and Al

The median human pre-chemotherapy and response assessment tumour volumes
were 366 [IQR 244 to 656] cm? and 328 [IQR 225 to 663] cm?3, respectively
(p=0.196). The median Al pre-chemotherapy and response assessment tumour
volumes were 427 [IQR 220 to 682] cm? and 371 [IQR 122 to 689] cm?,

respectively (p=0.081). There was a mean difference between Al and human

volumes of +2.1% (95% limits of agreement -59.6 to 55.5%, see Figure 4.7: Panel

A). There was moderate correlation between human and Al volumetric changes
(r=0.611, 95% ClI 0.311 to 0.799, p=0.0003, see Figure 4.7: Panel B).
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Figure 4.7 Bland-Altman analysis (Panel A) and Spearman’s correlation (Panel B)

between human and Al percentage volume change in the 60 volumes in the

external validation set
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There was agreement in 20/30 (67%) cases following classification of human and
Al percentage volume changes into partial response (PR), stable disease (SD) and
progressive disease (PD) (Kappa=0.439, 95% CI 0.178 to 0.700, see Figure 4.8).
When dichotomised into non-PD versus PD, there was agreement in 26/30 cases
(87%), kappa=0.586, 95% Cl 0.227 to 0.945, see Figure 4.9.

Al volume classification Human volume classification

Figure 4.8 Comparison of human- and Al-defined volume responses for each
patient (rows 1 to 30) in the external validation set. Partial response is green,

stable disease is amber and progressive disease is red
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Al volume classification Human volume classification

Figure 4.9 Comparison of human- and Al-defined volume responses for each
patient (rows 1 to 30) in the external validation set. Progressive disease (PD) is

red and Non-PD is blue
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4.3.6 mRECIST versus Al volumetric response

There were differences between human-, Al- and mRECIST-defined treatment

response classifications. These have been summarised in Table 4.3.

Table 4.3 Response to treatment defined by human and Al volumes and mRECIST
in 30 patients with MPM (n=60 scans)

Human volume Al volume mRECIST

n (%) n (%) n (%)
PR 4/30 (13%) 9/30 (30%) 6/30 (20%)
SD 21/30 (70%) 14/30 (47%) 13/30 (43%)
PD 5/30 (17%) 7/30 (23%) 11/30 (37%)
Non-PD 25/30 (83%) 23/30 (77%) 19/30 (63%)
PD 5/30 (17%) 7/30 (23%) 11/30 (37%)

PD: progressive disease; PR: partial response, SD: stable disease

There was agreement between mRECIST and Al response classification in 16/30
(55%) cases (Kappa=0.284, 95% Cl 0.026 to 0.543, see Figure 4.10). When
mRECIST and Al response classifications were classified into non-PD v PD, there
was agreement in 20/30 (67%) cases (Kappa=0.223, 95% Cl -0.128 to 0.574, see
Figure 4.11).
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Figure 4.10 Comparison of mRECIST- and Al-defined volume responses for each

patient (rows 1 to 30) in the external validation set. Partial response is green,

stable disease is amber and progressive disease is red
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Figure 4.11 Comparison of mRECIST- and Al-defined volume responses for each
patient (rows 1 to 30) in the external validation set. Progressive disease (PD) is
red and Non-PD is blue
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The median mRECIST-defined PD, SD and PR percentage volume changes were -
52 cm3, -21 cm? and -18 cm?3, respectively, when the human ground truth
volumes were used as a reference standard. There was no significant difference
in percentage volume change between the groups (p=0.072, see Figure 4.12:
Panel A). The median Al-defined PD, SD and PR percentage volume changes were
-18 cm3, -15 cm?3, +23 cm?, respectively. There was a significant difference in

volume change between the groups (p=0.009, see Figure 4.12: Panel B).
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Figure 4.12 Classification of percentage human volume changes into mRECIST
(Panel A) and Al-defined (Panel B) progressive disease (PD), stable disease (SD)

and partial response (PR) in the external validation set
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4.3.7 Survival analyses

The median follow-up period was 1729 days. The median overall survival (0S) in
the external validation set was 377 days. When human tumour volume in the
external validation set was dichotomised into high and low volume based in
median volumes (366 cm3), higher pre-chemotherapy human tumour volume was
associated with shorter OS (293 versus 473 days, HR 4.01, 95% CI 1.26 to 6.48,
p=0.0019, see Figure 4.13: Panel A). Similarly, when Al tumour volume in the
external validation set was dichotomised into high and low volume based in
median volumes (427 cm?), higher pre-chemotherapy Al tumour volume was
associated with shorter OS (299 versus 462 days, HR 2.40, 95% CI 1.07 to 5.41,
p=0.0114, see Figure 4.13: Panel B). When dichotomised according to human
volume-defined PD and Non-PD, there were no survival differences (379 versus
375 days, HR 0.71, 95% Cl 0.28 to 1.84, p=0.403, see Figure 4.13: Panel C).
Similarly, no differences were observed with Al-defined response assessment (PD
452 versus non-PD 317 days, HR 1.18, 95% Cl 0.48 to 2.90, p=0.6853, see Figure
4.1: Panel D). There was a non-significant trend towards shorter OS in the
mRECIST-defined PD group versus non-PD (317 versus 450 days, HR 1.98, 95% CI
0.84 to 4.69, p=0.0616, see Figure 4.13: Panel E).
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Figure 4.13 Kaplan-Meier curves and number at risk tables illustrating overall
survival stratified by, Panel A) pre-chemotherapy human tumour volume >366
cm3 and, Panel B) pre-chemotherapy Al tumour volume =427 cm3, Panel C)
human volume-defined progressive disease (PD) and Non-PD, Panel D) Al volume-
defined PD and Non-PD, and, Panel E) mRECIST-defined PD and Non-PD
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4.4 Discussion

4.4.1 Manual CT method

A fully automated deep learning CNN is reported in this chapter. The ground
truth for the CNN was provided by manual pleural tumour volumetric
segmentations following learning in Chapter 3 of this thesis. On visual
inspection, the manually contoured slices were robust and consistently volumed
the entirety of the parietal pleura. | reported excellent reproducibility with my
repeat measurements. However, the manual contouring process was time-
consuming with each scan taking approximately 2.5 hours to complete. |
demonstrated moderate reproducibility between two different human readers
with an absolute difference of 65.7 (SD 73.8) cm3. However, there were absolute
differences in pleural tumour volumes ranging between -124 and 158 cm3. Gill
and colleagues reported similar findings in their semi-automated assessment of
pleural tumour volume in 129 patients with MPM using Vitrea Enterprise suite 6.0
(Vital Images, Minnesota, USA)(111). Although good correlation was reported
between two radiologists (Spearman’s Rho=0.822), with absolute volume
differences of <200 cm? in 80% of the scans assessed, there was marked
variability in volume estimates between the radiologists with absolute
differences in volume ranging between 173.7 cm?3 and 860.6 cm3(111). Gill and
colleagues concluded that this discordance between readers reflected not only
the limitations of identifying pleural tumour using contrast CT imaging, but also
what the radiologists interpreted as pleural tumour, with perception, prior
experience and time spent segmenting all considered to be variable between

readers(111).

4.4.2 Comparison to the MRI method

In the present study, CT volumes were consistently smaller than MRI volumes
with an average difference of 74.8 cm? suggesting that the MRI method was able
to identify more pleural tumour than the manual CT method. The MRI method

described by Tsim and colleagues was preceded by high performing detailed
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perfusion studies that were tuned specifically to pleural tumour (319, 342). MRI
inherently affords superior soft tissue contrast resolution with clearer
demarcation of normal pleurae and pleural tumour compared to CT as well as
superior definition of pleural tumour(368). MRI is also better at detecting
invasion of MPM into the chest wall as well as trans-diaphragmatic tumour
extension and extension into the inter-lobar fissures(336, 369). Also, unlike the
HU-defined threshold limits for tumour region growing, the median MRI signal
intensity value used by Tsim and colleagues was +/- 99 AU which did not overlap
with adjacent thoracic structures. This has been discussed in further detail in
Chapter 3, Section 3.4.2.

Although only high quality venous-phase contrast-enhanced CT scans were
included in the final analyses, the retrospective nature of the study meant that
contrast administration and dosimetry have not been accounted for and may not
have been consistent. Tumour enhancement using CT is known to be dependent
on the timing of image acquisition post-administration of intravenous
contrast(370). Traditionally, the optimal timing of image acquisition is 40 to 60
seconds post-intravenous contrast administration. However, Patel and colleagues
assessed increased time delays beyond this traditional interval and concluded
that a time delay of 230 to 300 seconds post-intravenous contrast administration
improved pleural tumour discernability(371). Another problem encountered with
the CT method was that pleural tumour was often not visible despite the paired
MRI scans demonstrating visible pleural tumour. I illustrated this in Chapter 2,
Figure 2.6. This was particularly evident when the images were viewed in the
coronal plane. Pleural tumour was also more visible on some CT scans than
others which I illustrated in Table 3.4 in Chapter 3. The potential for variability
in contrast enhancement may be explained by factors such as histological sub-
type differences on CT imaging(365) which were not accounted for in the
present study which | discuss in detail in Section 3.4.6 of Chapter 3. Regardless
of these imaging limitations and pleural tumour volume differences between the
two imaging modalities, the CT and MRI data reported in the present study
remained moderately correlated (Pearson’s r=0.524, 95% Cl 0.142 to 0.769), and
as such, provided reassurance that the volumes could be used to train the deep

learning CNN.
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4.4.3 Al and ground truth tumour volumes

In the training and internal validation set, the median Al pre-chemotherapy
tumour volumes were larger than the volumes measured by my ground truth (330
[IQR 248.5 to 464] cm? versus 474.5 [IQR 354 to 694] cm?, respectively). The
mean difference between Al and human volumes was +142 cm3. The diversity of
disease stages of the cases included in the training and interval validation set
may explain this as there was a predominance of patients in the PRISM study who
had later-stage disease whereas the 23 patients in the DIAPHRAGM study had
earlier-stage disease and scans performed at the diagnostic, rather than pre-
chemotherapy, time point. The mean human and Al volumes for patients in the
DIAPHRAGM study were lower (262.5 (SD 98.3) cm? and 358.6 (SD 160.6) cm?,

respectively).

In the external validation set, the median Al pre-chemotherapy tumour volumes
were also larger than the volumes determined by my ground truth (336.5 [IQR
227.8 to 637] cm? versus 394 [IQR 217 to 679] cm3, respectively). There was a
mean difference of +31 cm?3 between Al and human volumes on the Bland-Altman
plots in the external validation set. There may be several reasons for the higher
Al volumes compared to the ground truth. Firstly, in the inter-observer work, |
consistently reported higher tumour volumes compared to the other human
observer with a mean difference of +65.7 cm?3. Labby and colleagues also
recognised this in their study and reported that different observers consistently
annotate differently with some observers consistently segmenting less tumour
than others(104). Secondly, the CNN will segment images features that a human
reader may not(372). Thirdly, CT is known to underestimate the extent of
pleural tumour volume in MPM. A further reason could be overfitting for the
CNN. Attempts were made to minimise over-fitting by training the CNN using

different CT scanners as well as testing the CNN using an external validation set.

There was strong correlation between human and Al volumes in the training and
internal validation (r=0.847, p<0.0001) and external validation sets (r=0.851,
p<0.001). A similar finding was reported by Weikert and colleagues in their study
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of patients with NSCLC with positive correlation between volumes calculated by
Al algorithms and ground truth volumes (r=0.634, p<0.001)(373).

4.4.4 Tumour volume comparison to other studies

The pre-chemotherapy tumour volumes in this study (330 cm?3) were similar to
those reported by Gill and colleagues (319 cm?3)(101) and Rusch and colleagues
(most tumours were <500 cm?3)(102). Labby and colleagues reported higher mean
pleural disease volume (1511 (SD 1065) cm?3)(104). Pass and colleagues reported
smaller volumes, reflecting patients with earlier-stage disease who were eligible
for surgery (the mean tumour volumes for pleurectomy decortication and extra-

pleural pneumonectomy were 88 cm? and 86 cm3, respectively(99).

4.4.5 CNN model performance

Region overlap between different volumetry methods was quantified using the
Dice coefficient - a metric of performance in image segmentation by deep
learning algorithms - which was performed separately by an EngD Research
Engineer (Owen Anderson) from Canon Medical Research Europe (CMRE) and
published in a conference abstract(327). The mean Dice co-efficient between
the ground truth human annotation and Al segmentation in this study was 0.55
(SD 0.12), mirroring studies by Sensakovic and colleagues and Gudmundsson and
colleagues who reported a median Jaccard index of 0.484 - which equates to a
Dice coefficient of 0.65 - and median Dice coefficients ranging from 0.662 to
0.800, respectively(109, 136). In their studies, Chen and colleagues and Brahim
and colleagues reported higher mean Dice coefficients (0.825 and of 0.88,

respectively)(112, 113).

4.4.6 Reproducibility

The tumour segmentation method and software utilised in the present study are
closest to those employed by Frauenfelder and colleagues who compared

volumetric measurement of MPM pre- and post-chemotherapy according to
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mRECIST criteria(108). The authors of that study reported a high inter-rater
reliability (0.99) and inter-observer agreement (general k 0.9) for absolute
pleural tumour volumes on volumetric measurements. They also reported mean
differences of <66 cm? between their three human readers. The inter-observer
and intra- observer coefficients in this study were 0.732 and 0.997, respectively.
The selection of 10 cases for inter-observer analysis was arbitrary, but similar to
recent similar publications, including Brahim and colleagues who evaluated 10
cases(113) and Sensakovic and colleagues(109) and Gudmundsson and
colleagues(136) who, although analysed larger patient nhumbers, assessed fewer

CT image sections.

4.4.7 Analysis of anatomical features associated with Al segmentation errors

In the external validation set, 4/60 patients had segmentation errors that
exceeded 95% limits of agreement. Closer examination of these cases
demonstrated morphological features including adjacent atelectasis of lung,

tumour in the lung fissure and contralateral pleural thickening.

Gudmundsson and colleagues experienced similar “volumetric outliers” in their
study examining an automated segmentation method, reporting that 7/15 cases
where their algorithm over-predicted tumour area contained pleural
effusions(152). Sensakovic and colleagues reported their computerised volumes
to be larger (mean volume difference 59.3 cm?), which they attributed to
“leakage of the active surface” used in the hemi-thoracic cavity segmentation
method. Their segmentation errors were most likely to occur in the lung bases
and intercostal spaces due to segmentation difficulties in these areas as well as
pleural effusion(109). Brahim and colleagues reported a mean over-segmentation
rate between their adjusted thoracic cavity segmentation method output and
the ground truth of 19.55%, citing their thoracic cavity delimitation step which
may have included sections of adjacent tissues(113). | provided a commentary of
the anatomical complexities that | encountered when delineating pleural tumour
in Chapter 3, Section 3.4.6. The segmentation errors experienced in the present
study are likely to be relatively infrequent features in the training and internal

validation data given the small sample size, however they will have direct
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implications for the next steps in CNN development. If deep learning techniques
are to be further optimised, enrichment of future data sets to include these
features will be required to improve the training, and subsequent performance

of, deep learning CNNs.

4.4.8 Survival analyses

Higher human-defined pre-chemotherapy tumour volume was associated with
poorer OS which is consistent with previous volumetry studies(99, 101-103). Pass
and colleagues reported that patients with pre-operative tumour volume
<100cm? had a longer median survival (22 months versus 11 months, p=0.03)(99).
Patients with pre-operative tumour volumes >52 cm? had shorter progression-
free intervals (8 months versus 11 months, p=0.02)(99). Using the volumetric
measurement methods described by Gill and colleagues(101), Rusch and
colleagues divided tumour volume into tertiles with mean volumes of 91.2 cm?,
245.3 cm3, 511.3 cm3, with associated median overall survival of 37, 18 and 8
months, respectively(102). Gill and colleagues measured pre-operative CT-based
tumour volume in patients with MPM undergoing extra-pleural pneumonectomy
and concluded that patients with tumour volume >500 cm?3 had poorer OS
compared with those with tumour volume <500 cm? (24.4 months versus 12
months, p<0.0001)(101). Paajanen and colleagues divided tumour size -
calculated by the sum of the maximal tumour thickness and tumour extent grade
of the pleural circumference (measured at the level of the carina) - into tertiles
with the median OS in the lowest, middle and highest tumour volume groups
being 14.0, 11.1 and 5.4 months, respectively (p=0.016)(103). In the present
study, patients were excluded from the response classification survival analyses
if they had a pre-chemotherapy and response assessment CT scan interval period
of 2100 days. This arbitrary threshold was chosen to ensure that only cases with
imaging that aligned with clinical practice were included, i.e., four cycles of
chemotherapy over three weeks equates to three months, or approximately 100

days.
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4.4.9 Differences in mRECIST-, human- and Al-defined volumetric response

classification

The chemotherapy partial response (PR) rate by mRECIST was 20%. This is similar
to previous studies by Santoro and colleagues in their expanded access program
(n=1704, PR 21.7-26.3%)(374) and in a meta-analysis of chemotherapy trials by
Blayney and colleagues (n=526, PR 11%)(375). In the present study, stable
disease (SD) as defined by mRECIST was the most common response rate (43%).
In the aforementioned studies by Santoro and Blayney and respective colleagues,
similar SD rates were reported (54.1%(374) and 75%(375), respectively). The low
efficacy of doublet chemotherapy in MPM most likely explains the high
progressive disease (PD) rate (37%) and low PR rate (13%) in the present study.

Oxnard and colleagues reported similarly low PR rates (14%)(82).

In the present study, there were differences in human volumetry- and Al-defined
response assessment classifications. For example, human volumetry- and Al-
defined SD, PR and PD were 21/30 (70%), 9/30 (30%) and 5/30 (17%),
respectively, and 13/30 (47%), 4/30 (13%) and 7/30 (23%), respectively.
Moreover, there was moderate agreement in volumetric response classifications
between human and Al (general k 0.439), which increased to 0.586 when
dichotomised into progressive disease and non-progressive disease. The most
likely reason for only moderate agreement was the more detailed segmentation
afforded by the human reader compared to the Al, i.e., in subtle areas such as
non-pleural progressive disease. Our research group has previously reported that
total tumour volume error can be as high as 60% due to uncertainty of only half a
voxel in the edge delineation of pleural tumour(327). In addition, different
thoracic cage tissues have overlapping Hounsfield units and MPM has a complex

morphology which has been described in detail in Chapter 3.

Fair agreement was observed in volumetric response classifications between
mRECIST and Al (general k 0.284). This poor agreement between mRECIST and
Al-classification is most likely explained by the volumetric response thresholds
chosen and may explain the differences observed between Al- and mRECIST-

defined volume changes and OS (i.e., p=0.6853 and p=0.0616, respectively).
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4.4.10Thresholds for Al and mRECIST response classification

One of the most challenging aspects of this study was defining optimal
volumetric thresholds for response assessment classification. Response
assessment classification differs depending on the dimensionality of tumour
measurement(376) and whether tumour volumetric, unidimensional or
bidimensional techniques are employed in lung(331, 377, 378), breast(379, 380)
and hepatocellular cancers(381). In MPM, there have been similar discrepancies
between CT tumour volumetry-defined and mRECIST-defined response
assessment classifications(324) as well as wide inter-observer variability with the

mRECIST technique(81) and with volumetric measurements(108).

The decision to define PR as a percentage volume change of -30% and PD +20%
(with SD defined as percentage volume change between -30% to +20%) was based
on criteria proposed by Oxnard and colleagues(82) who modelled the impact of
non-spherical growth patterns on RECIST response criteria and found these to be
unchanged when a crescent-shaped prism was assumed. These criteria were
selected as volumetric response thresholds in the present study as they
represented a good approximation of the pleural cavity which is demonstrated in

Figure 2.9 in Chapter 2 of this thesis.

Oxnard and colleagues also proposed alternative ‘volume equivalent’ PR and PD
thresholds as a volume decrease of 65.7% and increase of 72.8%, respectively.
These ‘volume equivalent’ criteria result in a broad SD percentage change range
of 138.5%. Frauenfelder and colleagues applied by these ‘volume equivalent’
criteria as proposed by Oxnard and colleagues and reported mRECIST- and
volumetry-defined SD in 7/30 (23%) and 20/30 (67%) cases, respectively, and PR
in 16/30 (53%) and 2/30 (7%), respectively(108). A similarly broad SD range was
reported in the present study with more patients classified as having SD
according to human-volumetry than mRECIST (70% versus 43%). Ak and
colleagues experienced the same (43% versus 33.3%) after defining PD as a
tumour volume increase of >15% and PR as a decrease of 50%(107). Oxnard and
colleagues reported RECIST and ‘volume equivalent’ SD of 73% and 91%,

respectively(82). Volumetric measurements are sensitive to minimal change



180

during systemic anti-cancer therapy(334). Having such a large proportion of
patients in the SD response assessment category risks equivocality and may not

capture what constitutes a clinically important difference.

4.4.11 Comparison with other computer-generated tumour volumes

Although computer-generated volumetric measurement techniques have been
reported in the MPM literature, to my knowledge, the CNN described in this
chapter is the first fully automated system independent of human user input.
Gudmundsson and colleagues reported a deep learning algorithm that utilised
the same CNN architecture as the present study(136). However, it required
manual input to define the hemi-thorax in which disease was present. Ak and
colleagues reported a three-dimensional interpretation technique - termed
Cavalieri’s geometrical principle of stereology - by counting the number of dots
placed on representative tumour on cross-sectional imaging(107). Frauenfelder
and colleagues reported semi-automated linear interpolation(108) and Chen and

colleagues described a random walker algorithmic approach(112).

4.4.12 Possible clinical implications

The clinical implications of the successful deployment of a CNN-derived
volumetric approach to pleural tumour segmentation are considerable. At
present, mRECIST criteria and subjective visualisation of pleural tumour are the
methods employed to determine response to treatment in patients with MPM and
are associated with wide inter-observer variability. Human annotations which
can be accurately measured by experts in pleural tumour interpretation are not
routinely performed in clinical practice or in the clinical research setting due to
the time taken to manually segment pleural tumour. The present study
demonstrates that the CNN generates similar measurements to expert human
annotations.

Having accurate measures of disease response would improve clinical decision
making, especially earlier cessation of toxic treatment if an Al-generated volume

can segment more subtle interval changes compared to the traditional mRECIST
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response assessment classification or subjective interpretative approaches.
Moreover, the rapidity of Al algorithm volumetric processes when compared to
manual human delineation could result in significant cost reductions(334).
Further refinement is required to avoid variability in image quality and resultant
inconsistency in response assessment classifications. Standardised image
acquisition and large-scale validation are crucial in the ongoing development of

automated tumour volumetry in patients with MPM.

4.4.13 Study limitations and strengths

The main limitation of this study has been my inability to advance the question
of optimal volumetric response assessment thresholds further in the present
study. This has been discussed in detail in Section 4.4.10 of this discussion.
Larger studies are therefore essential to determine the optimal cut points for
volumetric PR and PD in MPM.

Another limitation of this study is the small sample size of 80 fully annotated
scans and 43 part-annotated scans. CNN dataset often exceeds 10,000 images.
However, the present study included volumetric measurements of entire CT
image series resulting in a mean total of 2250 CT slices (10 patients with a mean
of 225 CT slices each) which exceeds the comparisons made in previous studies.
For example, Sensakovic and colleagues assessed 5 image slices in CT scans of 31
patients(109) and Gudmundsson and colleagues assessed 69 scan slices of 27
patients(136). Moreover, expert ground truth was provided rather than relying
on minimal ground truth which is often utilised in larger commercial projects,
thus improving the quality of the data fed into the CNN architecture.

A third limitation was that the manual segmentation method was time-
consuming, averaging approximately 2.5 hours per scan. This would not be
feasible due to the heavy workloads experienced by radiologists in standard
clinical practice. Additionally, the level of thoracic oncology expertise required
to accurately identify pleural tumour in mesothelioma will not be available in

every hospital.
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A further limitation is that only one human reader provided ground truth data
and only one human reader provided mRECIST data. The mRECIST criteria in MPM
is associated with intra- and inter-observer variabilities as the three pleural
tumour measurements required as part of these criteria can be placed at
different anatomical levels(75, 81, 82). This was also evidenced by Frauenfelder
and colleagues who reported low inter-observer agreement (general kK 0.33)
between their three readers using unidimensional tumour measurements(108). A
more robust approach would have been double reading of CT scans +/- a

consensus reader to resolve any mRECIST discrepancies.

The retrospective study design is a further limitation. Disease stage, which is a
key determinant of MPM prognosis, was unavailable in 41% and 20% of the
patients included in the training and internal validation and external validation
sets, respectively. However, both sets were broadly similar with a predominantly
middle-aged, male population with good performance status receiving doublet
chemotherapy, mirroring other studies assessing tumour volumetry in MPM(99,
101, 102, 108).

The performance of the algorithm was assessed on subjects from imaging centres
across three different sites thus providing an unbiased assessment of
performance using data from centres not involved in training the algorithm. Over
the 10-year time period that the patients were recruited, a variety of scanners
will have been used, resulting in important differences in the reconstruction and
acquisition parameters. This lack of standardisation is common in retrospective
datasets and may impact on the reliability of the results. Conversely, this
multiplicity of scanners from different hospital sites will have partly off-set the
potential for over-fitting compared to using a small study sample from one

centre.

The present study reported tumour volume generated entirely by a CNN
algorithm. Volumetric assessment of lung nodules(382) and primary lung(383,
384), pancreatic(385) and breast tumours(386) have been reported using deep
learning algorithms. To my knowledge, this is the first study to do so in the MPM

population.



183

4.5 Conclusions

In this chapter, | have described the training and internal validation and external
validation of an automated CNN to segment pleural tumour in MPM using
detailed human ground truth. The development of an automated approach may
facilitate a more accurate and less time-consuming approach to radiological
response assessment which is an important metric in decision-making regarding
response to systemic anti-cancer therapy. This represents the first step towards
replacing mRECIST with volumetric response assessment. Implementation of this
larger goal requires calibration of optimal and validated response assessment
cut-off thresholds to help define what constitutes a clinically important

difference between human and Al volumetry measurements.
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Chapter 5
PREVALENCE, PATTERN AND PROGNOSTIC
SIGNIFICANCE OF ALTERED BODY COMPOSITION IN
PATIENTS WITH CHEMOTHERAPY-TREATED MPM
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5 Chapter 5: Prevalence, pattern and prognostic
significance of altered body composition in patients

with chemotherapy-treated MPM

5.1 Introduction

Survival prediction is important in guiding treatment decisions and identifying
patients most at risk of developing toxicities to systemic anti-cancer therapy
(SACT). The current survival prediction models in patients with malignant pleural
mesothelioma (MPM) do not include measures of altered body composition such
as the loss of skeletal muscle mass - also termed sarcopenia - which is associated
with chemotherapy toxicity and poorer overall survival (OS) in other cancer
cohorts(173, 175, 176). Although frequently encountered in the clinical setting,
there are little data describing the prevalence of sarcopenia in patients with
MPM. Recent studies utilising dual-energy X-ray absorptiometry (DEXA) have
defined pre-sarcopenia and sarcopenia in patients with MPM(257, 283). However,
DEXA is not routinely performed in the clinical setting and measures lean body
mass which is not equivalent to muscle mass(387, 388). Computed tomography
(CT) has the advantage of being available through its use in clinical practice.
Sarcopenia linked to adverse outcomes in patients with other solid organ cancers
have traditionally been acquired at the level of the third lumbar vertebrae
(L3)(251, 305). However, CT scans acquired in patients with thoracic malignancy
may not extend inferiorly to include this vertebral level and those researching
thoracic malignancy have sought alternative measures of skeletal muscle area,
including the fourth thoracic vertebra (T4) as a surrogate marker of

sarcopenia(311, 313).

Adipopenia - or the loss of fat mass - is another feature of the cancer cachexia
syndrome that is prognostically significant in patients with lung(389-392),
gastrointestinal and lung(393), gastric(394, 395), breast(396) and renal cell
cancers(397). Very few data exist regarding adiposity indices in MPM(190, 257).
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This chapter describes a retrospective cohort study based on measures of
skeletal muscle and adipose tissue at L3 and skeletal muscle at T4 in patients
with chemotherapy-treated MPM to determine if altered body composition at

these levels is associated with poorer OS and response to treatment.
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5.2 Methods

A detailed description of the methods is provided in Chapter 2, Section 2.3.

The objectives and associated outcome measures for this study are detailed in
Chapter 2, Section 2.3.1. To summarise, the primary objective was to determine
the prevalence of sarcopenia and adipopenia at L3 and T4 and the prevalence of
sarcopenia at T4. Secondary objectives included demonstration of any prognostic
association of these measures and their reproducibility. | also addressed several
exploratory objectives, including determining the frequency of asymmetrical T4
sarcopenia ipsilateral to the primary tumour and the prognostic impact of this if
present. | also looked for relationships between patterns of sarcopenia and
adipopenia at L3 and T4 and measures of systemic inflammation and primary

tumour volume, the latter derived from the measurements | made in Chapter 4.
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5.3 Results

5.3.1 Study population

147 patients were screened. 91 patients had height and weight data and an
identifiable L3 on pre-chemotherapy and response assessment time points. 111
patients had height and weight data and an identifiable T4 on pre-chemotherapy
and response assessment time points. 47/111 patients in the T4 group had
inflammatory indices at pre-chemotherapy and response assessment time points.

This is illustrated in Figure 5.1.

Table 5.1 summarises the clinicopathological characteristics of the study cohort.
Patients were predominantly male (82%) with epithelioid mesothelioma (81%)
and a performance status (PS) of 0 (26%) or 1 (50%). The pre-chemotherapy
inflammatory indices were frequently within normal limits. Approximately 29% of
patients had a response to chemotherapy. The baseline median tumour volume
was 377 [IQR 279 to 524] cm? and median survival from the date of pre-

chemotherapy CT scan to death from any cause was 389 days, or 12.8 months.



Screened cases
n=147

\ 4

Excluded:
No height &/or weight
available, n=27

Cases prior to imaging review
n=120

Excluded:
No identifiable L3, n=29

Excluded:
No identifiable T4, n=9

n=91 n=111

\ 4

Excluded:

Cases without paired pre-
chemotherapy &
response assessment
inflammatory indices,
n=64

T4 sub-study
n=47

Figure 5.1 Flowchart of body composition study
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Table 5.1 Clinicopathological characteristics in patients with MPM who received

chemotherapy

L3 (n=91) T4 (n=111)

Median [IQR] or n (%) Median [IQR] or n (%)
Age, years 69 [64-73] 69 [63-72]
Male sex 72 (80%) 91 (82%)
ECOG PSO 26 (29%) 30 (26%)
ECOG PS 1 42 (46%) 55 (50%)
ECOG PS 2 7 (8%) 8 (7%)
ECOG PS not defined 16 (18%) 18 (16%)
Epithelioid sub-type 74 (81%) 90 (81%)
Biphasic sub-type 7 (8%) 8 (7%)
Sarcomatoid sub-type 8 (9%) 10 (8%)
Unspecified sub-type 2 (2%) 3 (3%)
Disease stage | 36 (40%) 45 (41%)
Disease stage Il 6 (18%) 22 (20%)
Disease stage llI 7 (19%) 12 (11%)
Disease stage IV 0 (11%) 19 (17%)
Median number of cycles 4 [3-4] 4 [3-4]
PC WCC, x10°/L 8.6 [7.4-11.2] 8.6 [7.3-11.0]
PC neutrophils, x10°/L 5.7 [4.9-8.1] 5.8 [4.9-8.0]
PC lymphocytes, x10°/L 1.5[1.1-2.1] 1.5 [1.0-2.0]
PC platelets, x10°/L 350 [285-431] 343 [281-418]
PC NLR 4 [3-6] 4 [2-6]
PC PLR 245 [170-348] 234 [167-351]
PC albumin, g/L 36 [30-40] 35 [30-39]
PC CRP, mg/L 29 [8-57] 25 [8-49]
mRECIST: progressive disease | 23 (25%) 27 (24%)
mRECIST: stable disease 36 (40%) 45 (41%)
mRECIST: partial response 25 (27%) 32 (29%)

PC tumour volume, cm?

377 [277-520]

377 [279-524]

Survival, days

389 [251-63]

389 [279-524]

WCC: white cell count

CRP: C-reactive protein; ECOG PS: Eastern Cooperative Oncology Group performance
status; mRECIST: modified Response Evaluation in Solid Organ Tumours; NLR:

neutrophil:lymphocyte ratio; PC: pre-chemotherapy; PLR: platelet:lymphocyte ratio;
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5.3.2 Primary objective

5.3.2.1 Prevalence and pattern of sarcopenia and adipopenia at L3

5.3.2.1.1Sarcopenia

The prevalence of sarcopenia - defined by the Martin and colleagues
criteria(186) - was 32/91 (35%) at pre-chemotherapy and 44/91 (48%) at
response assessment time points (see Table 5.2). The median pre-chemotherapy
and response assessment L3SMI were 50 [IQR 44 to 57] cm?/m? and 47 [IQR 42 to
57] cm?/m?, respectively. The median L3SMI percentage change between pre-

chemotherapy and response assessment was -2.4 [IQR -9 to 1.4] %.

5.3.2.1.2 Adipopenia

The prevalence of adipopenia - defined as total fat index (TFl) mean minus 1 SD
- was 13/91 (14%) at pre-chemotherapy and 14/91 (15%) at response assessment
time points (see Table 5.2). The mean pre-chemotherapy and response
assessment total fat indices were 126.6 (SD 57.6) cm?/m? and 122 (SD 66.4)
cm?/m?, respectively. The mean TFI percentage change between pre-

chemotherapy and response assessment was -6.17 (SD 29.8) %.
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5.3.2.2 Prevalence and pattern of sarcopenia at T4

The prevalence of sarcopenia at T4 - defined as T4SMI values below the 25t
percentile - was 32/111 (28%) at pre-chemotherapy and 35/111 (32%) at
response assessment time points (see Table 5.2). The median pre-chemotherapy
and response assessment T4SMI were 54.3 [IQR 48.7 to 60.3] cm?/m? and 53.1
[IQR 47.6 to 60.1] cm?/m?, respectively. The mean T4SMI percentage change

between pre-chemotherapy and response assessment was -1.5 (SD 13.4) %.

Table 5.2 Body composition measurements at L3 (n=91) and T4 (n=111)

Median [IQR] or mean | n (%)

(SD)
Pre-chemotherapy
L3SMI, cm2/m? 50 [44-57] 35/91 (35%)
TFl, cm?/m? 126.6 (57.6) 13/91 (14%)

T4SMI, cm?/m?

54.3 [48.7-60.3]

32/111 (28%)

Response assessment

L3SMI, cm?/m?

47 [42-57]

44/91 (48%)

TFIl, cm?/m?

122 (66.4)

14/91 (15%)

T4SMI, cm?/m?

53.1 [47.6-60.1]

35/111 (32%)

L3SMI: skeletal muscle index at the third lumbar vertebra; T4SMI: skeletal

muscle index at the fourth thoracic vertebra; TFI: total fat index
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5.3.3 Secondary objectives

5.3.3.1.1L3 measures and systemic inflammation and tumour volume

Figure 5.2 illustrates associations of skeletal muscle and fat indices,
inflammatory indices and tumour volume according to adjusted p-values.
Patients with lower body weight had greater TFl and visceral fat index (VFI)
percentage changes (r=-0.34, 95% Cl -0.54 to -0.17, p<0.001, and r=-0.48, 95% Cl
-0.63 to -0.30, p<0.001, respectively). Similar, patients with lower BMI had
higher TFI and VFI percentage changes (r=-0.41, 95% Cl -0.57 to -0.22, p<0.001,
and r=-0.44, 95% Cl -0.59 to -0.25, p<0.001, respectively). Subcutaneous fat
index (SF1) percentage change positively correlated with pre-chemotherapy
weight (r=0.31, 95% Cl 0.10 to 0.49, p=0.003) and BMI (r=0.36, 95% Cl 0.16 to
0.53, p<0.001). VFI percentage change positively correlated with pre-
chemotherapy platelets (r=0.30, 95% CI 0.08 to 0.49, p=0.006).

Tumour volume negatively correlated with pre-chemotherapy lymphocytes (r=-
0.30, 95% Cl -0.51 to -0.06, p=0.013) and positively correlated with pre-
chemotherapy NLR (r=0.33, 95% CI 0.09 to 0.53, p=0.007), PLR (r=0.34, 95% Cl
0.11 to 0.54, p=0.004) and CRP (r=0.30, 95% Cl 0.02 to 0.54, p=0.032).
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Figure 5.2 Heatmap of adjusted p-values summarising associations of L3 skeletal
muscle and adipose indices and inflammatory indices and tumour volume in 91

patients with MPM
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5.3.3.1.2T4 measures and systemic inflammation and tumour volume

T4SMI percentage change did not correlate with any pre-chemotherapy
inflammatory indices (see Figure 5.3, Panel A). T4SMI did not correlate with
tumour volume (r=-0.03, 95% CI -0.25 to 0.20, p=0.819).

Ipsilateral T4SMI did not correlate with any pre-chemotherapy inflammatory
indices (see Figure 5.3, Panel B). Ipsilateral T4SMI did not correlate with tumour
volume (r=-0.14, 95% Cl -0.36 to 0.087, p=0.210, see Figure 5.3, Panel B).

Tumour volume negatively correlated with pre-chemotherapy lymphocytes (r=-
0.28, 95% Cl -0.49 to -0.05, p=0.016) and positively correlated with pre-
chemotherapy NLR (r=0.29, 95% CI 0.05 to 0.49, p=0.014), PLR (r=0.31, 95% CI
0.07 to 0.51, p=0.009) and CRP (r=0.32, 95% Cl 0.05 to 0.55, p=0.018).



196

Panel A T45MI %Change
Age
Weight
BMI

Hb
wcc
Neutrophils
Lymphoctyes
Platelets

NLR
PLR
Albumin

CRP

Tumour Volume

0.51-1.0

0.1-05

0.05 - 0.099

0.005 - 0.049

0.001 - 0.0049

Neutrophils
Lymphocytes
Platelets
Tumour Volume

Panel B T4SMI %Change

o
=
=

Platelets
Albumin

Neutrophils

Lymphocytes
Tumour Volume

Figure 5.3 Heatmap of adjusted p-values summarising associations of total T4
skeletal muscle index percentage change (Panel A) and ipsilateral T4SMI
percentage change (Panel B) and inflammatory indices and tumour volume in 111
patients with MPM
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Table 5.3 summarises the pre-chemotherapy and response assessment
inflammatory indices in a single centre sub-group of 47 patients. There was a
weakly positive correlation between response assessment albumin and T4SMI
percentage change (r=0.32, 95% Cl 0.02 to 0.56, p=0.036, see Table 5.4). There
were no correlations between ipsilateral T4SMI and pre-chemotherapy and

response assessment inflammatory indices (see Table 5.4).

Table 5.3 Inflammatory indices between pre-chemotherapy and response

assessment time points in a single centre sub-group of 47 patients with MPM

Pre-chemotherapy bloods

Mean (SD) or median [IQR]

WCC, x10%/L 9.8 (3.2)
Neutrophils, x10°/L 6.1[5.1-8.2]
Lymphocytes, x10%/L 1.7 (0.7)
Platelets, x10°/L 353 [285-416]
NLR 3.9 [2.9-5.9]
PLR 249 (116)
Albumin, g/L 31.9 (6)

CRP, mg/L 33 [13.5-71.5]
Response assessment bloods

WCC, x10°/L 7.7 [5.9-11.6]
Neutrophils, x10°/L 5[2.7-8.4]
Lymphocytes, x10°/L 1.2 [1.0-1.9]
Platelets, x10%/L 338 [254-488]
NLR 3.9 [1.8-7.2]
PLR 264 [180-439]
Albumin, g/L 29.9 (7.0)
CRP, mg/L 62 [16-136]

CRP: C-reactive protein; NLR: neutrophil:lymphocyte ratio; PLR:
platelet:lymphocyte ratio; WCC: white cell count




Table 5.4 Correlation matrices of p-values of T4 skeletal muscle indices and inflammatory indices of a single centre sub-group of 47

patients with MPM

Pre-chemotherapy

WCC Neutrophils | Lymphocytes | Platelets | NLR PLR Albumin CRP
T4SMI % 0.168 0.408 0.159 0.793 0.338 0.636 0.513 0.642
change
Ipsilateral | 0.196 0.180 0.122 0.911 0.057 0.256 0.450 0.558
T4SMI %
change

Response assessment

wcCC Neutrophils | Lymphocytes | Platelets | NLR PLR Albumin CRP
T4SMI % 0.154 0.120 0.843 0.529 0.128 0.779 0.036 0.543
change
Ipsilateral | 0.106 0.072 0.835 0.634 0.095 0.747 0.206 0.638
T4SMI %
change

T4SMI between pre-chemotherapy and response assessment time points; WCC: white cell count

CRP: C-reactive protein; NLR: neutrophil:lymphocyte ratio; PLR: platelet:lymphocyte ratio; T4SMI % and T4SMI

Ipsilateral % change: percentage change in fourth thoracic vertebra (T4) skeletal muscle index and Ipsilateral

198
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When dichotomised into decreasing thoracic skeletal muscle index groups and

increasing inflammatory indices groups, there was an association between
ipsilateral T4SMI and NLR (X2 4.97, p=0.026, see Table 5.5).

Table 5.5 Chi square of decreased T4SMI percentage change and increasing

inflammatory indices between pre-chemotherapy and response assessment

inflammatory indices in a single centre sub-group of 47 patients with MPM

T4SMI Ipsilateral T4SMI

X2 p-value* X2 p-value*
WCC 0.015 0.901 1.091 0.296
Neutrophils 0.096 0.756 0.658 0.417
Lymphocytes 0.006 0.937 0.006 0.937
Platelets 0.643 0.423 0.672 0.412
NLR 0.018 0.894 4.968 0.026
PLR 0.073 0.787 0.006 0.937
Albumin 0.256 0.613 0.256 0.613
CRP 0.065 0.798 1.046 0.306

CRP: C-reactive protein; NLR: neutrophil:lymphocyte ratio; PLR:

platelet:lymphocyte ratio; WCC: white cell count; Xz: chi square

*Fisher’s exact test
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5.3.3.1.3Survival at L3 and T4

5.3.3.1.3.1 Sarcopenia at L3

The pre-chemotherapy sarcopenia group trended towards shorter OS compared
to the non-sarcopenia group (315 days versus 416 days, HR 1.49, 95% Cl 0.95 to
2.52, p=0.077, see Figure 5.4: Panel A).

The response assessment sarcopenia group trended towards shorter OS compared
to the non-sarcopenia group (334 days versus 420 days, HR 1.47, 95% C1 0.95 to
2.27, p=0.0702, see Figure 5.4: Panel B).

24 (26.4%) patients had a L3SMI percentage change loss of 9% (below 25
percentile) between pre-chemotherapy and response assessment time points.
The decreased L3SMI did not have shorter OS compared to the non-sarcopenia
group (369 days versus 375 days, HR 1.20, 95% Cl 0.72 to 2.00, p=0.4456, see
Figure 5.4: Panel C).
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Figure 5.4 Kaplan-Meier curves and number at risk tables illustrating no survival
differences in overall survival (OS) and L3 muscle index differences at pre-
chemotherapy (Panel A) and response assessment (Panel B) time points and in

patients who lose skeletal muscle at L3 during chemotherapy (Panel C)



202

5.3.3.1.3.2 Sarcopenia at T4

There was no difference in survival rates in the pre-chemotherapy T4SMI muscle
losing and non-muscle losing groups (379 versus 399 days, HR 1.10, 95% Cl 0.72
to 1.70, p=0.65, see Figure 5.5: Panel A).

There was no difference in survival rates in the response assessment T4SMI
muscle losing and non-muscle losing groups (302 versus 438 days, HR 1.47, 95% Cl
0.94 to 2.31, p=0.06, see Figure 5.5: Panel B).

Patients who had a T4SMI percentage change of -14.9% (mean minus 1 standard
deviation) between pre-chemotherapy and response assessment time points
were defined as losing muscle (n=15, 13.5%). The T4SMI muscle losing group had
a shorter OS compared to the non-muscle losing group (215 versus 420 days, HR
2.79, 95% Cl 1.22 to 6.40, p<0.0001, see Figure 5.5: Panel C).



203

Panel A 100
— Pre-chemotherapy thoracic sacropenia
g — No pre-chemotherapy thoracic sacropenia
=
5
bt HR 1.10 (0.72-1.69)
(=] =
- p=0.649
= 50
o
v
o
=
o
0 T T 1
0 1000 2000 3000
Time (days)
Panel B 100
E —— Response assessment thoracic sarcopenia
; — Mo response assessment thoracic sarcopenia
w
s HR 1.48 (0.94-2 31}
= 907 p=0.0599
3
v}
o
=
o
0 T T 1
0 1000 2000 3000
Time (days)
Panel C 100 —— Thoracic muscle loss during chemaotherapy
E —— No thoracic muscle loss during chemotherapy
z
=1
e HR 2.79 (1.22-6.40)
; 50 p<0.0001
3
v}
¥a]
=
o
| Lo I
0 T T 1
0 1000 2000 3000
Time (days)

Figure 5.5 Kaplan-Meier curves and number at risk tables illustrating no survival
differences in overall survival (OS) and pre-chemotherapy (Panel A) and response
assessment (Panel B) fourth thoracic vertebra skeletal muscle indices. Panel C
illustrates poorer OS in patients who lost thoracic skeletal muscle during

chemotherapy (Panel C)
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Sub-group analyses were performed with stratification by stage and pre-
chemotherapy tumour volume. When stratified by stage, patients in the T4SMI
muscle losing and disease stage>1 group had shorter OS than with patients who
did not lose T4SMI with earlier-stage disease (253 versus 416 days, HR 2.31, 95%
Cl1 0.91 to 5.87, p=0.0096, see Figure 5.6: Panel A). When stratified by pre-
chemotherapy tumour volume, patients with in the decreased T4SMI group with
tumour volume =377 cm3 had shorter OS than with patients who maintained
T4SMI with lower tumour volume (233 versus 404 days, HR 4.58, 95% CI 0.86 to
24.46, p<0.0001, Figure 5.6: Panel B).
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Figure 5.6 Kaplan-Meier curves and number at risk tables illustrating poorer OS
in those patients with higher disease stage losing skeletal muscle at T4 during
chemotherapy (Panel A) and in those patients with higher pre-chemotherapy

tumour volume losing thoracic skeletal muscle during chemotherapy (Panel B)
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Table 5.6 illustrates the survival differences of thoracic sarcopenia between
males and females. There was no difference in survival in males or females with
pre-chemotherapy thoracic sarcopenia (males 350 versus 401 days, HR 1.47, 95%
Cl1 0.83 to 2.6, p=0.1358; and females 450 versus 266 days, HR 1.04, 95% CI 0.41
to 2.6, p=0.9364). Male patients with thoracic sarcopenia had shorter OS at the
response assessment time point despite there being no survival difference when
the entire cohort was assessed (293 versus 450 days, HR 1.87, 95% Cl 1.08 to
3.25, p=0.0063). Male and female patients losing thoracic skeletal muscle during
chemotherapy continued to have a shorter OS (males 233 versus 410 days, HR
2.48, 95% Cl 1.1 to 5.61, p=0.0011; and females 155 versus 450 days, HR 21.12,
95% C1 0.003 to 136994, p<0.0001). It is important to note that only 1 event,
i.e., muscle loss during chemotherapy, was available in the latter female
survival analysis cohort which is reflected in the very wide confidence intervals

reported.

Table 5.6 Hazard ratios from Log Rank test for T4SMI indices between males and

females

Hazard ratios 95% Cl p-value
Pre-chemotherapy
T4SMI Males 1.47 0.83to 2.6 0.1358
T4SMI Females 1.04 0.41to 2.6 0.9364
Response assessment
T4SMI Males 1.87 1.08 to 3.25 0.0063
T4SMI Females 1.18 0.48 to 2.94 0.7027
Muscle loss during chemotherapy
T4SMI Males 2.48 1.1 to 5.61 0.0011
T4SMI Females 21.12 0.003 to 136994 <0.0001
T4SMI: skeletal muscle index at fourth thoracic vertebra
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Table 5.7 illustrates the univariate analyses of factors contributing to OS in
patients with chemotherapy-treated MPM. Elevated pre-chemotherapy
inflammatory markers (white cell count, neutrophils and CRP) as well as T4SMI
and ipsilateral T4SMI muscle loss during chemotherapy were significant
predictors for OS.

Two multivariate models are included in Table 5.7. In the first model, T4SMI
muscle loss during chemotherapy (HR 2.15, 95% Cl 1.02 to 4.54, p=0.045) and
pre-chemotherapy neutrophils (HR 2.05, 95% CI 1.20 to 3.52, p=0.019) were
significant predictors for OS. In the second model, T4SMI ipsilateral muscle loss
during chemotherapy (HR 2.85, 95% Cl 1.17 to 6.94, p=0.021) and higher
neutrophils (HR 1.81, 95% Cl 1.04 to 3.16, p=0.037) were significant predictors
for OS.



Table 5.7 Univariate and multivariate analyses of factors contributing to overall survival in 111 patients with MPM
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neutrophils >5.7 x 10°/L

Univariate Multivariate model 1 Multivariate model 2
Variables HR (95% CI) p-value | HR (95% ClI) p-value HR (95% CI) p-value
Age >69 1.026 (0.694-1.516) | 0.899
Male gender 1.439 (0.858-2.414) | 0.168
ECOG PS >0 1.039 (0.648-1.667) | 0.874
Epithelioid 0.611 (0.373-1.004) | 0.052
Non-epithelioid 1.611 (0.910-2.852) 0.121
Disease stage >I 1.480 (0.971-2.256) 0.069
Pre-chemotherapy weight 1.188 (0.803-1.757) 0.389
<75.9 kg
Pre-chemotherapy BMI =30 | 0.639 (0.397-1.028) 0.065
kg/m?
Pre-chemotherapy BMI 1.353 (0.425-431) 0.609
<18.5 kg/m?
Pre-chemotherapy WCC 1.637 (1.079-2.484) 0.021
>8.6 x 10°/L
Pre-chemotherapy 1.841 (1.190-2.847) | 0.006 2.050 (1.195-3.517) | 0.019 1.809 (1.037-3.155) | 0.037
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Pre-chemotherapy 0.967 (0.643-1.454) 0.872
lymphocytes >1.5 x 10°/L

Pre-chemotherapy platelets | 1.493 (0.993-2.246) 0.054
>244 x 10°/L

Pre-chemotherapy NLR >4.1 | 1.380 (0.902-2.110) 0.138

Pre-chemotherapy PLR >234 | 1.258 (0.828-1.912) 0.283

Pre-chemotherapy albumin | 1.263 (0.834-1.914) 0.270
<35¢g/L

Pre-chemotherapy CRP =25 | 1.849 (1.119-3.057) 0.017 1.500 (0.889-1.500) | 0.129 1.576 (0.939-2.645) | 0.085
mg/L

Pre-chemotherapy tumour 1.563 (0.978-2.498) 0.062

volume >377 cm?3

T4SMI percentage change 2.923 (1.66-5.146) <0.001 2.147 (1.016-4.537) | 0.045

muscle loss

Ipsilateral T4SMI percentage | 3.24 (1.823-5.76) <0.001 2.853 (1.173-6.939) | 0.021

change muscle loss

BMI: body mass index; Cl: confidence interval; CRP: C-reactive protein; ECOG PS: Eastern Cooperative Oncology Group performance
status; Hb: haemoglobin; HR: hazard ratio; NLR: neutrophil:lymphocyte ratio; PLR: platelet:lymphocyte ratio; T4SMI: skeletal

muscle index at fourth thoracic vertebra; WCC: white cell count
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5.3.3.1.3.3 Adipopenia at L3

There was a statistically significant difference in OS between the pre-
chemotherapy total fat index (TFl, cm2/m2) losing and non-losing groups (336
versus 380 days, HR 1.65, 95% Cl 0.91 to 3.25, p=0.0038). Pre-chemotherapy
visceral fat index (VFI, cm2/m2) loss trended towards significance (339 versus
379 days, HR 1.68, 95% Cl 0.88 to 3.24, p=0.051). Patients with lower pre-
chemotherapy subcutaneous fat index (SFI, cm2/m2) had shorter OS compared
to those with higher SFI (317 versus 394 days, HR 1.82, 95% Cl 1.02 to 3.26
p=0.011). Patients with lower response assessment TFI| did not have shorter OS
compared to those with higher TFI (308 versus 382 days, HR 1.71, 95% CI 0.85 to
3.43, p=0.058). There was no statistically significant difference in the response
assessment VFI losing and non-losing groups (320 versus 379 days, HR 1.72, 95%
Cl 0.85 to 3.45, p=0.057). Patients with lower response assessment SFI had
shorter OS compared to those with higher SFI (307 versus 401 days, HR 1.93, 95%
Cl 1.07 to 3.48, p=0.005)

Table 5.8 Hazard ratios from Log Rank test for pre-chemotherapy and response

assessment adipose tissue indices in 91 patients with MPM

Hazard ratios 95% Cl p-value
Pre-chemotherapy
TFI 1.72 0.91 to 3.25 0.038
VFI 1.68 0.88 to 3.24 0.051
SFI 1.82 1.02 to 3.26 0.011
Response assessment
TFI 1.71 0.85 to 3.43 0.058
VFI 1.72 0.85 to 3.45 0.057
SFI 1.93 1.07 to 3.48 0.005
SFI: subcutaneous fat index; TFI: total fat index; VFI: visceral fat index
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Thresholds for low and high adipose tissue mass were determined as those
patients below the 25t percentile for TFI, VFI and SFI based on distribution of
percentage changes between pre-chemotherapy and response assessment time
points.

There were no statistically significant differences between patients who lost TFI
between pre-chemotherapy and response assessment time points and those who
did not (305 versus 394 days, HR 1.54, 95% CI 0.88 to 2.69, p=0.0793, see Figure
5.7: Panel A).

Patients who lost VFI between pre-chemotherapy and response assessment time
points had shorter OS compared to those with higher VFI (272 versus 401 days,
HR 1.95, 95% CI 1.05 to 3.62, p=0.0067, see Figure 5.7: Panel B).

There were no statistically significant differences between patients who lost SFI
between pre-chemotherapy and response assessment time points and those who
did not (336 versus 380 days, HR 1.24, 95% CI 0.73 to 2.18, p=0.386), see Figure
5.7: Panel C).
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Figure 5.7 Kaplan-Meier curves and number at risk tables illustrating the survival
advantage afforded by not losing total fat (Panel A) and visceral fat (Panel B)
between pre-chemotherapy and response assessment time points. Subcutaneous

fat tissue loss was not associated with overall survival (Panel C)
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Table 5.9 illustrates the univariate and multivariate analyses of factors
contributing to OS in patients with L3SMI and adipose indices. Epithelioid sub-
type, elevated pre-chemotherapy BMI, visceral fat loss during chemotherapy and
elevated pre-chemotherapy inflammatory markers (pre-chemotherapy

lymphocytes and neutrophils) were significant predictors for OS.

The multivariate models are illustrated in Table 5.9. The multivariate models
are illustrated in Table 5.9. Epithelioid subtype (HR 0.47, 95% Cl 0.26 to 0.86,
p=0.014), obesity (HR 0.36, 95% Cl 0.20 to 0.65, p<0.001), greater VFI
percentage change loss (HR 1.81, 95% CI 1.04 to 3.13, p=0.035) and higher pre-
chemotherapy neutrophils (HR 1.62, 95% CI 1.01 to 1.62, p=0.048) were
significant independent predictors for OS. Obesity was significant and
outperformed MPM sub-type and NLR which are both established prognostic

variables.



Table 5.9 Univariate and multivariate analyses of factors contributing to overall survival in 91 patients with MPM

>1.5 x10%/L

Univariate Multivariate
Variables HR (95% CI) p-value HR (95% CI) p-value
Age >69 1.14 (0.732-1.774) 0.563
Male gender 1.564 (0.904-2.705) 0.110
ECOG PS >0 1.139 (0.685-1.893) 0.614
Epithelioid 0.517 (0.296-0.903) 0.020 0.472 (0.261-0.856) | 0.014
Disease stage >I 1.532 (0.952-2.464) 0.077
Pre-chemotherapy weight <75.9 | 1.373 (0.888-2.123) 0.154
kg
Pre-chemotherapy BMI >30 0.418 (0.240-0.730) 0.002 0.361 (0.202-0.647) | <0.001
kg/m?
Pre-chemotherapy BMI <18.5 1.207 (0.378-3.859) 0.751
kg/m?
Pre-chemotherapy WCC >8.6 1.405 (0.891-2.215) 0.143
x10%/L
Pre-chemotherapy neutrophils 1.762 (1.093-2.839) 0.020 1.623 (1.005-1.621) | 0.048
>5.7 x10°/L
Pre-chemotherapy lymphocytes | 1.145 (0.731-1.792) 0.555
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Pre-chemotherapy platelets >244 | 1.231 (0.787-1.928) 0.363
x10%/L

Pre-chemotherapy NLR >4.1 1.246 (0.784-1.981) 0.352
Pre-chemotherapy PLR >234 1.185 (0.749-1.875) 0.469
Pre-chemotherapy albumin <35 1.401 (0.881-2.229) 0.155
g/L

Pre-chemotherapy CRP >25 mg/L | 1.672 (0.951-2.943) 0.074
Pre-chemotherapy tumour 1.595 (0.977-2.605) 0.062
volume >377 cm?

L3SMI muscle loss 1.231 (0.748-2.027) 0.423
TFI loss (percentage change) 1.799 (0.965-3.356) 0.084
VFI loss (percentage change) 2.048 (1.166-3.595) 0.008 1.807 (1.043-3.131) | p=0.035

BMI: body mass index; Cl: confidence interval; CRP: C-reactive protein; ECOG PS: Eastern Cooperative

Oncology Group performance status; Hb: haemoglobin; HR: hazard ratio; NLR: neutrophil:lymphocyte

ratio; PLR: platelet:lymphocyte ratio; T4SMI: skeletal muscle index at fourth thoracic vertebra; WCC:

white cell count
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5.3.3.1.4Reproducibility at L3

L3SMI intra-observer agreement was excellent (ICC 0.987, 95% ClI 0.975 to 0.994,
p=0.000), with a mean difference of -2.8 (SD 3.8) cm?/m?. L3SMI inter-observer
agreement was excellent (ICC 0.985, 95% CI 0.971 to 0.992, p=0.000), with a

mean difference of -3.0 (SD 2.0) cm?/mZ.

Inter-observer agreement was excellent for VFI (ICC 0.998, 95% Cl 0.997 to
0.999, p<0.0001) and SFI (ICC 0.996, 95% Cl 0.992 to 0.998, p<0.0001). TFI ICC,
by definition, was 1.0 as it is the sum of VFI and SFI. Intra-observer agreement
was excellent for VFI (ICC 0.962, 95% C1 0.925 to 0.981, p<0.001) and SFI (ICC
0.969, 95% C1 0.938 to 0.984, p<0.001). TFI ICC, by definition, was 1.0 as it is the
sum of VFI and SFI.

5.3.3.1.5Reproducibility at T4

T4SMI intra-observer agreement was excellent (ICC 0.988, 95% Cl 0.977 to 0.994,
p=0.000), with a mean difference of -0.7 (SD 2.2) cm?/mZ2. T4SMI inter-observer
agreement was good (ICC 0.831, 95% Cl 0.665 to 0.915, p=0.000), with a mean
difference of 2.2 (SD 8.9) cm?/m?.
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5.3.4 Exploratory objectives

5.3.4.1 Ipsilateral T4 and survival

T4SMI was divided into ipsilateral and contralateral compartments as
demonstrated in Chapter 2, Section 2.3.6.3. The median pre-chemotherapy and
response assessment ipsilateral T4SMI were 26.3 [IQR 23.6 to 29.8] cm?/m? and
25.9 [IQR 23.1 to 29.4] cm?/m?, respectively. Patients with ipsilateral T4SMI

muscle loss of 16.9% (mean minus 1 standard deviation) were included.

Patients in the muscle losing pre-chemotherapy group did not have improved OS
than the non-losing ipsilateral T4SMI group (399 versus 382 days, HR 1.02, 95% ClI
0.65 to 1.59, p=0.9245, see Figure 5.8: Panel A).

Patients in the muscle losing response assessment ipsilateral T4SMI group had
shorter OS than the non-losing muscle losing group (297 versus 433 days, HR
1.78, 95% CI 1.05 to 3.02, p=0.0093, see Figure 5.8: Panel B).

Patients who had an ipsilateral T4SMI percentage change of -16.9% (mean minus
1 standard deviation) between pre-chemotherapy and response assessment time
points were defined as those losing muscle (n=16, 14.4%). The ipsilateral T4SMI
muscle losing group had a shorter OS compared to the non-muscle losing group
(255 versus 433 days, HR 2.91, 95% Cl 1.28 to 6.59, p<0.0001), Figure 5.8: Panel
Q).
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Figure 5.8 Kaplan-Meier curves and number at risk tables illustrating overall
survival stratified by muscle losing and non-losing groups, Panel A) pre-
chemotherapy ipsilateral (to tumour) T4SMI, Panel B), response assessment
ipsilateral T4SMI, and, Panel C) ipsilateral T4SMI percentage change between

pre-chemotherapy and response assessment scans
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5.3.4.2 Chemotherapy treatment completion and response to treatment

5.3.4.2.1Relationship between chemotherapy treatment completion and

response to treatment at L3

33 (37.4%) patients received less than four cycles of chemotherapy due to
toxicity, progression whilst on treatment or death. 8/15 (61.5%) patients in the
TFI percentage change losing group received less than 4 cycles of chemotherapy.
26/78 (33.3%) patients in the TFI percentage change non-losing group received
less than 4 cycles. This was not statistically significant (p=0.067, using Fisher’s
exact test). 9/17 (52.9%) patients in the TFIl percentage change losing group
received less than 4 cycles of chemotherapy. 25/74 (75.3%) patients in the TFI
percentage change non-losing group received less than 4 cycles. This was not

statistically significant (p=0.1697, using Fisher’s exact test).

The mean percentage changes in TFl in patients who had mRECIST-defined
progressive disease (PD), stable disease (SD) and partial response (PR) were -
16.65 (SD 31.33) %, -2.972 (SD 24.4) % and -2.680 (SD 35.4) %, respectively.
Response to chemotherapy was not associated with percentage change in TFI
(p=0.1748, see Figure 5.9: Panel A). When dichotomised into mRECIST-defined
PD and non-PD (SD and PR), response to chemotherapy was not associated with
percentage change in TFl (-16.65 (SD 31.33) % versus -2.85 (SD 2.1) %, p=0.061).
The median percentage changes in VFI in patients who had mRECIST-defined PD,
SD and PR were -15 [IQR -51 to 0] %, -15.5 [IQR -27.8 to 19] % and -10 [IQR -29.5
to 26] %, respectively. Response to chemotherapy was not associated with
percentage change in VFI (p=0.4491, see Figure 5.9: Panel B). When
dichotomised into mRECIST-defined PD and non-PD, response to chemotherapy
was not associated with percentage change in VFI (-15 [IQR -51 to 0] % versus -15
[IQR -28.5 to 21.5] %, p=0.2123).
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Figure 5.9 Scatterplot illustrating mRECIST-defined response assessment criteria
and percentage changes between pre-chemotherapy and response assessment
scans in, Panel A) total fat index (TFl), and, Panel B) visceral fat index (VFI) in
91 patients with MPM

PD: progressive disease; PR: partial response; SD: stable disease
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5.3.4.2.2Relationship between chemotherapy treatment completion and

response to treatment at T4

36 (32%) patients received less than four cycles of chemotherapy due to toxicity,
progression whilst on treatment or death. 6/15 (40%) patients in the T4SMI
percentage change muscle losing group received less than 4 cycles of
chemotherapy. 30/96 (31%) patients in the T4SMI percentage change muscle
retaining group received less than 4 cycles. There was no statistically significant
difference (p=0.5579, using Fisher’s exact test). 7/15 (46.7%) patients in the
ipsilateral T4SMI percentage change muscle losing group received less than 4
cycles of chemotherapy. 30/96 (31%) patients in the ipsilateral T4SMI percentage
change muscle retaining group received less than 4 cycles. There was no

statistically significant difference (p=0.3870, using Fisher’s exact test).

The mean percentage changes in T4SMI in patients who had mRECIST-defined
progressive disease (PD), stable disease (SD) and partial response (PR) were -3.01
(SD 14.26) %, -1.94 (SD 14.21) % and 1.09 (SD 11.97) %, respectively. Response to
chemotherapy as defined by mRECIST was not associated with percentage
change in T4SMI (p=0.4701, see Figure 5.10: Panel A). When dichotomised into
mRECIST-defined PD and non-PD (SD and PR), response to chemotherapy was not
associated with percentage change in T4SMI (-3.01 (SD 14.26) % versus -0.99 (SD
13.37) %, p=0.5084). The mean percentage changes in ipsilateral T4SMI in
patients who had mRECIST-defined PD, SD and PR were -2.86 (SD 13.97) %, 3.08
(SD 20.32) % and -1.13 (SD 14.31) %, respectively. Response to chemotherapy
was not associated with percentage change in ipsilateral T4SMI (p=0.3166, see
Figure 5.10: Panel B). When dichotomised into mRECIST-defined PD and non-PD,
response to chemotherapy was not associated with percentage change in
ipsilateral T4SMI (-2.86 (SD 13.97) % versus 1.03 (SD 17.97) %, p=0.3098).

The mean percentage changes in T4SMI in patients who had human volume-
defined PD, SD and PR were -7.58 (SD 12.13) %, -5.97 (SD 10.85) % and 6.73 (SD
15.17) %, respectively (n=30). Response to chemotherapy was not associated
with percentage change in T4SMI (p=0.1285, see Figure 5.10: Panel C). When

dichotomised into human volume-defined PD and non-PD, response to
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chemotherapy was not associated with percentage change in T4SMI (-7.58 (SD
12.13) % versus -3.94 (SD 12.23) %, p=0.5474). The mean percentage changes in
ipsilateral T4SMI in patients who had human volume-defined PD, SD and PR were
-7.24 (SD 10.88) %, -3.44 (SD 13.82) % and -0.98 (SD 20.16) %, respectively
(n=30). Response to chemotherapy was not associated with percentage change in
ipsilateral T4SMI (p=0.7965, see Figure 5.10: Panel D). When dichotomised into
human volume-defined PD and non-PD, response to chemotherapy was not
associated with percentage change in ipsilateral T4SMI (7.24 (SD 10.88) % versus
-3.04 (SD 14.52) %, p=0.5473).
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Figure 5.10 Violin plots illustrating fourth thoracic vertebra skeletal muscle
index (T4SMI) and ipsilateral (to tumour) T4SMI percentage changes between
pre-chemotherapy and response assessment scans and response assessment
criteria according to, Panels A) and, Panel B) mRECIST, and, Panel C) and, Panel
D) human volumes in 111 patients with MPM

PD: progressive disease; PR: partial response; SD: stable disease
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5.3.4.3 Sex-and BMI-specific differences

5.3.4.3.1Sex-specific differences at L3

Table 5.10 summarises the sex-specific differences in skeletal muscle and
adipose tissue indices at L3. Male patients had a higher mean pre-chemotherapy
L3SMI than females (52.1 (SD 7.9) cm2/m? versus 45.2 (SD 8.9) cm?/m?, p=0.012,
respectively). Males also had higher median response assessment L3SMI than
females (48 [IQR 43 to 58] cm?/m? versus 41 [IQR 40 to 48] cm?/m?, p=0.001,
respectively). There was a statistically significant difference in pre-
chemotherapy visceral fat indices (VFI) between male (59 [IQR 40 to 91] cm?/m?)
and female patients (41 [IQR 8 to 66] cm?/m?, (p=0.0095). There was a trend
towards significance in pre-chemotherapy subcutaneous fat indices (SFI)
between male (58 [IQR 45 to 72] cm?/m?) and female patients (89 [IQR 33 to
120] cm?/m?), respectively (p=0.0529). There was no statistically significant
difference in pre-chemotherapy total fat index (TFl) between male (124 [IQR 95
to 152] cm?/m?) and female patients (148 [IQR 50 to 176] cm?/m?), respectively
(p=0.9325). There was a statistically significant difference in response
assessment visceral fat index (VFI) between male (52 [IQR 34 to 79] cm?/m?) and
female patients (32 [IQR 8 to 94] cm?/m?), respectively (p=0.0138). There was
no statistically significant difference in response assessment subcutaneous fat
index (TFl) between male (61 [IQR 38 to 78] cm?/m?) and female patients (82
[IQR 28 to 115] cm?/m?), respectively (p=0.1059). There was no statistically
significant difference in response assessment total fat index (TFl) between male
(116 [IQR 74 to 152] cm?/m?) and female patients (120 [IQR 32 to 187] cm?/m?),
respectively (p=0.9132).
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Table 5.10 Sex-specific differences in skeletal muscle and adipose indices at L3

in 91 patients with MPM

Male Female p-value

Mean (SD) or | Mean (SD) or

median [IQR] | median [IQR]
Pre-chemotherapy
Pre-chemotherapy L3SMI, cm?/m? | 52.1 (7.9) 45.2 (8.9) 0.0012
Total fat index, cmZ/m? 124 [95-152] | 148 [50-176] | 0.9325
Visceral fat index, cm?/m? 59 [40-91] 41 [8-66] 0.0095
Subcutaneous fat index, cm?/m? 58 [45-72] 89 [33-120] 0.0529
Response assessment
Response assessment L3SMI, cm?2/m? | 48 [43-58] 41 [40-48] 0.0010
Total fat index, cm?/m? 116 [74-152] | 120 [32-187] | 0.9132
Visceral fat index, cm?/m? 52 [34-79] 32 [8-94] 0.0138
Subcutaneous fat index, cm?/m? 61 [38-78] 82 [28-115] 0.1059

SMI: skeletal muscle index, cm?2/m?
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5.3.4.3.2 Sex-and BMI-specific differences at T4

Table 5.11 summarises the skeletal muscle indices at T4 in the study cohort.
Males had a higher pre-chemotherapy weight than females (78.7 (SD 13.9) kg and
63.3 (SD 10.3) kg, respectively, p<0.0001). There were no differences in pre-
chemotherapy BMI between males and females (26.7 (SD 4.1) kg/m?and 25.1 (SD
4.1) kg/m?, respectively, p=0.1371).

Male patients had a higher mean pre-chemotherapy T4SMI than females (56.7 (SD
8.3) cm?/m? versus 47.9 (SD 6.2) cm?/m?2, p<0.0001). Males also had higher mean
response assessment T4SMI than females (54.8 (SD 9.8) cm?/m? versus 50.1 (SD
7.3) cm?/m?, p=0.0457).

Patients with higher BMI - defined as overweight as per the WHO definition of
BMI >25 kg/m? - did not have a higher mean pre-chemotherapy T4SMI than those
patients with lower BMI (54 [IQR 48 to 60] kg/m? versus 54 [IQR 49 to 60] kg/m?,
p=0.622). Patients with higher BMI also did not have a higher mean response
assessment T4SMI than those patients with lower BMI (52 [IQR 47 to 60.5] kg/m?
versus 53.5 [IQR 48 to 59.3] kg/m?, p=0.868).



Table 5.11 Body composition analyses at T4 in 111 patients with MPM
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All patients Male Female p-value

(n=111) (n=91) (n=20)

Mean (SD) or Mean (SD) or | Mean (SD)

median [IQR] median [IQR] | or median

[1QR]

Pre-chemotherapy
PC Weight, kg 75.9 (14.5) 78.7 (13.9) 63.3 (10.2) | <0.0001
PC BMI, kg/m? 26.4 (4.1) 26.7 (4.1) 25.1 (4.1) 0.1371
T4SMI, cm?m? 55.1 (8.6) 56.7 (8.3) 47.9 (6.1) <0.0001
Ipsilateral T4SMI, 26.8 (4.7) 28.3 (7.2) 23.1 (3.4) 0.0024
cm?m?
Contralateral 28.2 (4.4) 28.9 (4.2) 25.8 (3.6) <0.0001
T4SMI, cm?m?
Response assessment
T4SMI, cm?m? 53.9 (9.5) 54.8 (9.8) 50.1 (7.3) 0.0457
Ipsilateral T4SMI, 25.9 [23.1-29.4] | 26.8 [23.4- 23.7 [21.1- | 0.0069
cm?m? 29.7] 25.8]
Contralateral 26.8 [23.6-30.5] | 27.6 [23.8- 25.1[22.6- |0.1140
T4SMI, cm?m? 31] 28.8]
Percentage change between pre-chemotherapy and response assessment
T4SMI, % -1.5 (13.4) -2.9 (12.9) 5.2 (14) 0.0143
Ipsilateral T4SMI, % | -0.1 (16.8) -1.4 (15.3) 5.5 (22) 0.0952

BMI: body mass index; T4SMI: skeletal muscle index at fourth thoracic

vertebra; Ipsilateral & Contralateral T4SMI: skeletal muscle index at T4 on

ipsilateral and contralateral side of tumour, respectively
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5.3.4.4 Correlation between L3 and T4

Pre-chemotherapy L3SMI and T4SMI were moderately correlated (r=0.42, 95% ClI
0.23 to 0.58, p<0.0001, see Figure 5.11: Panel A). When assessed according to
sex, pre-chemotherapy L3SMI and T4SMI continued to correlate in males (r=0.36,
95% Cl1 0.16 to 0.56, p=0.0006, Figure 5.11: Panel B), but the strength of
correlation was lost in females (r=0.29, 95% Cl -0.34 to 0.74, p=0.3657, see
Figure 5.11: Panel C).

Response assessment T4SMI and L3SMI were also moderately correlated (r=0.45,
95% C1 0.27 to 0.61, p<0.0001, see Figure 5.11: Panel D). The correlation was
made stronger in males only (r=0.48, 95% CI 0.28 to 0.65, p<0.0001, Figure 5.11:
Panel E). The strength of correlation was again diminished in females (r=0.28,
95% Cl -0.37 to 0.74, p=0.3786, Figure 5.11: Panel F).

Pre-chemotherapy T4SMI and L3TFI did not correlate (r=-0.07, 95% CI -0.29 to
0.16, p=0.5382). Response assessment T4SMI and L3TFI did not correlate (r=0.03,
95% Cl -0.18 to 0.24, p=0.7538).
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Figure 5.11 Correlations between third lumbar vertebra skeletal muscle index
(L3SMI) and fourth thoracic vertebra skeletal muscle index (T4SMI) at the pre-
chemotherapy time points in all patients (Panel A), male (Panel B) and female
patients (Panel C), and at response assessment time points in all patients (Panel
D), male (Panel E) and female patients (Panel F)

PC: pre-chemotherapy; Res: response assessment
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5.4 Discussion

5.4.1 Skeletal muscle measurements at the L3 and T4

Following the work of Mourtzakis and colleagues(305) who first extrapolated
data from a single cross-sectional CT image at the third lumbar vertebra (L3) to
predict whole body composition of skeletal muscle mass, and Prado and
colleagues who defined sex- and BMI-specific thresholds(251), sarcopenia has
been associated with adverse outcomes in patients with cancer(398, 399).
However, this widely validated approach to measuring skeletal muscle index
using L3 has limitations in patients with thoracic malignancy as CT scans
acquired during diagnostic work-up, prior to chemotherapy and response
assessment may not extend inferiorly enough to capture L3. In my cohort, only
91 patients had an identifiable L3 on pre-chemotherapy and response assessment
CT scans with accompanying height metrics. At the fourth thoracic vertebra
(T4), 111 patients had these data. In an epidemiological survey by Sun and
colleagues that included mostly patients with lung cancer, only 65% had scans in
which skeletal muscle mass could be evaluated at the L3 level(308). Other
studies have reported similar issues with up to one third of patients being
excluded from studies due to L3 not being identifiable on CT scans(400, 401).
Fourth thoracic vertebra-defined sarcopenia is being increasingly reported in the
sarcopenia literature(311-313, 317). Sarcopenia has also been determined at
other thoracic levels in patients with lung cancer, including at the fifth(190,
402), eighth(403) and tenth thoracic vertebrae(404, 405) as well as the sum of
the eight and twelfth thoracic vertebrae(406).

5.4.2 Thresholds for sarcopenia

In their systematic review, Vangelov and colleagues reported that only 75% of
studies assessing sarcopenia reported cut-off values and that authors were using
different methods(310). A meta-analysis of 81 studies which determined the
performance of sarcopenia cut-offs in cancer concluded that despite the

variability of thresholds used, including optimal stratification, median,
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percentiles and receiving operator curves, low lean muscle mass was associated

with poorer prognosis(407).

| determined sarcopenia at L3 based on the well-validated sex- and BMI-specific
SMI cut-offs defined by Martin and colleagues who used an optimal stratification
method(186, 408). There is no consensus on specific sex- and BMI-specific
thresholds for sarcopenia at T4. My two-dimensional measurements at the level
of T4 were normalised for height squared to adjust for body size as per the
height-based indexing described by Prado and colleagues at the third lumbar
vertebra(174). | defined T4 sarcopenia groups using a priori definitions based on
the distribution of the study sample, i.e., those patients with T4SMI mean minus
1 standard deviation if normally distributed or those with T4SMI below the 25t
percentile if non-normally distributed. Skeletal muscle cut-offs have been
defined as the mean minus one or two standard deviations by other authors(309,
409, 410). Sarcopenia has also been defined according to patients in lowest
quartile in colorectal cancer(410, 411) and patients diagnosed with idiopathic
pulmonary fibrosis(317) and post-operative pneumonia following partial
hepatectomy for colorectal metastasis(312). Verhoek and colleagues defined
sarcopenia according to the lowest tertile in their recent study of patients with
MPM(190).

5.4.3 Body composition differences between male and female patients

| demonstrated that male patients had higher T4SMI compared to females and
lost muscle mass between the two time points assessed. This is consistent with
previous studies demonstrating that male patients have higher skeletal muscle
mass(412) and strength(413) compared to females. Conversely, females gained
mean muscle mass index at T4 between pre-chemotherapy and response
assessment time points (2.2 cm?/m?). The cause for this latter observation is
unclear. Stene and colleagues reported that nearly half of their patients with
non-small cell lung cancer (NSCLC) had a stable or increased muscle mass after
chemotherapy(414). Stable muscle or muscle gain has also been reported in
patients with NSCLC by Prado and colleagues(415) with the suggestion that

chemotherapy may be exerting an anti-catabolic effect in treatment
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responders(415). To investigate this observation further, | performed a post-hoc
analysis and demonstrated differences in the median interval period between CT
scans between males (116 [IQR 82 to 174] days) and females (98 [IQR 79 to 147]
days). Male patients with cancer cachexia are known to lose skeletal muscle at a
greater rate than females(416, 417) and the longer interval period between
scans in male patients may partly explain this. Alternatively, this finding may
reflect differences in thoracic musculature between male and female patients. |
demonstrated that T4 skeletal muscle measurements were larger than L3 which
is likely due to the muscles at T4 being involved with arm and shoulder
movement. The muscles of the shoulder, i.e., deltoid, were not included in my
muscle tissue segmentations to limit this potential for confounding. | did include
the pectoralis muscles in my T4 muscle areas. Males have larger pectoralis
mass(418) and strength(419) compared to females. Pectoralis muscle mass is
prognostic in patients with NSCLC(420, 421). Male sex and pectoralis muscle area
remained significant in the proportional hazards model reported by Kinsey and

colleagues(421).

The median pre-chemotherapy T4 ipsilateral muscle areas were lower than the
contralateral skeletal muscle areas in both male and female patients. The
decreased ipsilateral T4SMI group - stratified to muscle losing and non-losing
groups according to mean minus 1 SD - had a shorter OS compared to the
maintained SMI groups. Moreover, male patients had greater ipsilateral T4SMI
loss, reenforcing the finding that male patients lose skeletal muscle at a higher
rate than females. The reason for the differences between ipsilateral and
contralateral muscle compartments is not clear. Patients with pleural
malignancy frequently have altered chest wall mechanics due either to pleural
effusion or tumour bulk. Survival is sufficiently long in some patients with MPM
that this may translate into loco-regional changes in thoracic muscle
compartments. Another reason for this observation could be that reduced
muscle mass is associated with poor lung function and breathlessness which is
observed in the clinical setting of MPM as well as in the chronic obstructive
pulmonary disease (COPD) literature(422, 423). Sun and colleagues defined

muscle losing groups according to peak expiratory flow rate-defined respiratory
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strength and pectoralis muscle, reporting that pre-operative sarcopenia based

upon these criteria was significantly associated with poor 0S(420).

5.4.4 Correlations between T4SMI and L3SMI

| demonstrated moderate correlations between L3 and T4 pre-chemotherapy and
response assessment skeletal muscle indices ((r=0.42 and r=0.45, respectively).
In their study of patients with head and neck cancers, Van Heusden and
colleagues reported a strong correlation between muscle cross-sectional area at
T4 (excluding the muscles of the shoulder) and L3 (r=0.79) which was further
strengthened (r=0.856) after incorporating age, sex, weight, arm positioning and
weight(424). Gronberg and colleagues reported moderate agreement with intra-

class correlation 0.71 in males and 0.52 in females(425).

| assessed T4SMI and L3SMI correlations in males and females with female
patients having weaker correlations at both the pre-chemotherapy and response
assessment scan time points (r=0.29 and r=0.28, respectively) compared to
males who retained low-to-moderate r values (r=0.36 and r=0.48, respectively).
My subsequent correlative analyses of total fat index (TFl) as an exploratory
surrogate for adipose tissue volumes did not yield any concrete systemic reasons
as to why the previously moderate L3SMI and T4SMI correlations had become
uncoupled in female patients. As described earlier in this discussion, males
generally have different chest musculature compared to females, particularly in
respect to larger pectoralis muscle areas(426, 427). Females have different fat
distribution at the level of thoracic vertebrae, including breast tissue in the
anterior thoracic wall. | did not measure adipose tissue at T4 - or elsewhere in
the chest - to further test this hypothesis. One study assessing adiposity at the
level of T4 demonstrated that females have higher volume of adipose tissue at
this level compared with males(428). The only study to date in MPM has assessed
adiposity in the chest and demonstrated that males had more anterior
mediastinal fat than females(190). A study assessing thoracic adipose tissue

volume could shed further light on these differences.
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5.4.5 Sarcopenia survival outcomes

The median survival time in this study was 389 days. This is similar to the
outcomes reported in the South West Area Mesothelioma and Pemetrexed
(SWAMP) trial(321) (368 days) and the Phase Il study of pemetrexed in
combination with cisplatin versus cisplatin alone in patients with malignant

pleural mesothelioma study (12.1 months, or approximately 368 days)(3).

In the NSCLC population, pre-operative sarcopenia measured at L3 has been
shown to be prognostically significant(245-248, 250, 429). Similar findings have
been reported in advanced NSCLC(315, 430, 431) and small cell lung cancer
(SCLC)(249). In the present study, the pre-chemotherapy and response
assessment L3 sarcopenia groups trended towards shorter OS compared to the
non-sarcopenia group, but neither reached statistical significance (p=0.077 and

p=0.054, respectively).

The rate of muscle loss over time is associated with mortality and has been
observed in patients with lung(414, 432), colorectal(221, 433), foregut(434),
ovarian(435) and gastric cancers(436) as well as in patients with melanoma(437).
| dichotomised patients into interval muscle losing and non-losing groups by
calculating the percentage change in L3SMI, T4SMI and ipsilateral T4SMI from the
pre-chemotherapy time point. The percentage change method is routinely used
in medicine and is independent of units of measurement(438). At L3, | found no
survival difference between the two groups (p=0.307). This is inconsistent with
the findings of the aforementioned studies exploring longitudinal change in
muscle mass in different solid organ tumour sites. This was a surprising finding as
both males and females lost skeletal muscle between the interval time points
assessed. Moreover, the median time between CT scans in my study was 109 [IQR
80 to 174] days, or 15 [IQR 11 to 24] weeks, which is a reasonably long interval
period to assess changes in muscle mass loss. Other possible explanations for this
finding are the small sample size (n=91) and the percentage change method
used. The latter method has been criticised by Vickers and colleagues who

suggested the use of analysis of co-variance instead(439).
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In the present study, the L3 muscle losing group had a percentage change
decrease of 9% which was similar to the thresholds applied by Blauwhoff-
Buskermolen and colleagues(440) and Daly and colleagues(441). Two other
studies have assessed longitudinal muscle mass loss defined by percentage
change and reported no impact on survival. Firstly, Degens and colleagues
determined skeletal muscle percentage change over 6-weeks using CT images of
patients with advanced NSCLC and concluded that patients with decreasing
skeletal muscle mass - defined as a skeletal muscle mass decrease of >1.3% - did
not have shorter OS compared to those who maintained muscle(442). Similar
findings were reported by Tan and colleagues who assessed patients with
advanced pancreatic cancer according to 60-day percentage change skeletal
muscle mass tertiles(399). The latter study did report that patients with

sarcopenia and obesity had a worse prognosis(399).

When measured at the fourth thoracic vertebra, pre-chemotherapy and response
assessment sarcopenia - defined as mean minus 1 SD - was not associated with
poorer OS compared to the muscle retaining groups (p=0.789 and p=0.185,
respectively). However, percentage change in skeletal muscle loss between pre-
chemotherapy and response assessment time points was associated with shorter
OS (p=0.0002). T4SMI loss was also an independent predictor of OS following
multivariate analysis. When stratified by stage, patients in the T4SMI muscle
losing and higher tumour volume group had shorter OS. This is not surprising as
tumour volume is a recognised predictor or poorer OS in the MPM
population(100). This also links to my tumour volume work which has been

discussed in detail in Chapter 4.

Thoracic sarcopenia measured at T4 is prognostic in patients with breast
cancer(313) as well as in patients with post-liver surgery pneumonia(312). To my
knowledge, the present study is only the second study that has determined the
prognostic impact of CT-measured skeletal muscle mass loss and the first study
to assess longitudinal changes in the MPM population. A recent study by Verhoek
and colleagues reported that patients with MPM and sarcopenia - measured at
the fifth thoracic vertebra (T5) - have a higher three-year mortality compared to

those who are not sarcopenic (p=0.002)(190). In the thoracic malignancy
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literature, other authors have defined sarcopenia according to pectoral mass
muscle(311, 420) and the twelfth thoracic vertebra groups(431, 443-445).

5.4.6 Adipopenia

Although there are no BMI- and sex-specific thresholds for adipose tissue
measurements, the cachexia literature reports that females have higher body fat
compared to BMI-matched males(446) and that females have lower visceral
adipose tissue(447, 448). Results from the present study support this as males
had a higher median visceral adipose index (VFI) compared to females and lower
TFI compared to females. Mallio and colleagues reported similar visceral adipose
tissue findings in their study of patients with NSCLC, citing hormone differences

between males and females as a potential reason for this(449).

Adipopenia - the loss of fat mass - has been shown to be prognostically
significant in patients with lung(389-392), gastrointestinal and lung(393),
gastric(394, 395), breast(396) and renal cell cancers(397). Higher fat density has
been shown to be prognostic in patients with colorectal cancer(450). Other
studies have demonstrated improved outcomes with higher adipose tissue
metrics, including patients with NSCLC and higher subcutaneous adipose tissue
(SAT) volumes having better progression free survival compared to those with
lower SAT volumes(451) and patients with advanced renal cell carcinoma and
higher visceral fat area (VFA) having longer OS compared to those with lower
VFA(452). Verhoek and colleagues determined pre-cardial fat mass at T5 and did
not demonstrate any association with this metric and three-year
survival(p=0.863)(190). In the present study, loss of VFI measured at L3 were
associated with shorter OS (p=0.007). Visceral fat loss was a predictor of OS in
my subsequent multivariate analysis (p=0.035). In their study of patients with
pancreatic cancer(453), Di Sebastiano and colleagues hypothesised that there is
a relationship between adipose tissue loss rate and greater expression of pro-
catabolic pathways associated with wasting. Visceral fat is pro-inflammatory and
associated with the release of leptin, tumour necrosis factor and interleukin-6

(IL-6)(454) and greater insulin resistance, thus potentiating an environment
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conducive to tumour growth(455). However, studies determining local adipose

tissue inflammation in cancer are contradictory(263, 456, 457).

In addition to visceral fat loss, obesity - defined by WHO BMI criteria of >30
mg/m? - was a protective factor in my multivariate analysis (p<0.001). The
‘obesity paradox’ is the term given to describe the paradoxically protective
effect of obesity in chronic diseases and cancers and has been discussed in the
cachexia literature(458, 459), including in patients with lung cancer (392, 460). A
recent meta-analysis of more than 6.3 million patients with cancer concluded
that patients with obesity and lung and renal cancers and melanoma had
improved survival compared to patients without obesity(461). Higher BMI has
also been inversely associated with lung cancer development(462). However, the
crudity of body mass index body as a surrogate metric for adiposity has been
cited as a possible reason for this paradox. In the present study, obesity and loss
of visceral fat both remained independent predictors of OS in the multivariate
analysis suggesting that the distribution of fat mass is important. Moreover, fat
and muscle indices did not correlate in the present study, neither did age and
fat indices suggesting that obesity was not associated with higher skeletal
muscle mass or younger age as postulated by Lennon and colleagues in their

review article determining potential biases associated with BMI(458).

Smoking and concurrent metformin - a medication used in the management of
diabetes through activated 5" adenosine monophosphate-activated protein kinase
(AMPK) - have been postulated by Barbi and colleagues to be further confounders
contributing to the ‘obesity paradox’(390). Smoking status as a confounding
variable has been explored by other authors(463-465). The same authors
highlighted the importance of adipose tissue distribution - including visceral fat -
rather than BMI in determining obesity in patients with NSCLC. They reported
that higher VFI conferred a worse prognosis in their patient group(390). Blanc-
Durand and colleagues also reported the prognostic influence of adipose tissue
indices, reporting a higher VAT/SAT ratio being an independent predictor of both
progression free survival and OS in their population(466). | did not have smoking
status or medications available to include in my analyses to assess for potential

confounding.
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5.4.7 Treatment tolerance

In the present study, over one third of patients did not receive four cycles of
chemotherapy either due to toxicity, progression whilst on treatment or death. |
did not identify an association between pre-chemotherapy or response
assessment sarcopenia measured at T4 and number of treatment cycles
received. Chemotherapy has been shown to be causative of and contributory to
muscle mass loss in patients with lung(414), colorectal(440), breast(467),
gastric(468) and oesophageal cancers(469). Skeletal muscle mass correlates with
increased toxicity during treatment in locally advanced oesophageal cancer(470)
and gastric cancer(471). Pathophysiological mechanisms for his include
chemotherapy-induced protein catabolism(186) and anorexic changes(472) as

well as direct changes that chemotherapy exerts on skeletal muscle(473).

The patients in the present study received either carboplatin or cisplatin and
pemetrexed chemotherapies, with most patients receiving carboplatin rather
than cisplatin. Sjgblom and colleagues reported that patients with sarcopenia
have increased toxicities to these agents(400). The mechanism for this is
unclear, however may relate to the formulae used to dose chemotherapy.
Carboplatin is dosed according to the Wright formula which places emphasis on
an estimation of glomerular filtration rate (eGFR) rather than weight as it is
eliminated solely by the kidneys(474). The Wright formula is calculated as:
((6500 minus 38.8 multiplied by age) multiplied by BSA multiplied by (1 minus
0.168 multiplied by sex)) divided by creatinine(474). Patients with sarcopenia
will lose muscle, leading to a decrease in serum creatinine with the potential for
eGFR overestimation(475), and theoretically, increased toxicities as a result of

this (serum creatinine is the denominator in the Wright formula).

| did not identify associations between fat indices and treatment tolerance.
There were limited data available relating to chemotherapy treatment toxicities
resulting in only a small number of patients included in this analysis. The short
follow-up time also precluded progression free survival analyses. It is also

important to acknowledge that most patients in the present study were PS 0 and
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1, representing a fit cohort. Patients who are borderline PS 1 and those who are

PS 2 are most likely to have a reduced tolerance to treatment.

Although not statistically significant, less patients in the fat losing (52.9%) than
non-losing groups (75.3%) did not complete the planned 4 cycles of
chemotherapy. The reason for this is unclear and must be considered in the
context of a small sample size with the potential for type Il error. Altered
adipose distribution in the context of systemic anti-cancer therapies (SACT) is
important as most SACT doses are calculated using body surface area (BSA),
including cisplatin and pemetrexed in patients with MPM. BSA for chemotherapy
dosing is most commonly calculated using the Du Bois formula as: weight
(kg)]°-4% multiplied by height (cm)*®-72> multiplied by 0.007184(476). Based on
this, patients who are obese will have a higher BSA than non-obese patients.
Interestingly, an analysis of 25 different BSA formulae by Redlarski and
colleagues demonstrated marked variation in BSA estimates, with up to 0.5 m?
differences reported depending on the formulae used(477). Practising
oncologists often dose chemotherapy according to ideal body weight rather than
actual body weight, with a BSA limit set to 2.0 m?(478). However, a recent
update from the American Society of Clinical Oncologists (ASCO) recommended
that chemotherapy should be dosed according to actual body weight in patients
with obesity(479). However, dosing to actual body weight can result in doses
being 15% to 30% greater compared to dosing according to ideal body
weight(480).

A further consideration in the present study is whether patients who were obese
received higher doses of chemotherapy. | did not have the doses of
chemotherapy available at the time of my analyses to answer this question. It is
an important consideration as changes in body composition have the potential to
alter the pharmacokinetics of chemotherapy, including the volume of
distribution and metabolism, which could result in sub-therapeutic dosing(481)
or even toxicities(478). Patients with excess adipose tissue have a reduced
water:muscle proportions(482). Carboplatin and pemetrexed are hydrophilic
chemotherapies(483, 484) and distribute poorly in adipose tissue(485). As

highlighted earlier, carboplatin is eliminated exclusively by the kidneys with
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some studies suggesting that obese patients have higher creatinine
clearance(485). Cisplatin elimination has been shown to be higher in patients
with obesity compared to non-obese patients(486). Hall and colleagues
highlighted the call by some authors to offer increased doses of carboplatin and

cisplatin in patients with obesity(487).

In breast(488) and other solid organ malignancies including lung and colorectal
cancers(489), obese patients have been demonstrated to have better tolerance
to chemotherapy. This relates to the ‘obesity paradox’ discussed in Section
5.4.6. of this discussion. Increased energy reserves(490) and distribution of
fat(491) have been reported as possible reasons for improved tolerance to
chemotherapy. It is unclear whether this tolerance to chemotherapy translates
into improved OS in obese patients. A press release from the European Society of
Medical Oncologists (ESMO) suggested that patients who are obese receiving
chemotherapy for colorectal cancer may have poorer OS due to chemotherapy
dose-reductions(492). A study by Martini and colleagues concluded that although
patients with prostate cancer who received higher doses of docetaxel
chemotherapy due to BSA dosing, the increase OS observed was not related to
the higher doses received(493). Similar conclusions were drawn in obese patients
with breast cancer by Liu and colleagues in their response(494) to a study by
Karatas and colleagues who postulated that dose-capping at BSA 2.0 cm? may
have impacted on the lower survival trends observed in their study of obese

chemotherapy-treated breast cancer patients(495).

5.4.8 Response assessment

In this study, the overall partial response rate during chemotherapy was 29% in
patients with MPM which is similar to the response rate reported by the phase |
study of pemetrexed and carboplatin(496), but lower than the phase lll trial(3).
Studies have demonstrated relationships altered body composition and response
to treatment. Nattenmiller and colleagues reported that patients with NSCLC
received less chemotherapy cycles than those without sarcopenia(253).
Shiroyama and colleagues determined that patients without sarcopenia had a

higher overall response rate to programmed cell death protein 1 (PD-1) inhibitors
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in patients with NSCLC(430). Shachar and colleagues reported poorer response to
capecitabine in sarcopenic patients with breast cancer(497). Higher visceral fat

area is predictive of treatment response in patients with colorectal cancer(498).

In the present study, response to chemotherapy was not associated with a
decrease in T4SMI. This aligns with findings in previous studies, including
patients with gastric(471, 499), foregut(441) and bladder cancers(500). In
patients with mesothelioma, this could reflect the limitations of accurately
measuring response assessment using the mRECIST criteria which does not
evaluate the complexities of the tumour growth pattern and is associated with
poor reproducibility(81). More recent volumetric approaches are being
investigated, including human-defined and machine learning methods. These
may improve response assessment in this cohort and have been discussed in
detail in Chapter 4 of this thesis. | also assessed human volume-defined response
to treatment with T4SMI values. Although not statistically significant, | did
observe T4SMI percentage change trends of -7.240%, -3.438% and -0.975%
according to progressive disease, stable disease and partial response,
respectively. However, the total number of patients assessed was small (n=30). |
also did not find a statistically significant difference in fat indices and mRECIST-

defined response assessment classifications.

5.4.9 Systemic inflammation

Studies have demonstrated that low muscularity is related to systemic
inflammation, including in patients with lung(311), colorectal(501, 502) and
oesophageal cancers(503). The pathogenesis of MPM is highly influenced by the
systemic inflammatory response(504). In the present study, skeletal muscle
index percentage change at L3, T4 and ipsilateral T4 did not correlate with pre-
chemotherapy inflammatory indices. This could be due in part to missing data,
for example, in the T4 analyses, only 71/111 (64%) patients had complete C-
reactive protein (CRP) data. A small sub-study (n=47) was performed to examine
markers of systemic inflammation at pre-chemotherapy and response assessment
time points. | identified weakly negative correlations between ipsilateral T4SMI

and response assessment neutrophil:lymphocyte ratio (NLR). NLR is associated
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with poor outcomes in MPM. In their systematic review which included 33,432
patients, Templeton and colleagues concluded that the prognostic effect of NLR
was highest in MPM compared to other solid organ cancers (HR=2.35)(163).
Unsurprisingly, | also demonstrated that TFI and VFI percentage changes
negatively correlated with weight (r=-0.367 and r=-0.482, respectively) and BMI
(r=-0.413 and r=-0.435, respectively). Patients with MPM and low BMI have also
been shown to trend towards poorer 0OS(505). VFI percentage change also
positively correlated with pre-chemotherapy platelets (r=0.296). A meta-analysis
of 3602 patients concluded that pre-treatment thrombocytosis is an adverse
prognostic indicator in MPM(506). Moreover, thrombocytosis is positively
associated with elevated BMI and total fat mass percentage(507) and visceral
adipose tissue(508). Platelet-derived microparticles - released by activated
platelets - have been associated with excessive adipose tissue(509) and are

associated with malignancy(510).

5.4.10 Tumour volume

In the present study, L3SMI, T4SMI and ipsilateral T4SMI did not correlate with
tumour volume. There are little data exploring tumour volume in the context of
sarcopenia. Vohra and colleagues reported alterations in skeletal muscle
properties by increased tumour burden in their murine model of pancreatic
cancer(511). Other murine models examining tumour volume and skeletal muscle
indices have been published(512-514).

In the wider context of the cancer cachexia syndrome, a review examining the
advantage of introducing the measurement of tumour burden in the assessment
of cancer cachexia concluded that the extent of cachexia increases with tumour
burden(515). A study examining the extent of tumour, diet and patient-related
factors including appetite, metabolic hormones, immune activation, liver
function and quality of life were compared in patients with colorectal liver
metastases concluded that those patients who lost weight had a higher volume
of liver metastases(516). Interestingly, | demonstrated that tumour volume
negatively correlated with pre-chemotherapy lymphocytes and positively

correlated with pre-chemotherapy NLR, platelet:lymphocyte ratio (PLR) and
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CRP. MPM tumour volume is associated with elevated inflammatory markers,
including activin A(517) and complement component 4d (C4d)(518). The latter
study also found a positive correlation between C4d and CRP(518). Moreover,
neoangiogenesis - the proliferation of blood vessels in tumour growth -
correlates with NLR(167).

5.4.11 Potential clinical implications

| have demonstrated that sarcopenia measured at the fourth thoracic vertebra is
an independent predictor of poorer OS. It has the potential to be an additional
prognostic radiological biomarker in patients with MPM receiving systemic anti-
cancer therapy. Sarcopenia has been traditionally measured at the third lumbar
vertebra, however CT scans in patients with thoracic malignancies often do not
have third lumbar vertebral views as this level is included in abdominal image
sequences. The inherent advantage of the fourth thoracic vertebra is that it will
be included in pre-chemotherapy images and subsequent interval scans in
patients with thoracic malignancy. The use of the T4 as a surrogate for
sarcopenia could improve clinical decision-making, and ultimately outcomes, for
patients with thoracic malignancies such as MPM. A larger study is required to
validate these findings, especially given the sex- and BMI-specific thresholds that

exist for sarcopenia determination when measured at the third lumbar vertebra.

Another interesting finding from this study has been the apparent protective
effect of obesity. In the cachexia literature, this has been termed the ‘obesity
paradox’. | also demonstrated that the loss of visceral adipose tissue is
prognostic. The exact mechanism of this unclear. Adipose tissue is considered to
be an endocrine organ(519) and has a role in inflammatory pathways(520) with
suggestions that the pro-inflammatory effects of obesity can intensify the
immune response through T cell activation(521-523). With immunotherapy
becoming more commonplace in the treatment of solid organ cancers, including
the recent approval of nivolumab and ipilimumab as first-line treatment of
patients with MPM in Scotland, further investigation of the complex hormonal
and inflammatory interplay that exists between the tumour and host is

warranted.
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The identification of thoracic sarcopenia and visceral adipopenia prior to
treatment with systemic anti-cancer therapies may provide a window of
opportunity for intervention to reverse or even halt the sarcopenia and
adipopenia processes which are central to the cancer cachexia syndrome and
associated with treatment-related toxicities and poorer prognosis. Anti-cachexia
agents are already the subject of clinical trials in patients with thoracic
malignancies (NCT03743064, NCT04131426, NCT04803305), including MPM(225).

5.4.12 Study limitations and strengths

The main limitation of this study was its retrospective study design. Despite
having identifiable T4 on CT scans, 23 patients did not have available height
metrics for calculation of skeletal muscle index, and as such, they were not
included in the final analyses. Additionally, there was only a small sub-study of
patients who had inflammatory indices at the pre-chemotherapy and response
assessment time points (n=47). Moreover, | did not have weight, and
subsequently BMI, measurements available at the response assessment time
point. Interval changes in weight and BMI would have been useful in determining
whether changes in body composition impacted on these metrics that are
routinely monitored during chemotherapy. Response assessment skeletal and
adipose areas were indexed according to height squared that was measured prior
to chemotherapy as height was unlikely to change significantly over the interval

period examined.

A further limitation was the lack of data of chemotherapy doses at the time of
my analyses. This has been discussed in Section 2.4.7 of this discussion and
would have facilitated an assessment of whether tolerance to treatment and
survival between obese and non-obese and sarcopenic and non-sarcopenic

patients were influenced by the doses administered.

A third limitation is that | did not assess fat indices at the fourth thoracic
vertebra. Verhoek and colleagues assessed pre-cardial fat at T5(190). Jeffery
and colleagues have assessed the relationship between skeletal muscle loss and

adipose tissue changes using DEXA(257). Other studies have measured thoracic
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adipose tissue volumes according to pericardial, intrathoracic and subcutaneous
thoracic adipose tissue(524, 525). Combined fat and muscle indices such as those
recently reported by Jeffery and colleagues may also shed further light on the

importance of adiposity on outcomes.

Another important limitation relates to the definition of sarcopenia which
includes skeletal muscle quantity as well as skeletal muscle strength and
physical performance(526, 527). One study by Yang and colleagues demonstrated
that the prognostic impact of skeletal muscle loss in patients with advanced
NSCLC was improved when handgrip strength and performance status were
included in their multivariable analysis(431). Treatments directed towards
reversing sarcopenia often include exercise programmes to strengthen muscle
and preserve function(528-530). The data for the present study was collected
retrospectively and did not include skeletal muscle strength. The most validated
method of muscle strength is grip strength and physical performance using gait
speed or short physical performance battery(526, 531). Moreover, | did not have
data relating to patients’ use of anti-inflammatory medications, physical
exercise regimes or access to nutritional support regimes which may have

impacted on muscle mass.

A further limitation relates to the lack of data on patient ethnicity. Studies
assessing sarcopenia in the thoracic malignancy literature are often confined to
one ethnic group, for example, European(247), Japanese(245, 246, 248, 250) and
South Korean populations(256). Muscle mass differs depending on patient
ethnicity(254, 532). Having these data would enhance the knowledge of

sarcopenia in different populations.

Although the sample sizes were modest (n=91 at the third lumbar vertebra and
n=111 at the fourth thoracic vertebra), they are similar to a previous study
assessing thoracic sarcopenia in patients with SCLC(311, 315). To my knowledge,
this is the first study to assess sarcopenia at the fourth thoracic vertebra in
patients with MPM, as well as the first study to assess ipsilateral sarcopenia in
any solid organ cancer. Patients were recruited across three different hospital

sites with different CT scanners used which improved generalisability. The
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method used to quantify skeletal muscle mass was performed using freely
available body composition software and had good-to-excellent intra- and inter-

observer reliability.

5.5 Conclusions

In this chapter, | demonstrated the negative impact of decreasing thoracic
skeletal muscle mass and visceral adipose tissue on treatment response and
survival in patients with MPM receiving chemotherapy. Patients losing thoracic
muscle had poorer overall survival during chemotherapy than patients who
maintained thoracic skeletal muscle. This association was further strengthened
when muscle losing groups were stratified according to tumour volume. | also
identified that lumbar vertebra-measured adipopenia was associated with poorer
OS and that pre-chemotherapy obesity may have exert a protective effect with

loss of adipose tissue during treatment conferring a worse prognosis.
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Chapter 6

CONCLUSIONS
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6 Chapter 6: Conclusions

Prognostication in patients with malignant pleural mesothelioma (MPM) is
difficult due to the heterogeneity of the disease. Our own research group have
suggested that routinely available clinical data are insufficient in determining
accurate prognosis in MPM with other candidate factors potentially at play,
including alterations in body composition(172). The visual evaluation of MPM for
the purposes of staging and monitoring response is fraught with difficulty due to
the complex and unique morphology of MPM. These imaging limitations have
hampered the limited accuracy of volumetric measurements which are
important in determining patients’ response to systemic anti-cancer therapies,
including chemotherapy and immunotherapy. The development of reliable and
reproducible tumour volumetric measurements would improve clinical decision-
making, including earlier cessation of toxic treatment as well as advancing
clinical trials. The challenges and limitations of a semi-automated approach to
tumour volume measurement were reported in Chapter 3 and provided the
impetus to develop a fully automated method of pleural tumour volumetry based
on pleural tumour volumes measured by a physician with expertise in MPM
(reported in Chapter 4). The novel artificial intelligence method reported
provides the basis for future studies to assess the role of automated tumour
volumetry on a larger scale. Body composition is another important prognostic
factor that has been poorly studied in MPM. In other solid organ cancers, body
composition metrics such as skeletal muscle loss and adipose tissue loss have
prognostic implications for patients. Importantly, the reversibility of these body
composition abnormalities is the subject of ongoing clinical research. Chapter 5
highlighted the importance of altered body composition in patients with MPM in
a multicentre setting and has enhanced our knowledge of altered body

composition in this disease.
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6.1 Limitations of semi-automated tumour segmentation in MPM

In Chapter 3, volumetric assessment of tumour burden in patients with MPM was
examined in a single centre observational study. | hypothesised that pleural
tumour volume could be achieved accurately and reliably by using a semi-
automated volumetric segmentation method on contrast-enhanced computed
tomography (CT) scans extrapolated from a previously published magnetic
resonance imaging (MRI) method(319). There were obvious segmentation errors
on subjective visual assessment of the final segmented volumes which included
under-segmentation of pleural tumour volume, i.e., incomplete inclusion of
pleural tumour, and over-segmentation of tumour volume, i.e., volumes which
included other thoracic soft tissue structures. Overlapping HU values between
different thoracic tissues accounted for the over-segmentation of tumour

volumes.

Despite multiple segmentation attempts and refinement of the semi-automated
technique, including increasing the number of axial CT slices delineated, and
after meeting with the Myrian Intrasense® engineers to seek a resolution to
these problems, accurate threshold-based region growing could not be achieved
and further semi-automated volumetry attempts using contrast-enhanced CT

scans were abandoned.

6.2 Development of automated tumour volumetry in MPM

An automated approach to volumetric tumour segmentation in patients with
MPM was described in Chapter 4. | hypothesised that accurate pleural tumour
segmentation could be achieved through a fully automated artificial intelligence
(Al) algorithm - specifically, a deep learning convolutional neural network (CNN)
- based on detailed human ground truth using contrast-enhanced CT scans. My
involvement in this multicentre study was as a clinician with expertise in pleural
anatomy. The research group also consisted of a Consultant Radiologist (Dr
Gordon Cowell) who provided the modified Response Evaluation Criteria in Solid
Tumours (MRECIST) measurements and disease stage metrics and two Al

scientists (Owen Anderson and Keith Goatman) who trained the deep learning
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CNN to segment pleural tumour based on my tumour volumes, also termed

ground truth.

Due to the failure to achieve my primary objective of developing an accurate
semi-automated volumetric segmentation technique in Chapter 3, time-
consuming manual delineation was required for the ground truth; as such, the
time-to-annotate pleural tumour far exceeded our initial estimates. Delays were
accommodated by adjusting the project timeline to make the development of
the algorithm and annotation of the training and validation data concurrent
processes, thus prioritising development which could be completed without
annotated data. A key action was the deliberate reduction in number of
annotated CT slices for a sub-section of 43 CT images to allow the completion of
more scans in the time allocated to the project. The training and internal
validation set sample size of 123 CT scans exceeded the original target of 90
scans. Despite the use of manually annotated ground truth, this study included
the largest number of scans included in the MPM volumetry literature (n=183

annotated CT images).

The success of the Al RECIST project was that the CNN reported is the first fully
automated algorithm for MPM tumour segmentation. The identification of
segmentation errors in 4/30 CT scans reflected important morphological features
of MPM suggesting the algorithm’s performance could be further improved by
enriching future training sets for these features. This work has directly informed
the design of Work Package 5 (WP5) in the Pre-malignant Drivers Combined with
Target-Drug Validation in Mesothelioma (PREDICT-Meso) study which | detail

further in the ‘Future work’ section of this chapter.

6.3 The prognostic significance of altered body composition in MPM

In Chapter 5 of this thesis, | hypothesised that sarcopenia and adipopenia
measured at the third lumbar vertebra (L3) and sarcopenia at the fourth thoracic
(T4) vertebra would be prognostically significant in patients with MPM receiving

chemotherapy.
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Sarcopenia at L3 was not associated with survival, but patients who lost visceral
adipose tissue between pre-chemotherapy and response assessment time points
had shorter OS. Skeletal muscle and adipose assessments at L3 were hampered
by the lack of abdominal views on pre-chemotherapy and response assessment
CT scans. Assessment of muscle mass at T4 yielded a higher sample size as MPM
is a thoracic malignancy with more readily available chest CT images. To my
knowledge, this is the first study that has demonstrated the detrimental impact
of losing thoracic skeletal muscle mass during chemotherapy for MPM. This is an
important finding as there is the potential to intervene at the pre-chemotherapy
juncture and attempt to reverse or halt the progression of skeletal muscle loss,
thus improving OS independent of chemotherapy tolerance. A larger study is
needed to negate the potential for type 1 error and to determine whether there
is a true link to reduced chemotherapy tolerance. This would subsequently
support an intervention study for patients due to receive chemotherapy. Also,
immunotherapy is now a first-line treatment in MPM and an unanswered question
in this study is whether patients on immunotherapy behave differently. Those
who are more inflamed might lose more skeletal muscle. In the present study,
patients had a higher NLR following chemotherapy. There is an unanswered
question as to whether immunotherapy-treated patients will have further to gain

from anti-sarcopenic interventions

Two important considerations are the lack of data relating to the optimal
thoracic level for determining sarcopenia and the lack of data available relating
to optimal sarcopenia cut-offs using the thoracic vertebrae. | elected to use T4
due to its inclusion in thoracic images and because it has been shown to be
prognostic in patients with other solid organ cancers(311-313). | defined
sarcopenia based on a priori threshold cut-offs based on the normality of the
distribution of the study sample in the absence of a gold-standard approach to
this and because it has been reported in studies examining the clinical

significance of sarcopenia at this vertebral level(312, 410, 411).
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6.4 Future work

The work described in this thesis will be further optimised and validated in a
larger study as part of the Pre-malignant Drivers Combined with Target-Drug
Validation in Mesothelioma (PREDICT-Meso) Network. This network aims to
define accurate response assessment classifications based on volumetric
measurements and encompasses study centres in the UK, Spain, Italy, Belgium,
Canada and Brazil. The data will be optimised using CT data from the National
Consortium of Intelligent Medical Imaging (NCIMI) network. A new Research
Fellow and new Al Scientist will be employed in Glasgow to move this work
forward with the plan to use 1000 pre-treatment and 1000 follow-up CT scans,
i.e., a total of 2000 scans. Cases will be selectively chosen to manually volume
to include those scans with features of over- and under-segmentation described
in Chapter 4 as well as sparsely annotating scans to increase the number of cases

to feed into the CNN architecture.

The manual segmentation method | developed in Chapter 4 has the potential to
facilitate the identification of future radiological biomarkers, including radiomic
features. Radiomics - broadly defined as the study of textural and other feature
imaging analyses(533) - is an expanding radiological research area. Studies have
assessed the prognostic importance of radiomic features in MPM, including
assessing shape and textural features using contrast-enhanced CT and MRI
imaging to help determine benign lesions from MPM(534) and the use of CT-
defined radiomic signatures to aid in early response assessment(535). Radiomics
has the advantage that can overcome statistical variances around a region of
interest of an image voxel(536). | have been involved in drafting a research
protocol with a Consultant Radiologist colleague (Dr Gordon Cowell) which aims
to define radiomic imaging features that determine response to treatment and
survival in patients with chemotherapy-treated MPM using the detailed

volumetric ground truth described in Chapter 4 of this thesis.

Prognostication in patients with MPM is important. In the age of precision
medicine, advances in imaging, staging and genomic sequencing have superseded

traditional metrics of survival prediction which have been based largely on
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routinely available clinical data(30, 34, 36). The clinical, inflammatory markers
and disease stage data used in this thesis will be included in the PRISM study
which is funded by the British Lung Foundation(322). In the PRISM study,
deoxyribonucleic acid (DNA) has been extracted from MPM tumour identified by
a Consultant Histopathologist on formalin-fixed paraffin embedded (FFPE)
samples obtained from chemotherapy-treated patients. Subsequent analysis of
somatic copy number variations (CNV) on the FFPE samples have been carried
out by the NHSGGC Molecular Pathology Department. Two independent
Consultant Radiologists have determined mRECIST classifications on pre-
chemotherapy and response assessment CT scans in the same patients.
Statistical analyses are ongoing at the time of writing this thesis. The aim of the
PRISM study is to define a genomic predictor-classifier of chemotherapy
resistance in MPM using these clinical, radiological and genomic data. The
chemoresistance predictors identified will be externally validated in two
independent patient cohorts supplied by Royal Papworth Hospital NHS

Foundation Trust and Wythenshawe Hospital.
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