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Abstract

Quantitative imaging biomarkers (QIB) offer the opportunity to further the evaluation of
cancer at presentation as well as predict response to anti-cancer therapies before and early
during treatment with the ultimate goal of truly personalised medical care and the
mitigation of futile, often detrimental, therapy. Few QIBs are successfully translated into
clinical practice and there is increasing recognition that rigorous methodologies and
standardisation of research pipelines and techniques are required to move a theoretically
useful biomarker into the clinic.

To this end, | have aimed to give an overview of what | believe to be some of key elements
within the research field beginning with the concept of imaging biomarkers, introducing
concepts in development and validation, before providing a summary of the current and
future utility of a range of quantitative MR imaging biomarkers techniques within the
oncological imaging field.

The original, prospective, research moves from the technical and analytical validation of a
novel QIB use (T1 mapping in cancer), first in vivo qualification of this biomarker in cancer
patient response assessment and prediction (sarcoma and breast cancer as well as prostate
cancer separately), and then moving on to application of more established QIBs in cancer
evaluation (R2*/BOLD imaging in head and neck cancer) as well as how existing MR data can
be post-processed to improved cancer evaluation (further metrics derived from diffusion
weighted imaging in head and neck cancer and textural analysis of existing clinical MR

images utility in prostate cancer detection).
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Within academia, the validation of a clinically feasible T1 mapping MR methodology which
can be performed within a reasonable time frame on a whole body basis together with
single centre qualification in a range of cancer cohorts lends an illustrative example of
biomarker development as well as a novel use for this biomarker in an oncological setting
which should be followed up in larger scale, multicentre collaborative studies to confirm
repeatability and reproducibility on other platforms and across different scanners and
institutions. Novel findings relating to cancerous lymph nodes in head and neck cancer
oxygenation are not previously described and require further work to confirm the
observation and if replicated its biophysical basis for potential exploitation in treatment
planning for these patients. Finally, work demonstrating improvements in prostate cancer
detection by application of textural analysis on existing MR datasets could feasibly be
applied directly to conventionally acquired MRI datasets without need for recall or
modification.

Outside of academia, | hope to see aspects of this body of work translating to clinical
practice both within the NHS and further afield. Whole body MR evaluation has been
adopted into NICE guidance for various cancer cohorts for both detection and response
evaluation but the added value of QIBs embedded within these studies requires more
rigorous standardisation and collaboration; | hope this work will contribute a small amount
to this process. The importance of non-academic radiologists and clinicians being aware of

this work and the public more generally should also facilitate this process.
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Chapter 1 - Literature Review

1.1 Imaging Biomarkers

The transformative effect of the growing understanding of the molecular bases of disease
has led to ever increasing genotypic and phenotypic molecular information on the
management of disease, varyingly referred to as ‘precision’ or ‘personalised” medicine [1].
Tailoring and monitoring therapy to an individual’s molecular signature of disease
necessitates measurement of a variety of anatomical, physiological, and biochemical
properties of the body- characteristics referred to as ‘biomarkers’. A biomarker is defined as
“a characteristic that is objectively measured and evaluated as an indicator of normal
biological processes, pathogenic processes, or a response to a therapeutic intervention” [2].
It is acknowledged however that the success of medical science and industry in the
twentieth century in delivering innovative discoveries to patients has recently given way to
a relative stagnation of advancement in the twenty-first century- occurring mainly as a
result of challenges in the translation of bench side basic science discoveries to bedside
diagnostics and therapeutics. [3]. This ‘pipeline’ problem is a result of the increasingly
challenging, inefficient and costly path of medical product development and has prompted
multiple government agencies, along with other public and private partners, to develop an

array of initiatives and consortia with the ostensible aim of tackling this problem.

In parallel, the importance of medical imaging for clinical decision making has been steadily
increasing over the last four decades. Medical imaging provides the ability to detect and
localise many changes that are important to determine whether a disease is present or
therapy is effective, by depicting alterations in anatomic, physiological, biochemical or
molecular processes [4]. With appropriate calibration, these imaging technologies can
provide quantitative information about some tissue properties from which the imaging
signal has been derived. Thus, such imaging methods also constitute biomarker
measurement processes and are conceptually similar to laboratory or physiological assays.
Clinical endpoints are vital in assessing those biomarkers predicting or monitoring the
clinical response to therapy and may be defined as “a characteristic or variable that reflects
how a patient feels, functions, or survives” [5]. Traditional clinical endpoints can be difficult
to standardise or quantify, mandate long term follow-up and incur great cost when applied

to clinical trials, particularly when a long-term endpoint (such as mortality) is used. A

~ 16 ~



surrogate endpoint is “a biomarker that is intended to substitute for a clinical endpoint. A
surrogate endpoint is expected to predict clinical benefit based on other scientific evidence”
[5], the identification and application of which are used to expedite the process of clinical

analysis.

The term quantitative imaging has been defined as “the extraction of quantifiable features
from medical images for the assessment of normal [findings] or the severity, degree of
change, or status of a disease, injury, or chronic condition relative to normal [findings]” [6].
By combining these two concepts, a quantitative imaging biomarker (QIB) can be defined as
an objectively measured characteristic derived from an in vivo image as an indicator of
normal biological processes, pathogenic processes, or response to a therapeutic
intervention. Potential gains from the growth of QIB include increased diagnostic accuracy,
decreased variability and subjectivity of image analysis, increased automation of data
reporting, more robust association of imaging findings with other biological and clinical
parameters, and the opportunity for large-scale attempts to link phenotypic imaging

patterns with genomic profiles.

1.2 Imaging Biomarker Development and Validation

For imaging biomarkers to play an important role in the future evolution of precision
medicine, both technical performance and clinical performance need to be evaluated
rigorously [1]. To determine the usefulness of QIB measurements, it is crucial that the
framework in which they are acquired is described in detail, including context of use,
acquisition parameters, and measurement methods. After that framework is described,
then the variability and error according to those settings can be quantified. Knowledge of
these factors will facilitate reliable comparison of measurements over time and across
imaging platforms. The Radiological Society of North America (RSNA) has organised the
Quantitative Imaging Biomarkers Alliance (QIBA) with the purpose of improving the value
and practicality of QIBs by reducing variability across devices, patients, and time [6]. The
QIBA Metrology Working Group has produced a useful common framework defining

relevant terminology [7-9] summarised in Table 1.
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Terms Definition

QlB A characteristic derived from one or more in vivo images and objectively
measured according to a ratio or interval scale as an indicator of normal
biological processes, pathogenic processes, or response to a therapeutic
intervention.

Measurand The quantity intended to be measured (VIM clause 2.3).

Analytical Demonstration of the accuracy, precision, and feasibility of biomarker

validation measurement.

Qualification

Demonstration that a biomarker is associated with a clinical endpoint

Utilization Assessment of biomarker performance in the specific context of its proposed
use.

Bias An estimate of a systematic measurement error (VIM clause 2.18).

Linearity The ability to provide measured quantity values that are directly proportional to
the value of the measurand in the experimental unit (ISO standard 18113).

Precision The closeness of agreement between measured quantity values obtained by
means of replicate measurements of the same or similar experimental units
with specified conditions (VIM clause 2.15). Repeatability and reproducibility are
types of precision.

Reference A value, generally accepted as having a suitably small measurement uncertainty,

Value to be used as a basis for comparison with values of quantities of the same kind

(e.g. the mean of a large number of replicate measurements) by using a

reference method (VIM clause 5.18).

Repeatability

The measurement precision with conditions that remain unchanged between

replicate measurements (repeatability conditions) (VIM clause 2.20).

Repeatability

Conditions

The set of conditions that includes the same measurement procedure, same
operators, same measuring system, same operating conditions, same physical

location, and replicate measurements of the same or similar experimental units
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over a short period of time.

Reproducibility

The measurement precision with conditions that vary between replicate

measurements (reproducibility conditions) (VIM clause 2.25).

Reproducibility

Conditions

The set of conditions that includes (a) different locations, operators, and
measuring systems and (b) replicate measurements of the same or similar

objects.

Truth or true

values

In metrology, truth is the real or actual value of a quantity associated with some
object. Because each physical measurement has some uncertainty in terms of
whether it agrees with the real quantity value, the true value cannot be known

with certainty.

NOTE: ISO = International Organization for Standardization, VIM = International Vocabulary

of Metrology.

Table 1.1 Terminology for Describing the Technical Performance of QIBs (adapted from [1]

and [20]).
1. Define the QIB and its
relationshipto the
measurand
6. Statistical analysis 2. Define the study
. claim or question
.Ste.ps n to be addressed inthe
Designing a QIB analysis
Technical
Performance
Study
5. Specify elements of 3. Define the
the statistical design experimental unit

and data

requirements

4. Define the technical
performance metrics to
be estimated- linearity
and precision
(repeatability)
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Figure 1-1 Steps in Designing a QIB Technical Performance Study (adapted from [1]).

More recently the European Society of Radiology (ESR) has issued a similar updated
‘Statement on the Validation of Imaging Biomarkers’ which also formalises the requirements
of technical performance studies (‘analytical’ validation). Both societies reinforce as vital the
demonstration that the detection and quantitative measurement of the QIB are accurate,
reproducible and feasible. General considerations for the design of studies assessing the
technical performance of a single QIB are outlined in Figure 1. This process includes
generating data on limits of detection, limits of quantification, and reference normal values
[11]. It also includes assessing both repeatability and reproducibility [2], with both specified
by appropriate statistical parameters including the kappa (or weighted kappa), the intra-
class correlation coefficient, co-efficient of variation (or standard deviation when mean is
close to zero) or the confidence interval of the mean. Evaluations of technical performance
and measurement error provide the foundation for establishing whether biomarkers should
be reported as continuous variables or categorical and may also provide data to inform

selection of rational cut-off values.

Clinical validation (‘qualification’) requires demonstration that the QIB is closely coupled or
linked to the presence of the target disease or condition. This critical step in biomarker
evaluation provides the basis for biomarker adoption in clinical and research applications, as
well as for consideration of biomarker data by regulatory authorities as evidence of drug
and device efficacy [12]. For a prognostic biomarker (intended to forecast disease course in
the absence of treatment) a correspondence must be shown between the biomarker and
the outcome of interest. For a predictive biomarker (intended to forecast disease course in
the presence of a specific treatment) the statistical challenges are greater [13, 14]. The most
stringent predictive validation is required when a QIB is being assessed for use as a
surrogate endpoint. Weir and Walley have stated the challenge in validating a biomarker as
a surrogate endpoint: “It is insufficient in the validation of a biomarker as a surrogate
endpoint to show that it correlates well with the clinical endpoint ... What is required is that
effect of treatment on the biomarker correlates well with treatment effect on the final
endpoint, so that a valid surrogate endpoint allows correct inference to be drawn regarding
the effect of an intervention on the true clinical endpoint of interest” [15]. Only a small

subset of biomarkers ever meets criteria for surrogacy. The World Health Organization
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(WHO) [16] and Response Evaluation Criteria in Solid Tumors (RECIST) criteria [17] are the
only quantitative imaging biomarkers currently accepted as surrogate endpoints in phase |l
trials of chemotherapy or radiotherapy of solid tumors. There is therefore requirement for a
pragmatic approach to biomarker qualification based not only on statistics but also

incorporating elements of biological plausibility and practical usefulness [18].

Finally, ‘utilization’ analysis involves the assessment of biomarker performance in the
specific context of its proposed use and assesses whether the available evidence from
validation and qualification provides sufficient support for the intended use of the
biomarker [19]. Challenges for academic radiology in QIB research include prioritising and
focusing among a wide set of important objectives, avoiding redundant efforts within a
broad array of stakeholders, and maintaining objectivity with respect to basic tenets of

standardisation and quality assurance while pursuing high-level technology evaluation [20].
1.3 Magnetic Resonance Imaging Biomarkers in Oncology

1.3.1 Technical Advances:

In parallel with other imaging modalities, ongoing technical advances have enabled
magnetic resonance imaging (MRI) to produce exquisite three-dimensional images
noninvasively, with high spatial resolution and soft tissue contrast within acceptable clinical
time constraints. Stepwise improvements in the magnetic field strengths of clinical MRI
platforms have occurred- from <1.0T to 1.0T, 1.0T to 1.5T, and most recently from 1.5T to
3.0T. The main theoretical advantage is superiority in signal-to-noise ratio (SNR) which
increases linearly with respect to field strength [21]. Improvements in SNR can potentially
be traded for reduced scan time, improved image resolution and/or greater anatomical
coverage. Higher field strengths scanners do suffer from several disadvantages due to
concomitant magnetic field inhomogeneities and dielectric effects [22] leading to increased
motion related image artefact [23]; greater chemical shift artefact [22]; and higher specific
absorption rate (SAR) [24]. Overall, a SNR gain of 1.6 to 1.8 times on average can be

expected when transitioning from 1.5T to 3.0T imaging [25, 26].

Improving coil technology has also had a major impact on image SNR [27]. In general, the
smaller the RF coil diameter the higher the SNR achieved by the coil. SNR advantages of a

surface coil can be combined with extended spatial coverage by using an array of coils,
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based on the concept of the phased-array proposed by Roemer and colleagues [28]. The
current generation of MRI scanners exploits this principle to use up to 128 channels further

enhanced by use of channel independent coil architecture [29].

Magnetic field gradients are required to spatially localise MRI signals. Higher amplitude and
faster switching gradient technology has improved image quality and reduced scanning time
[30]. Faster gradients also enable specific pulse sequences such as interleaved spiral
imaging, echo planar imaging (EPI) and segmented k-space imaging, which are employed in
protocols requiring large field of view coverage within reasonable scan times; body diffusion

weighted imaging has predominantly been enabled by EPI acquisition techniques [31].

Parallel imaging further reduces scan duration by using the sensitivity of phased-array coils
to facilitate spatial localization, allowing images to be generated using a smaller number of
phase encoding steps [32, 33]. This method obviates a fundamental restriction of Fourier
imaging (the main contributor to scanning time) whereby only one point at a time can be
sampled in k-space [34]. Frequency domain reconstruction techniques such as generalized
auto-calibrating partially parallel acquisitions (GRAPPA) and image domain sensitivity
encoding (SENSE) are examples of the algorithms being used in parallel imaging on clinical
MRI scanners [35, 36]. Whilst these advances have led to faster acquisition of more detailed
anatomic images, there is evidence that the robustness of quantitative metrics may be
detrimentally affected by an increasing lack of standardisation of imaging parameters, pulse
sequences and proprietary post-processing of images across different imaging platforms and

manufacturers.

1.3.2 Evaluation of Tumour Size:

When evaluating tumours and more particularly response of tumours to anticancer
treatment, a reliable and standardised methodology is essential, both in clinical research
and standard clinical care. Therefore, more than 40 years ago, the WHO criteria for tumour
evaluation were developed, based on tumour mass assessment on CT or MRI [16].
According to these criteria, the size of the tumour was assessed by two perpendicular
diameters. A complete response (CR) was defined as total absence of disease, partial
response (PR) as a reduction of at least 50% of the product of these two diameters,

progressive disease (PD) as an increase of 25% and stable disease as every response
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between PR and PD. In 2000, new ‘RECIST’ evaluation criteria were developed, to make
tumour evaluation easier [17]. RECIST is based on the sum of one-dimensional
measurements of the greatest diameter of the tumour and/ or metastases. CR is defined by
the complete absence of disease; PR is defined as more than 30% decrease of the sum of
these largest diameters, PD as an increase of more than 20% of the sum of the largest
diameters and stable disease as all other outcomes. Several validation studies have been
performed for the classic cytotoxic tumour treatments [37-40]. RECIST 1.1 [17] responded to
several limitations of the original system, perhaps significantly including metabolic

assessment of tumours with FDG-PET-CT.

The main challenge for size based assessment is whether these criteria are sufficient for the
evaluation of response to many targeted therapies. The effects of the new therapeutic
modalities, such as angiogenesis inhibitors and anti-vascular therapies, are more complex.
Necrosis and cavitation without a change in size are frequently observed. Thus, the effect of
targeted therapy is often underestimated by using size based RECIST evaluation. For
example, single-agent treatment with sorafenib [41] and bevacizumab [42] in metastatic
renal cell cancer failed to achieve significant objective response rates according to the

RECIST criteria, but did result in a significant increase in progression-free survival (PFS).

In addition, all size-based measurements can be subject to inter-observer error.
Furthermore, the optimum measurement technique, necessary magnitude of size change,
and appropriate response evaluation criteria are subject to debate. Current criteria require
around 65% reduction in total tumour volume for partial response and 40-73% increase in
volume for progressive disease (calculated from one-dimensional and two-dimensional
measurements). The magnitude of these changes is greater than the 95% confidence
intervals (Cl) for repeatability on modern scanners, which are about 20% or less by volume
(i.e. less than 10% change in one dimension) [43]. Therefore, investigators have questioned
whether current criteria for partial response and progressive disease should be less
stringent to detect small, but significant, changes in tumour size. An alternative approach in
early-phase and late-phase clinical trials is utilising change in size as a continuous variable

[44] and reducing the sample size needed in phase Il trials.
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1.3.3 Cellularity and Diffusion Weighted Imaging (DWI):

Rationale:

Increased and unregulated rates of cell proliferation are a hallmark of aggressive tumours.
DWI is sensitive to the microscopic motion of water molecules, and allows for non-invasive
characterisation of biological tissues on the basis of their water-diffusion properties [45, 46].
In its simplest form, DWI sequences incorporate two additional intense magnetic-field
gradients symmetrically placed either side of a 180° RF pulse within a spin-echo imaging
sequence. These additional gradients allow for the measurement of the microscopic motion
of water molecules, with the resultant intensity of the diffusion weighted imaging signal
dependent on their translational mobility within the direction of the applied gradient. The b
value, expressed in s/mm?, indicates the degree of diffusion weighting. The acquisition of
images at multiple b-values allows for calculation of the apparent diffusion coefficient (ADC)
in mm?/s, usually presented as a quantitative parametric map on which a region of interest
(ROI) can be drawn. From numerous studies, including work in packed cells [47], it is
apparent that measurements using ADC values vary inversely with cell density, thus DWI has
been used to infer tumor cellularity [48, 49]. Theoretically, ADC is an attractive marker of
response because it should be a reproducible physical constant, independent of magnetic
field, scanner, and operator; obviates the need for contrast medium; and is relatively time
efficient. There are limitations however regarding reproducibility of ADC at higher field
strengths and region of interest (ROI) placement on ADC maps (as a result of poor resolution
and resulting partial volume effects) and artefacts resulting from use of fast readout

schemes (e.g. echo planar imaging).

Oncological Imaging:

DWI has been used quantitatively to characterise soft tissue masses to determine
malignancy. In one study, ADC values of chronic expanding haematomas were found to be
significantly higher than malignant soft tissue tumors, providing a good discriminating
feature between benign and malignant soft tissue tumors [50]. Further studies have
examined the use of ADC values in discriminating malignant and benign lesions in a variety

of tumour settings- for example breast [51], hepatic [52] and head and neck lesions [53].

However it is in the assessment of response to therapy that DWI has shown exponential

growth in terms of publications. Early responses to various interventions have correlated
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with increasing ADC values in many studies. Preclinical studies suggest the observed
increase in ADC values following therapy appears to be a generalized phenomenon and can
stem from a number of cell death mechanisms including apoptosis [54], lytic necrosis,
autophagy, and/or mitotic catastrophe [55]. Representative clinical reports illustrating
increased ADC in correlation with ultimate tumor response following early intervention
include studies involving human brain tumors [56], brain tumor animal models [57],
prostate metastases to bone [58], human breast tumors [59], mouse models of breast
cancer [60, 61], primary rectal tumors [62], colorectal cancer hepatic metastasis [63, 64] and
mouse models of colorectal cancer [65]. The majority of these studies have been performed

in combination with either cytoxic drugs and/or radiation.

Prediction of tumour response even before the onset of therapy would have considerable
clinical benefit and several studies have shown the potential of DWI to prospectively predict
the outcome of therapy in different tumours. Studies involving histological analysis have
shown that pre-therapy ADC values are generally low in solid or cellular tumours compared
with necrotic or cystic tumours. Higher pre-treatment ADC values generally tend to
correlate with poorer response to therapy and prognosis [62—64]. For example, in a recent
study characterizing hepatic metastases with DWI, 38 responding and 49 non-responding
lesions were evaluated in patients with confirmed metastases originating from
gastrointestinal cancers [64]. In these patients, the mean pre-therapy ADC for non-

responding lesions was found to be significantly higher than that of non-responding lesions.

1.3.4 Vascularity and Dynamic Contrast Enhanced (DCE) MRI:

Rationale:

When a malignant tumour reaches approximately 1 mm3 in volume, it can no longer rely on
the passive diffusion of metabolites from tissue blood vessels to continue to proliferate. In
such circumstances, tumours release various proteins which migrate to existing vasculature
and cause vessels to change. Paramount among these proteins are vascular endothelial-
derived growth factors (VEGFs), which cause the endothelial cells that form existing vessels
to grow, proliferate and migrate up the VEGF concentration gradient [66]. Tumour vessels
produced by this angiogenesis are characteristically leaky, fragile and incompletely formed.

These differences may be exploited in order to characterize the neovasculature and,
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indirectly, the state of the tumour. DCE involves the serial acquisition of MR images of a
tissue or tumour of interest before, during and after an intravenous injection of a
paramagnetic contrast agent, which alters the MR signals from tissues by reducing the
inherent nuclear magnetic resonance (NMR) relaxation time (T1; the time of recovery of the
tissue's longitudinal magnetisation back towards equilibrium). Analysis of DCE images allows
the generation of signal intensity versus time graphs, measurement of maximum
enhancement, peak enhancement, and rate of peak enhancement, as well as enhancement
gradient or signal enhancement ratio. This time course can also be analysed with an
appropriate mathematical pharmacokinetic model allowing physiological parameters to be
extracted that relate to, tissue perfusion, microvascular vessel wall permeability and
extracellular volume fraction- including the volume transfer constant, Kirans, and the rate
transfer constant, ke [67]. Much recent work has focused on use of the parameter Kirans,
which represents the product of the permeability and the vascular epithelial surface area
from which the agent leaks into tissue. Although effort has been made to standardise
terminology [68], the exact biological basis and numerical value of every variable differs for
a given combination of blood flow/vascular permeability surface area and applied tracer
kinetic model. Therefore, unlike standardised plasma or histology biomarkers, in practice
Kirans refers to a family of related but different biomarkers depending on its precise
generation and should be considered when applying DCE to multicentre phase Il or phase Il

trials.

Oncological Imaging:

Some cancers demonstrate typical enhancement kinetics which can be used to distinguish
malignant masses from benign lesions or normal tissue, which enhance and washout slowly
[69]. Thus, malignant lesions tend to have high rate constants or transfer constants of
exchange reflected as bright colours on parametric images, whereas benign or normal
tissues show minimal or no change in colour. For example, DCE can be used to help
distinguish tumours from benign processes in breast cancer [70-73]. Knopp et al [74]
reported a correlation between vascular permeability as measured by DCE and staining of
breast tumors for VEGF. Additionally, DCE MRI has demonstrated some utility prostate

tumour localization and staging additive to T2 weighted images [75, 76].
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DCE has been investigated in various studies as an early indicator of tumour response to
therapy in cancers of the breast, cervix, bowel, liver, lung, and head and neck [77-81].
However, it is difficult to compare these findings due to differences in techniques and the
population studied. Similarly, these studies used diverse endpoints to correlate with DCE
parameters, such as known prognostic factors like histological grade and lymph-node
involvement, or eventual survival characteristics. The timing of DCE in these studies is also

variable, with parameters measured before, during, and at the end of therapy.

Several studies have assessed the predictive role of pre-therapy DCE parameters, such as
relative signal intensity or peak enhancement [79], while some have reported that changes
in enhancement and signal intensity in the very early stages of therapy have been shown to
be associated with improved local tumour control [83]. George and colleagues [79] used
DCE to quantify tumour permeability (as ktrans) in rectal tumours and showed that patients
with a higher pre-treatment permeability responded better to chemoradiotherapy than
those with a lower permeability. Emerging evidence indicates that multiparametric analysis
of DCE-MRI data offers greater insight into the mechanism of drug action than studies

measuring a single parameter, such as Ktrans [80].

Post-therapy DCE might also be helpful in detecting residual disease, and for predicting early
recurrence and identifying those who might benefit from salvage treatment. This predictive
value of DCE MRI measurements after the completion of therapy has been described in
several studies [81, 82]. At the end of a treatment regimen, high enhancement values might
be attributed to the presence of persistent tumour, and are associated with increased risk of
recurrence and poor survival. DCE currently remains a promising biomarker for assessing

tumour angiogenesis and the effect of anti-angiogenic therapy [84].
1.3.4 Biochemical Composition and Magnetic Resonance Spectroscopy (MRS):

Rationale:

MRS is able to provide chemical information about tissue metabolites. Whereas
conventional MRI illustrates gross anatomy by exciting the 'H nuclei attached to tissue
water; MRS resolves *H bound to different metabolites through differences in their electron
shielding causing a spread of resonant frequencies. A number of nuclei can be assessed, but

'H is most commonly used, followed by phosphorus (*'P). Results are displayed on a
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spectrum, which shows a series of peaks corresponding to different metabolites known to
have specific chemical shifts. A signal voxel can be defined from which spectroscopic
information can be gathered. Alternatively more complex imaging can provide spectroscopic

information at multiple voxels (e.g. chemical shift imaging).

Oncological Imaging:

Increased levels of choline (considered a marker for cell proliferation) in association with
decreased levels of creatine (considered a marker for energetic processes) and decreased
levels of N-acetyl aspartate (considered a neuronal marker) have been found in the
evaluation of brain neoplasms. In combination, it is possible to differentiate, for example,
low-grade from high-grade gliomas [85, 86]. In the evaluation of breast lesions, there is an
association with choline peak which may be detected in malignant lesions whilst choline
levels are low or negligible in benign lesions or in healthy breast tissues. Prostate MRS
obtains metabolic data based on the relative concentration of endogenous metabolites such
as choline, creatine and citrate. The absolute values of citrate, creatine and choline levels
contribute in the identification of areas suspicious for malignancy and the choline-
creatine/citrate ratio correlates with the Gleason score allowing for a non-invasive selection

of areas for prostate biopsy and evaluation of the tumour grade [87].

Whilst most MRS studies have focused on tumour diagnosis, several reports have
highlighted its potential role in assessing response to therapy, including both preclinical [88]
and clinical studies [89-91]. For example, Manton and colleagues [89] used MRS to predict
response in 34 women receiving neoadjuvant chemotherapy for breast cancer. Imaging was
done before the start of treatment and then again after two cycles of therapy. Early changes
in the water:fat peak ratios after just two cycles of chemotherapy accurately predicted final

tumour volume response in 69% of women whilst maintaining 100% specificity and PPV.

1.3.5 Hypoxia and T2*/Blood Oxygen Level Dependent (BOLD) MRI:

Rationale:

Hypoxia results in changes in patterns of gene expression that alter the malignant potential
of tumours by leading to more aggressive survival traits. As a result, hypoxic cancers are
difficult to treat with radiation [92] or cytotoxic chemotherapy. The presence of hypoxia

within human tumours before starting treatment has been observed in a variety of tumour
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types including squamous cell carcinomas, gliomas, adenocarcinomas (breast & pancreas)
and in sarcomas. Hypoxia-mediated aggressive behaviour of cancer cells and their resistance
to therapy is orchestrated by the heterodimeric transcription factor, hypoxia inducible
factor-1 alpha (HIF-1a), via a number of molecular events required for the adaptation of
tumour cells to hypoxia [93]. Imaging may be a good way of non-invasively selecting cancer
patients who would benefit from treatments that overcome, circumvent or take advantage

of the presence of hypoxia.

BOLD (or intrinsic susceptibility-weighted) MRI relies on the paramagnetic property of
deoxyhaemoglobin, which creates susceptibility variations in the magnetic field (or
microscopic field gradients), which in turn increase the transverse relaxation rate R2*
(1/T2*) of water in blood and the tissue surrounding blood vessels. An increase in the
deoxyhaemoglobin concentration (that is, hypoxia) leads to a decrease in the signal intensity
on the T2* image and a faster R2* [94]. Deoxyhaemoglobin therefore acts as an intrinsic
BOLD contrast agent for imaging tissue hypoxia. Specific gradient-recalled echo (GRE)
sequences are required to detect changes in R2*. The major drawback of the BOLD-based
approach is that T2* is also effected by many other parameters, including macroscopic BO
field inhomogeneities, the transverse relaxation parameter T2, water diffusion, and the
characteristics of the blood vessel network. By observing the spatial and temporal variations
of the MR signal in response to an external stimulus, these static artefacts (field
inhomogeneity and T2 variation) are minimized. Therefore, variations in R2* have been
evaluated in tumour models using inhaled carbogen (95% O: 5% CO;) to intensify the
otherwise small changes in signal intensity: the CO; induces vasodilation and the O; tension
is high with 95% 02 so that subtracted images with and without carbogen reveal regions of
hypoxia where signal change is greatest [95]. Unfortunately, the hyperventilation induced
by breathing carbogen in humans is poorly tolerated so reliance has been largely on R2*

measurements whilst breathing air and/or 100% oxygen.

Oncological Imaging:

A study in breast cancer patients has shown R2* values to be significantly lower in tumour
than normal breast parenchyma prior to the commencement of chemotherapy [96],
suggesting that breast tumours are less hypoxic than normal breast tissue, possibly because

of their high vascularity. This contrasts with other published data in prostate cancer [97],
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where R2* is increased, indicating increased hypoxia in these tumours. The increased R2* in
normal breast tissue has also been related to the fibro-collagenous ligaments of Cooper,
which maintain normal breast structural integrity and contribute to higher R2* values. In
responders following treatment, the R2* value has been shown to increase, likely as a result
of decreased blood flow; however, in this one published study this parameter was not as
useful when compared with other DCE-MRI parameters or even morphological parameters

such as tumour size in indicating response [96].

1.3.6 Biophysical properties and T1 Relaxation Mapping MRI:

Rationale:

The T1 relaxation time, also known as the spin-lattice relaxation time, is a measure of how
quickly the net magnetisation vector (NMV) recovers to its ground state in the direction of
the static magnetic field (BO). The return of excited nuclei from the high energy state to the
low energy or ground state is associated with loss of energy to the surrounding nuclei.
Nuclear magnetic resonance was originally used to examine solids in the form of lattices,
hence the name "spin-lattice" relaxation. At a time equal to the T1 value of a tissue, the
signal will recover to 63% of its initial value after the RF pulse has been applied. T1
relaxation is fastest when the motion of the nucleus (rotations and translations or "tumbling
rate") matches that of the Larmor frequency. As a result, T1 relaxation is dependent on the

main magnetic field strength that specifies the Larmor frequency.

Quantitation of T1 may be used to characterise normal and pathological tissue and there is
increasing interest in its use in producing robust DCE parameters. In vivo T1 quantitation
presents several difficulties (most notably respiratory artefact and field of view
requirement). Several techniques have been explored; the most commonly used being
inversion recovery (IR; which remains the reference standard method), multiple flip angle
(MFA), and Look-Locker (LL) techniques. While there are many techniques for T1 mapping
[98], there is also a large variation of reported T1 values for the same tissues and field
strengths, making it difficult to standardize protocols largely due to incomplete spoiling and
inaccuracy in the RF field estimation. In the most comprehensive recent review of T1
estimation methods, it was recommended that sites perform validation in vivo; calibrating

their T1 maps with the IR reference technique [99].
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Oncological Imaging:

The demonstration that tumour T1 values were higher than benign tissue predates the
advent of clinical MRI scanners when Damadian first reported alteration of T1 relaxation
times in cancerous tumors in 1971 using nuclear magnetic resonance relaxometry (NMR)
[100]. In the early 1980s, vast amounts of experimental quantitative NMR measurements of
biological tissues (animal and human, normal and diseased) were published [101-103].
Extrapolating to MR imaging this "NMR-relaxometry-disease-signature" concept was logical
and intellectually appealing. Indeed, many seminal papers on quantitative MRI pulse
sequence design and theory were published only a few years after the advent of clinical MR
imaging. However, the challenges of accurate in vivo T1 estimation in a clinically feasible

time frame were (and remain) problematic.

More recently, animal tumour models and in vivo human studies using a variety of methods
show that the T1 of tumours was greater than in normal tissue and was considered to
reflect predominantly the extracellular space [104-106], with a larger interstitial
compartment giving a longer (higher) T1. Conversely in treated tumours, a low tumour T1
has been correlated to increased necrosis [105], low water content, high levels of soluble
protein [104], and low proliferation. However, in four different quantitative T1 studies, only
decreases were detected in response to successful therapy with radiation or cytotoxics
[107-110]. McSheehy et al (2009) recently used animal tumour models to show five
anticancer drugs (with different mechanisms of action) caused a rapid decrease in T1 that
often preceded and was strongly correlated with the change in tumour size suggesting that
a fractional change in T1 (AT1) was a useful generic early-response marker. Furthermore,
AT1 did not occur in tumours resistant to that drug, and AT1 was positively correlated with
proliferation markers (Ki67 and choline), suggesting utility as a generic marker of early

response [110].
1.3.7 Tissue heterogeneity and Post-processing/Textural Analysis MRI:

Rationale:

Tumours are heterogeneous both on genetic and histopathological levels with intratumoral
spatial variation in the cellularity, angiogenesis, extravascular extracellular matrix, and areas
of necrosis. Tumours with high intratumoral heterogeneity have been shown to have poorer

prognosis, which could be secondary to intrinsic aggressive biology or treatment resistance
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[112, 113]. A non-invasive method of assessing the heterogeneity within a tumour therefore
might be of clinical benefit. Texture analysis refers to a variety of mathematical methods
that can be used to evaluate the grey-level intensity and position of the pixels within an
image to derive so-called ‘texture features’ that provide a measure of intralesional
heterogeneity [113]. Different methods have been applied, including statistical-, model-,
and transform-based methods [114-116]. Statistical-based techniques have been most
commonly applied and describe the distribution and relationships of grey level values in the
image. Three orders of parameters are described in statistical-based texture analysis. First-
order statistics relate to grey-level frequency distribution within the region of interest,
which can be obtained from the histogram of pixel intensities. There has been exponential
growth of studies examining the use of quantitative parameters derived from medical
images into the field of radiomics; although many of the concepts of image feature
extraction have been around for decades, research output in the field has grown

exponentially, with over 1500 publications in 2020 containing the term radiomics [117].

Oncological Imaging:

Textural analysis of MR images remains an area of active research with several theoretical
advantages- most importantly the possibility of gaining additional quantitative information
from clinically acquired images without the need for prior standardisation. Recent studies
have used MR textural analysis for lesion detection, classification, treatment response-
evaluation and prediction for example in breast, brain, and rectal cancer [118-120]. For
example, Eliat et al [118] found that texture features of DCE MRI may distinguish
glioblastoma multiforme from malignant glioneuronal tumors. More recently, De Cecco et al
[120] showed texture parameters derived from T2 weighted images of rectal cancer have
the potential to act as imaging biomarkers of tumoral response to neoadjuvant

chemoradiation.

1.4 Conclusions

Researchers and clinicians from across the biomedical spectrum are increasingly demanding
QIBs for incorporation into algorithmic decision making. The imaging community is
responding by developing QIBs in numerous modalities across a broad set of functional
areas. MRI based QIBs are particularly attractive due to numerous methods for obtaining

guantitative data though current development is hampered by a lack of stringent validation
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and widespread consensus and standardisation compounded by lack of training among
radiologists in advanced clinical research techniques. QIB development requires painstaking
evaluation with sequential attention to analytical validation, qualification, and utilization of
novel techniques and metrics. This has been acknowledged by funding bodies and Figure 2
shows an updated imaging biomarker ‘roadmap’ developed by Cancer Research UK and

endorsed by EORTC [80].
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SECTION B: DEVELOPMENT OF NOVEL
WHOLE-BODY MRI T1 AS A BIOMARKER
FOR TUMOUR RESPONSE ASSESSMENT
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Chapter 2 Technical/Analytical Validation of a Novel Quantitative MR
Biomarker in Tumour Response Assessment and Prediction as part of
whole body MRI assessment (T1 mapping)

CONTRIBUTION:
Primary author responsible for conception, data acquisition/analysis, drafting, revision, final
approval and accuracy/integrity.

2.1 INTRODUCTION

2.1.1 Context
In 1971, Damadian observed a distinct difference in relaxation properties between normal

and cancerous tissues with pulsed magnetic resonance [1]. During the early evolution from
‘nuclear magnetic resonance (NMR)’ to modern MRI techniques, intense efforts utilising in
vitro and in vivo animal models were made to attempt to exploit these differences and
further oncological clinical utility [2-4]; however these in most cases failed to adequately
reflect in vivo tumours and there was increasing recognition that relaxation measurement
techniques were difficult to quantitatively standardise across imaging platforms and field
strengths within clinically feasible scanning conditions. Practical clinical MRI went on to
provide excellent tissue contrast, but the signal intensity at any pixel could only be
interpreted qualitatively and assigning meaning based upon underlying biophysical or
physiological properties with respect to image signal intensity alone remained problematic.
MR signal is influenced by several intrinsic contrast mechanisms, such as the density of
water protons and proton relaxation times (T1, T2, T2*). Interpreting MR images, therefore,
requires selection of an appropriate sequence and a thorough understanding of the
corresponding signal contrast in relation to underlying pathophysiology whilst remaining
cognisant of the characteristics of the imaging system such as coil sensitivities. Evaluation
remains largely qualitative and subjective, and comparisons across different scanner
hardware and acquisition sequences are difficult, typically being restricted to descriptions of
relative contrast between different anatomical regions or tissues. To obtain information on
tissue structure and function in a quantitative manner, independent of scanner hardware
and sequence parameters, the contributions of different contrast mechanisms from the MR
signal need to be extracted.

Quantitative T1 mapping has received renewed interest for a variety of applications. The T1

parameter is an intrinsic MR property of tissue, and mapping T1 in vivo is useful in several
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ways. Firstly, knowledge of T1 helps to optimise MR protocols, e.g. by setting Ernst angle
appropriately. In addition, it provides a tool to evaluate contrast uptake, blood perfusion
and volume, as well as disease progression during a longitudinal study. Furthermore, it is
often desirable to compare T1 measurements across subjects and across scanners. Although
there are many techniques for T1 mapping [5], there is also a wide range of reported T1
values in tissue [6], an inconsistency that raises the issue of reproducibility and

standardisation.

2.1.2 Techniques:

The measurement of the T1 relaxation time requires measurement of the spin
magnetization component in the direction of the magnetic field (“longitudinal” component)
after perturbation from its equilibrium state (e.g. by applying an RF pulse to invert the
magnetization). T1 is the decay constant for the exponential recovery of the longitudinal
magnetization toward its equilibrium state. The rate at which the spin magnetization
recovers to its equilibrium state depends on mechanisms that allow the spins to exchange
energy with their surroundings. For example, interactions between the inverted magnetic
spin moments and magnetic dipole moments of neighboring molecules that undergo
tumbling motion can provide such a relaxation mechanism, which is particularly effective if
the tumbling motion occurs near the resonance frequency of the spin moments. Another
relaxation mechanism is provided by interactions with the paramagnetic moments in

contrast agent molecules, which are particularly effective in shortening T1.
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Figure 2-1 schematic of T1 mapping sequences: (a) Inversion Recovery, (b) Look-Locker, (c)
Variable Flip Angle (from [7]).

The gold standard for T1 mapping is known as inversion recovery (IR) (Fig. 2.1a) and consists
of inverting the longitudinal magnetization Mz and sampling the MR signal as it recovers

according to the Bloch Equation:

d _ [Mo—My()]
dt M,(t) = T1

The IR sequence consists of two RF pulses, separated by an inversion time TI. This sequence
is repeated N times for each phase encode, varying the Tl to produce N samples along the
T1 recovery curve. The first RF pulse inverts the magnetization Mz, which then recovers with
relaxation time T1. The second pulse tips the recovered longitudinal magnetization into the
transverse plane. A variation of this approach is a saturation recovery sequence, where
instead of inversion, the first pulse is a saturation pulse that tips the magnetization into the
transverse plane and there is no second pulse. For either approach, the sequence is
repeated several times, each time with a unique Tl or time to repetition (TR) as appropriate,
to sample to recovery curve. The recovery curve is then fitted to an exponential model,
which is an accurate representation only when several assumptions are met, including a
perfect inversion pulse, constant temperature, or TR>»>T1. While these assumptions are
often justified, care must be taken to always pick a model that corresponds to the scheme
acquisition [8]. While inversion recovery and saturation recovery offer accurate and precise
T1 measurements, both techniques are too slow to be feasible in clinical practice since long
TRs are required and acquire only one phase encode per TR. To speed up the acquisition,
several variants have been proposed, such as following the inversion pulse by a fast spin-
echo (FSE) [9] or echo-planar imaging (EPI) readout [10].

The Look-Locker (LL) method [11] is a rapid technique that measures T1 from a single
recovery of longitudinal magnetization. It overcomes the limitation of the conventional IR
method of requiring a long delay (on the order of T1) for longitudinal magnetization to
recover until the next inversion pulse is played for subsequent readout. The basic sequence
(Fig 2.1b) consists of only a single inversion pulse followed by a series of very small angle
excitation (a) pulses with gradient echo readouts to sample the T1 curve. Because small

angle RF pulses are used, the longitudinal magnetization is minimally disrupted during T1
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recovery with no wait-period until equilibrium is reached as sampling is performed in a
continuous manner. However, if separation between a pulses is less than T2, the T1 signal
will be corrupted by residual transverse magnetization gathered from previous a pulses. To
avoid this, either the separation between the a pulses needs to be > 5 x T2 or gradient
spoiling needs to be used to ‘crush’ any residual transverse magnetization. It is also
important to note that due to continuous perturbation of the magnetization by successive a
pulses, the recovery is driven into equilibrium more quickly, resulting in an “effective T1” or
T1* and ‘actual T1” back calculated. Several other variants of the LL method have been
developed targeted for specialized applications (e.g. MOdified LL Inversion recovery
sequence (MOLLI) has been proposed by Messroghli et al for high resolution T1 mapping of
the heart [12].

A different approach to rapid T1 measurement is to vary the flip angle of a gradient recalled
sequence [13] (Fig. 2.1c). This method offers volumetric, high spatial resolution T1 mapping
in significantly less time than conventional methods. The time gain stems from the use of a
short TR, unlike the conventional approach where TRs must be long to allow full signal
recovery. The main source of error, however, is imperfect tipping of magnetization due to
an inhomogeneous RF field. Imperfections in the transmit field of the RF coil, which leads to
certain locations in the imaging volume experiencing more or less RF power and, therefore,
an imperfect RF flip angle for tipping magnetization and for refocusing. RF inhomogeneity
affects all types of relaxation measurements. For T1 quantification, it represents the most
common cause of errors and has an especially pronounced effect on the variable flip angle
approach. To correct for this error, a straight-forward solution is to map the RF B1 field to
determine the true flip angles, and the correct flip angles can then be used in calculating
relaxation times [14]. Slice profile effects are another source of inaccuracy. Ideally, all the
spins in the selected imaging slice should be inverted (in the case of a 180-degree pulse),
and all spins outside the slice should remain unperturbed. In reality, the slice profile is never
perfectly rectangular, which means that the actual flip angle falls off over a transition region
at the edges of the slice. Hence, the effective flip angle is not the nominal angle but is the
integral of the inversion profile over the slice thickness. Slice profile imperfection affects
both T1 and T2 measurements, even for gold standard measurements [15]. This problem
can be alleviated somewhat by using nonselective pulses or interleaving even and odd slices

in a multislice slice-selective excitation. Partial volume effects, magnetization transfer
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effects, temperature effects (T1 increases 2—3% per degree Celsius), and movement due to
actual subject motion or bulk flow (e.g., blood flow that artifactually shortens T1) all can
lead to errors. A final consideration to obtaining accurate measurements is having a good
sense of target range of T1 or T2 values, because acquisition parameters (e.g., TR, TE, flip
angles) can only be optimized for a limited range of relaxation times.

To calculate relaxation times, the data acquired from the MRI experiment is fitted to some
form of mathematical model. In many cases, the exponential function is used, as it describes
many biophysical phenomena, including T1 and T2 relaxation. Estimation of T1 generally
involves fitting a monoexponential function to the T1 relaxation curves. With conventional
IR T1 measurement, an exponential fit to signal recovery at various Tls is performed. The
ideal scenario is where there is no noise with a single relaxation time in the imaging voxel,
data fitting theoretically can be achieved using two data points on the monoexponential
curve [7]. In the presence of noise, inherent uncertainty in each measured data point ideally
necessitates consideration of acquiring at least three data points, with attention paid to
how far apart they should be spaced to yield reliable estimates of T1. One may increase the
number of measured data points, however, there is a practical limit beyond which a greater
number of measurements or averages will not yield significant additional benefit (the
optimal balance between these two considerations can be determined through
simulations). It is acknowledged that monoexponential modelling cannot describe all
situations, however for T1, multicomponent measurements are generally difficult to obtain,
because exchange is fast compared with the T1 relaxation rate.

For this technical/analytic process we attempted to demonstrate the accuracy (compared
with gold standard IR sequences), reproducibility and repeatability of a clinically feasible
variable flip angle acquisition which would permit whole body volumetric imaging in
patients with metastatic cancer.

To do this in stepwise fashion, we first validated a rapid multishot turbo spin echo sequence
inversion recovery (MS-TSE-IR) against gold standard inversion recovery SE sequence for the
longitudinal relaxation times (taking approximately two hours for a single slice) both on a
dedicated phantom and one volunteer single sitting in vivo. This was to provide an accurate
surrogate reference T1 value for a larger accuracy and precision study. Once this was
established, we used the faster MS-TSE IR sequence as ground truth in vivo, to validate a

variable flip angle GRE sequence in healthy volunteers in a single anatomic ‘station’ (pelvis-
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chosen to minimise artefact e.g. respiration and afford a range of tissue types) for accuracy,
repeatability and reproducibility. Finally we conducted another study with healthy
volunteers on a whole body basis with multiple ‘stations’ using VFA GRE sequences to
demonstrate repeatability and reproducibility as well as examine which dual flip angle
selection would be most robust to take forward to clinical whole body use in cancer patients
by providing an acceptable balance of extensive spatial coverage, accuracy, and

repeatability in T1 quantification.

2.2 MATERIALS AND METHODS
Institutional review board approval was granted and healthy volunteers’ informed consent
(written and verbal) was obtained prior to entry into this prospective validation study

(07/Q0502/15).

2.2.1 MRI Techniques overview:
Imaging was performed using a single 3.0 T wide-bore MR scanner (Ingenia; Phillips

Healthcare, Best, Netherland) using the manufacturer head coil, two anterior surface coils
(2*16 elements) and table embedded posterior coils. Where healthy subjects were imaged,
all volunteers were imaged supine with arms by their side. Where referenced, pelvis only
acquisitions were coronal and centred between the anterior superior iliac spine at the top
and femur mid shaft at the bottom of the image/slice and at the level of the femoral heads
in the anteroposterior plane. For the first two validation studies, a bag of saline was placed
between the legs as cranially as possible to provide a higher T1 value substrate for analysis.
Where referenced, for the healthy subjects ‘full body’ coverage (vertex to mid-thigh) was
obtained through a multi-station acquisition of contiguous body regions.

Where referenced, a Eurospin |l TO5 (Diagnostic Sonar LTD, Livingston, Scotland) phantom
consisting of 12 tubes providing calibrated T1 (and T2) values for reference was also
employed (range depending on exact temperature ~205ms to 1950ms).

Inversion recovery parameters are given in the relevant sections, however the 3D variable
flip angle (VFA) sequences were the same across the validation acquisitions and these
parameters together with the B1 map shown in Table 2.1 below. Volumetric T1 maps were
generated using variable flip angle 2-point modified (m)Dixon 'in phase' images by a linear

fitting algorithm [16] with MATLAB (v7.13) incorporating a separately acquired dual TR B1
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map as per well described methods [17]. Where required, the VFA slice (e.g. in pelvis) was

picked and registered to match the single-slice IR images in early validation.

Parameters mDixon- B1 map

variable (2-8

separate) flip

angles
Plane Coronal Coronal
TE (ms) 1.15/2.3 2.8
TR (ms) 35 10/50 (extension
90)

Field of view 500x300 500x300
Voxel size 2.1x2.1 2.1x2.1
(mm*mm)
Number of 120 60
slices
Slice thickness 5 10
(mm)
Acquisition 240x240 120x120
matrix
Echo train 2 1
length
Acceleration 2 3
factor (SENSE)
Pixel bandwidth 1992 3356
(Hz)
Scan time (s) 17 per FA 172 (per station)
Number of Up to 4 (5) Up to 4(5)
stations
Total FH 1388 1388
coverage (10% overlap)
(mm*mm)

Table 2.1 Table showing whole body MRI (WBMR) parameters. T2-TSE: T2-weighted turbo
spin echo, mDixon: modified Dixon, DWI diffusion weighted imaging, TE: time of echo, TR:
repetition time, SENSE: sensitivity encoding.

~52 ~



2.2.2 Validation of accuracy and precision:

Assessment with gold standard inversion recovery in vitro and in vivo:
Gold standard IR T1 single slice maps were fitted from six IR spin-echo scans (Tls: 150, 500,

1000, 2000, 3000, 4000ms) and TE/TR: 30/15,000 ms), using a nonselective inversion pulse
with FoV 376mm/160x160, and slice thickness 3mm. TR was long to allow full relaxation in
high T1 structures and minimise measurement error. Multishot IR TSE sequence with
matched parameters but allowing more time efficient single slice acquisition was also
performed with the same Tls. Section-selective adiabatic inversion pulse was used to ensure
good inversion throughout the field of view, even in the presence of variations in the
amplitude of the radiofrequency field. The inversion was performed over a section thickness
twice that of the imaged section thickness to avoid the imperfect inversion near the edges
of the inverted section.

The complex IR data were fitted (Figure 2.2) by considering the general IR sequence [01-TI-
02-(TRTI)]n, where 61 and 8; are the RF pulses (nominally 180° and 90°, respectively), Tl is
the inversion time, and TR the repetition time. Sampling the complex signal Sn (Tl,) at

different time points Tl, gives an estimate of T1 when data are fitted to:

-
Tin

Sp= a+ be ™

TIn

S,=a+be 11
This model has five free parameters because a and b are complex-valued and T1 is real-
valued [8]. Finally matched field of view VFA volumetric acquisition was also performed
using parameters previously given and up to eight flip angles (2.5-20 degrees inclusive, in
2.5 degree increments).
These three sequences (gold standard IR, MS TSE IR and VFA 3D) were performed on the T1
phantom, as well as a single subject’s (36 year old male) pelvis. For the healthy volunteer,
different tissues were chosen by the same radiologist (7 years’ experience) on the single
slice IR images (Figure 2.3) and regions of interest (ROI) of identical size were constructed

and transferred to the respective parametric maps.

Assessment with MS-TSE IR in vivo single station (accuracy and precision):
Nine healthy volunteers (five males, average age 34.7 years and four females, average age

29.9 years) were scanned three times in two sittings- two scans were performed one after

the other and then a final third scan approximately a week after the first (median 8 days;
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range 6 to 9 days). Each scan was only through the subject’s pelvis and involved a single slice
MS-TSE-IR sequence (to evaluate subsequent VFA 3Daccuracy) as described above and an
eight flip angle VFA 3D acquisition also as above (also assessing precision- repeatability and
reproducibility). The same radiologist contoured ROlIs (using in phase FA 15 degree images
for VFA 3D) as before and these were compared across the sequences, and subjects within

and across sessions.

2.2.3 Validation of precision and dual flip angle selection on whole body basis:
Nine (different) subjects (six males, average age 28.4 years and three females, average age

31.3 years) were scanned three times in two sittings- two scans were performed one after
the other and then a final third scan approximately a week after the first (median 7 days;
range 5 to 9 days). Each scan comprised a multi-station whole body acquisition with an eight
flip angle VFA 3D acquisition at each station described above. Parametric maps of each
image slice at each station were constructed as described previously using all eight flip
angles as well as flip angle pairs, to which ROIs from different tissue types were transferred
from in phase (FA=15 degrees) images and both were assessed within subjects within and

across sessions.

2.2.4 Statistical Analysis:
Statistical analysis was performed using GraphPad Prism v6.0 (La Jolla, California, USA) and

using SPSS version 22 (IBM, New York, USA). Statistical significance was defined as P < 0.05.

Accuracy
Agreement of VFA and MS-TSE-IR T1 measurements with reference gold standard IRT1

measurements was tested by Lin's concordance correlation coefficient [18, 19] and Bland-
Altman statistics. The accuracy error was computed as the percentage difference between
T1 measured with the test protocols during the first scanning session (where multiple), and
reference gold standard IR T1 for the first experiment (or MS-TSE-IR in second). Smaller

values represent higher accuracy.

Precision:
Test-retest repeatability was assessed by the precision error, calculated as the percentage

difference of T1 values measured in duplicate relative to the mean of the two measured
values (at the same sitting). Smaller values represent higher repeatability. Reproducibility

across sessions (temporal) for the T1 measured in each ROl with the eight flip angle VFA
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protocol was assessed by intraclass correlation coefficient (ICC) and coefficient of variation
(% CV =100 x standard deviation/mean calculated between sessions, for each reference T1
value) and the mean of the first session was compared to the second session for each tissue
type. Levels of agreement for ICCs and (and Lin's concordance correlation coefficient) will be
interpreted according to Landis and Koch [20]: 0.0-0.20 no to slight agreement, 0.21-0.40
fair agreement, 0.41-0.60 moderate agreement, 0.61-0.80 substantial agreement, and
0.81-1 almost perfect agreement. Flip angle pairings were also assessed as above to find the
best performing pair for specified T1 ranges (which could be used in future studies as

reference for selecting appropriate FA pair by target T1 value(s)).
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Figure 2-2 Showing gold standard IR derived parametric T1 map with colour look up table
applied (CLUT) performed on T1 phantom T1 map from ‘real’ data with fitting (green) and
data points (red)
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Figure 2-3 Showing MS TSE IR sequence derived parametric T1 map with colour look up
table applied (CLUT) performed 36 year old male volunteer pelvis with fitting of muscle
ROI.
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2.3 RESULTS

Validation of accuracy:

Assessment with gold standard inversion recovery in vitro and in vivo:
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Figure 2-4 Correlation between gold standard IR derived T1 values versus MS-TSE-IR
(green) and VFA 3D (blue) with y=x line for phantom data.
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Figure 2-5 Correlation between gold standard IR derived T1 values versus MS-TSE-IR
(green) and VFA 3D (blue) with y=x line for in vivo pelvis data.
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Figure 2-6 Bland-Altman plots, top MS-TSE-IR and bottom VFA-3D derived T1 values, in
phantom against gold standard IR derived T1 (y-axis is % difference and x-axis is average
T1 (ms)).

Figures 2.4 and 2.5 show phantom and in vivo pelvic correlation of the two test T1 methods
(MS-TSE-IR and VFA-3D) with gold standard IR T1 derivation demonstrating very good
(almost y=x) agreement for each singular experiment. For phantom scanning, there was
excellent concordance between MS-TSE-IR and gold standard IR measurements

(concordance correlation coefficient > 0.99; P < 0.001), with some deviations from unity line
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observed at T1<150ms. Bland-Altman plots (Figure 2.6) show near-zero bias, limits of
agreement (-10%, 10%). The median accuracy error was 1.2 % (IQR 1.4%). For the VFA 3D
acquisition concordance with gold standard IR was also excellent (concordance correlation
coefficient 0.91, P<0.001) in phantom scanning, the median accuracy error was 5.2% (IQR
14.2%), near zero bias across the range of T1 values with some underestimation of low T1
values and overestimation at high T1 values.

With respect to in vivo accuracy validation on a single healthy volunteer pelvis, similar
observations were seen. In total 18 ROIs were drawn per sequence across the single slice
analysed (6 muscle, 4 bone, 4 subcutaneous fat, 2 urinary bladder, and 2 saline bag).
Comparing the MS-TSE-IR versus gold standard IR derived T1 values for these structure,
concordance was excellent (concordance correlation coefficient >0.99; p<0.0001) with little
deviation from unity line, near zero bias and limits of agreement (-15%, 15%). The median
accuracy error was 0.6% (0.7% IQR). For the VFA 3D acquisition concordance with gold
standed IR T1 values was also excellent (concordance correlation coefficient 0.94; p<0.001).
The median accuracy error was 8.3% (IQR 21.4%) with overall near zero bias with minor

deviations around low and high T1 values (limits of agreement -20%, 20%).

Assessment with MS-TSE IR in vivo single station (accuracy and precision):
T1 values derived from the MS-TSE-IR single slice parametric map ROIls averaged across the

test-retest scans were used for as reference T1 values against which the accuracy of the VFA
3D acquisition was compared (given this- accuracy of the MS-TSE-IR was not assessable
though precision could be given the multiple tests). Again each slice had 18 ROIs across the
same range of tissue types.

Precision was assessed in terms of repeatability using the first sitting test-retest scan ROI
values and reproducibility comparing the first sitting scans with the temporally separated
second sitting scan ROI T1 values performed one week later as in Methods section.
Furthermore, the T1 values were binned into three ranges low (T1<500ms), intermediate
(500-1500ms), and high (>1500ms) for presentation purposes so as to gain an appreciation

of T1 variation across these ranges and is presented in Table 2.2.

T1 Substrate tissues Accuracy Error % Precision Error % (IQR)

reference (mean of median T1 (IQR)
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value (ms) | value) MS-TSE-IR VFA 3D MS-TSE-IR VFA 3D

<500ms Fat (424ms) 4.5 (18.4) 1.4 (0.7) 6.7 (4.3)
Bone (456ms)

500- Muscle (1325ms) 9.2 (6.4) 1.1 (0.9) 8.9 (2.4)
1500ms
>1500ms Urinary bladder (3271ms) 7.3(10.2) 1.3(1.0) 6.2 (3.7)

Saline (3048ms)

Overall 8.5(11.4) 1.3 (0.8) 7.9 (3.5)

Table 2.2 Accuracy and precision (test-retest) errors (%) for VFA 3D protocol, for ranges of
reference T1 values in vivo. Values are given as median (interquartile range).

As shown, there was less precision error in the MS-TSE-IR values. Accuracy and precision for
the VFA 3D method on the single station assessment was good with both <15%. For
temporal reproducibility, ROIs from the two scans from the first sitting were averaged and
compared to the scan ~ one week later. For both MS-TSE-IR and VFA-3D the T1 value
agreement between scans one week apart was excellent (ICC 0.99; p<0.001 and ICC 0.95;
p<0.001 respectively). Root mean square co-efficient of variation for MS-TSE-IR T1 values
was 4.75%, (range 1.4-13.7%) and for VFA-3D T1 values RMS CV was 9.24%, range: 0.13—
14.6%).

Validation of whole body precision and dual flip angle selection:
Whole body VFA 3D scans were assessed using a total of 20 ROIs per subject per scan (4

muscle paravertebral, 4 subcutaneous fat, 2 bone marrow vertebral T6 and L4, 2 liver, 2
spleen, 2 renal cortex, 2 urinary bladder, 2 brain white matter) transferred to the relevant
parametric T1 map from in phase Dixon images (FA 15 degrees for best tissue contrast). We
present data for precision based on T1 values generated from all 8 flip angles as well as four
best performing (and most sensible based on fitting parameters) dual flip angle selections
and separated according to T1 value ranges (as well as overall). Repeatability was performed
on the first sitting scans for test-retest T1 values and reproducibility data between
temporally separated first and second sitting T1 values. Both precision error and RMS-CoV
values were in general lower for dual flip angle pairs and dual flip angle selection of 2.5 and
15 degrees seemed to perform slightly better in precision terms though the differences

between these pairs were not significant. This is summarised in Table 2.3.

Flip Angles | Repeatability (test-retest) Reproducibility (between sessions)
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used Precision Error % (IQR) Root mean square CoV (range)
Overall T1 Low T1 Intermediate | HighT1 Overall T1 Low T1 Intermediate | High T1
range <500ms T1 (500- (>1500ms) | range <500ms | T1(500- (>1500ms)
1500ms) 1500ms)
All (8FAs) | 7.4(3.3) |6.3(4.1) | 7.2(2.4) 7.7(3.9) | 84 6.7 10.1 7.4
(1.4-14.8) | (0.1- (2.0-20.2) (2.3-17.4)
15.7)
25+125 |54(42) |4.2(3.7) |57(4.2) 51(4.7) | 7.2 5.7 9.5 8.8
(2.5- (1.2- (4.5-23.1) (3.4-20.1)
18.2) 15.2)
25+15 5.2(3.9) | 4.4(3.9) | 5.4(2.8) 4.7 (2.7) | 5.9 5.9 6.4 4.9
(0.7-11.2) | (1.3- (0.5-11.3) (1.5-10.4)
14.3)
25+175 | 7.4(29) |5.6(4.5) |7.9(4.2) 6.1(3.5) | 6.7 6.3 7.8 7.0
(2.4-16.7) | (2.5- (4.2-14.4) | (2.8-16.7)
13.3)
2.5+20 9.1(5.3) | 6.7(5.3) | 11.4(5.7) 89(5.1) | 111 9.3 12.4 (3.5- 11.5
(3.1-23.2) | (1.9- 30.3) (4.0-24.3)
21.4)

Table 2.3 Summarises the precision values for whole body test-retest (repeatability) and
across session (reproducibility) T1 values calculated from all eight flip angles and several
dual flip angle pairs. In bold are the all 8FA measures and best performing dual flip angle
pair (2.5 and 15 degrees)

2.4 DISCUSSION

Accurate, repeatable, and reproducible quantification of T1 is highly desired for a range of
practical applications as discussed in the introduction. Here we demonstrate excellent
agreement between gold standard IR measurement and both the faster MS-TSE-IR and VFA
3D sequence derived T1 values across a range of values both in vitro and in vivo. We justify
the use of the MIS-TSE-IR T1 methodology as means of assessing the VFA-3D accuracy in a
larger experiment to assess the accuracy, repeatability and reproducibility of VFA-3D
method in vivo (and this is reinforced by very low precision error percentage for the MS-
TSE-IR technique). Finally we demonstrate excellent precision of the whole body VFA 3D
acquisition derived T1 values in test-retest and across session bases and can be fairly
confident (at least on this single centre single platform experiment) that the measures for a
clinical qualification study should be fairly robust both in accuracy and precision. When
moving from VFA to dual flip angle T1 measurement (and forearmed with knowledge that
tumour typically have very high T1 relaxation times at baseline) we do not seem to lose
significantly in terms of accuracy or precision with suitably chosen pairing (e.g. in this
experiment 2.5 and 15 degrees seemed optimum but was not significantly different).
Importantly preclinical studies have suggested changes of the order of ~¥20% in T1 relaxation
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with successful therapy- this technique should be able to detect this change with some
certainty.

There are several limitations of the study. We were unable to use gold standard IR T1
estimation beyond phantom and a single volunteer- this was not feasible given the time
take to acquire a single slice and necessitated using the multishot sequence to approximate
this for accuracy/alternate verification (and we did not use NMR techniques for ultra-
accurate T1 derivation). Secondly there are a number of areas which could have been
explored to optimise techniques- notably for VFA e.g. B1 mapping optimisation, actual flip
angle estimation, parallel imaging optimisation etc. Some of these were touched upon but
not formally evaluated in dedicated experiments. Most obviously, this study was performed
on a single scanner in a single centre. There are now T1 validation studies being performed
in multicentre setting [21], which are providing excellent resources to further this field and
clearly if quantitative T1 mapping is to be used clinically this should occur in concert with
clinical qualification.
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Chapter 3 Clinical Validation (Qualification) of Novel Quantitative MR
Biomarker in Tumour Response Assessment and Prediction as part of
whole body MRI assessment- sarcoma (soft tissue and bone) and
breast cancer

CONTRIBUTION:

Primary author responsible for conception, data acquisition/analysis, drafting, revision, final
approval and accuracy/integrity.

3.1 RUNNING TITLE
In vivo measurement of tumour T1 relaxation time using whole body multiple flip angle
method can predict response to chemotherapy in local bone sarcoma and metastatic soft

tissue sarcoma and breast cancer.

3.2 INTRODUCTION
Oncological therapies are associated with variable efficacy, side-effects and financial cost.

The current standard for assessing treatment response of tumours based on imaging is one-
dimensional size measurement as defined by the Response Evaluation Criteria In Solid
Tumours (RECIST) 1.1 [1]. Whilst acceptable for certain solid tumour and conventional
chemotherapies, the RECIST criteria fail to adequately characterise response of cystic lesions
or indeed the response of solid lesions to newer anti-angiogenic treatments [2]. In addition
specific metastatic deposits (e.g. bone disease) are non-measurable. One proposed
improvement on the RECIST criteria was the Choi criteria which incorporated density and
intensity changes by CT (and MR) imaging, in addition to changes in size [3]. Finally, to
address the inadequacies of the RECIST and Choi criteria, the use of a standardized uptake
value (SUV) obtained by PET was incorporated into response criteria to better assess tumour
metabolism [4]. Thus, the revised RECIST 1.1 criteria endorsed the functional assessment of
tumours following treatment as complementary to anatomic evaluations [5]. However, it is
recognised that the above conventional re-staging strategies may be sub-optimal for
response assessment and more reliance can be placed upon clinical outcome measures such
as progression free survival. Furthermore, recent efforts have focused on quantitative
parametric measurement to predict response prior to, or early during the course of,
systemic therapy to mitigate serious side-effects, morbidity and costs of treatment as well

as expedite more successful treatment strategies in a personalised approach.

~ 63 ~



Soft-tissue sarcomas (STS) are a heterogeneous group of neoplasms arising from cells of
embryonic mesenchymal origin. STS account for less than 1% of all malignant neoplasms
and rates of STS range from 4.5 to 6.5 cases per 100,000 person-years [6]. Staging of STS is
most commonly performed using the American Joint Committee on Cancer (AJCC) system.
STS stage is determined by the size of the tumour, the histological grade, and whether there
is spread to lymph nodes or distant sites. The overall five-year survival rate in patients with
soft tissue sarcomas of all stages remains only 50% to 60% [7]. Approximately half of all STS
patients with intermediate or high-grade tumours develop metastatic disease requiring
systemic treatment. In almost all cases the treatment intention for systemic/metastatic
disease is palliative. Approximately 50% of patients develop distant metastases and
eventually die of disseminated disease; with a median survival of approximately 12 months
from diagnosis of metastases [8]. The management of advanced disease is complex and
published response rates to chemotherapy vary enormously; from 10-50% depending on
the drugs used, patient selection and histological subtype [9].

Primary bone tumours are rare, accounting for less than 1% of cancers in adults [10]. There
are on average 427 new cases per year in England and Wales [11] and there is relatively high
incidence in children and adolescents (accounting for approximately 5% of all childhood
cancers in European Countries) [12], but can arise at any age. Osteosarcoma (OS) is the most
frequent primary cancer of bone (incidence 0.2-0.3/100,000/year) [13], UK rates are
0.27/100,000 population in England with an average of between 124—150 cases per year in
England and Wales. Ewing sarcoma (ES; including primitive neuroectodermal tumour of
bone) is the second most common primary malignant bone cancer in children and
adolescents, but is also seen in adults. The median age at diagnosis is also around 15 years
with UK all age standardised rates report 0.11-0.12/100,000 population in the UK (1979-
2004)] with approximately 65—75 new cases per year in the UK [10]. Bone sarcoma is a
potentially curable disease with surgery and chemotherapy being the mainstays of
treatment- notably preoperative ‘neoadjuvant’ systemic combination chemotherapy, local
surgery, and postoperative ‘adjuvant’ chemotherapy is the current treatment paradigm [14]
with the aim of decreasing the incidence of a subsequent distant relapse [15]. The current
NHS standard first-line chemotherapy for OS is a combination of high-dose methotrexate,
doxorubicin and cisplatin (MAP) given over 5 weeks with patients receiving a total of 6

cycles of treatment. Patients with extremity/resectable tumours receive 2 cycles of MAP

~ 64 ~



prior to surgery and undergo MRI scanning at 8 weeks to assess radiological response to
treatment and aid surgical planning (subsequently receiving 4 cycles of post-operative
chemotherapy). The histological response at resection (week 11) is the most important
prognostic factor in determining long-term outcome for patients with localized disease at
diagnosis [16]. Internationally, the standard treatment of ES is not defined. Current trial
treatment in ES (with locally confined or pulmonary/pleural metastatic ES) in our institution
involves randomisation to two different ‘induction’ (pre-local therapy treatment and
assessment of response utilising histology) prior to ‘consolidation’ treatment post local
therapy.

The National Institute for Health and Clinical Excellence (NICE) have published guidelines on
the treatment of advanced breast cancer in 2009 to help standardise clinical practice in the
UK [17], comprising the small proportion are diagnosed in the advanced stages, when the
tumour has spread significantly within the breast or metastatic (mBC). Approximately 5% to
10% of breast cancers are metastatic at diagnosis; of these, approximately one-fifth will
survive 5 years [18]. Notwithstanding the increasing use of systemic treatments in the
adjuvant setting, the median survival has steadily improved over the past 30 years from 12-
18 months to 24-36 months as treatment options have increased [19]. The exact choice of
hormonal/chemotherapy regimen will depend on a number of factors and which regimen
should be used in which circumstance is not generalizable [20] (except to note the
National/International guidance). Chemotherapy response assessment is usually performed
every two or four cycles of chemotherapy. The main aim of these assessments is to exclude
progressive disease, in particular in patients for whom further treatment options exist or
those who experience significant toxic effects from their treatment.

Quantitation of T1 may be used to characterise normal and pathological tissue and there is
increasing interest in its use in producing robust dynamic contrast enhanced (DCE)
guantitative parameters. Whole body (WB) T1 quantitation presents several difficulties
(most notably respiratory artefact and large field of view requirement). Several techniques
have been explored; the most commonly used being inversion recovery (IR; which remains
the reference standard method), multiple flip angle (MFA), and Look-Locker (LL) techniques.
Several studies using different T1 estimation methodologies showed that the T1 of
experimental tumours was greater than in normal tissue and was considered to reflect

predominantly the extracellular space [21-23], with a larger interstitial compartment giving
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a longer (higher) T1. In untreated tumours, a low tumour T1 has been correlated to
increased necrosis [22], low water content, high levels of soluble protein [21], and low
proliferation; these baseline characteristics have also been associated with poorer response
to systemic therapy perhaps in part due to more chaotic perfusion and drug delivery for
example. In four different quantitative T1 studies, only decreases were detected in response
to successful therapy with radiation or cytotoxics [24-27]. McSheehy et al (2009) recently
used animal tumour models to show five anticancer drugs (with different mechanisms of
action) caused a rapid decrease in T1 that often preceded and was strongly correlated with
the change in tumour size suggesting that a fractional change in T1 (AT1) was a useful
generic early-response marker. Furthermore, AT1 did not occur in tumours resistant to that
drug, and AT1 was positively correlated with proliferation markers (Ki67 and choline),
suggesting that AT1 indirectly reflected the number of viable cells in a solid tumour [27].
Repeatability of a whole body B1 corrected multiple flip angle (MFA) method has been
reported in healthy volunteers with co-efficients of variation across tissue types between 5-
10% when selecting two appropriate flip angles [28].

This study evaluated tumoral T1 relaxation times using multiple flip angle method prior to,
and early during, systemic chemotherapy for prediction of response to therapy in three

cancer cohorts.

3.3 MATERIALS AND METHODS

Institutional review board approval was granted and patients’ informed consent (written

and verbal) was obtained prior to entry into this prospective study (R&D No: 13/L0O/0758).

3.3.1 Patient cohort:

Metastatic soft tissue sarcoma (mSTS) or breast cancer (mBC) patients with histologically
confirmed disease were recruited provided they were aged 18 years or above, with highly
likely metastatic disease prior to systemic chemotherapy. Bone tumour (either OS or ES)
patients with histological confirmed disease were recruited provided they were aged 213
years and considered by referring clinician to derive benefit from chemotherapy usually
prior to likely resection in localised or low volume oligometastic disease. Patients screened
between 14t August 2014 to 20t July 2016 were eligible (n=98 patients). Patients who
declined trial entry, received incomplete CRT, were unable to undergo MRI, were pregnant

or with prior malignancy were excluded (n=64). Furthermore, those with incomplete two
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year clinical, imaging and (where applicable) histopathological follow-up were excluded for

subsequent analysis (n=5), as were those with inadequate/incomplete baseline and follow

up MR datasets (n=4). In total, 25 patients were accrued (mean age 54.4 years; range 15-78

years) of whom ten were male (mean age 57.7 years; range 33-79 years; 10/25 male) prior

to commencing systemic chemotherapy (median interval 4 days; range 0-13 days). Patient

demographics and summary of primary disease and lesion distribution is outlined in Table 1.

Patient group | Total Mean age Female Tumour type | Total lesions
Number (yrs) (%) (%) &
Patients (range) locations
(%)
Total 25 54.4 15 Breast- 6 95
(24%) liver 33
(100%) (15-78) (60%) muscle/soft tissue
STS- 10 29
40% extraosseous 11
(40%) lung 6
pleural 6
BS- 9 (ES 6/0S 3) nodal 5
(36%) bone 5
Partial 12 52.2 9 Breast- 4 32
Response (33%) liver 14
(48%) (18-78) (75%) muscle/soft tissue 7
STS-2 extraosseous 6
(17%) lung 2
bone 3
BS- 6 (ES 4/0S 2)
(50%)
Non-response 13 56.2 6 Breast- 2 63
(15%) liver 19
(52%) (15-63) (46%) muscle/soft tissue
STS-8 22
(62%) extraosseous 5
lung 4
BS- 3 (ES 2/0S 1) pleural 6
nodal 5
(23%) bone 2

Table 3.1 Summary of patient demographics, primary tumour and individual lesion

distribution (STS; soft tissue sarcoma, BS; bone sarcoma; ES; Ewing sarcoma, OS;

osteosarcoma).

~ 67 ~




3.3.2 Whole body magnetic resonance imaging technique:

Imaging was performed using a single 3.0 T wide-bore MR scanner (Ingenia; Phillips
Healthcare, Best, Netherland) using the manufacturer head coil, two anterior surface coils
(2*16 elements) and table embedded posterior coils.

All subjects were imaged supine with arms by their side. ‘Full body’ coverage (vertex to mid-
thigh) was obtained through a multi-station acquisition of contiguous body regions. Coronal
WB-MRI T1 weighted mDixon imaging at two flip angles (2.5 and 15 degrees) with coronal
dual time to repetition (TR) B1 mapping over the same stations were performed and
complimented by axial T2 weighted turbo spin echo (TSE), axial DW WB-MRI (using 2 b-
values: b50 and 900 s/mm2). Total scan time was approximately 60 minutes. MR

parameters are given in Table 2.

Parameters T2-TSE DWI (b50, 900) | mDixon- 2.5+15 B1 map
flip angles

Plane Transverse Transverse Coronal Coronal

TE (ms) 80 69 1.15/2.3 2.8

TR (ms) 1228 6300 3.5 10/50 (extension
90)

Field of view 500x300 500x306 500300 500x300

Voxel size 1x1 4x4.2 2.1x2.1 2.1x2.1

(mm*mm)

Number of 40 40 120 60

slices

Slice thickness 5 5 5 10

(mm)

Acquisition 500x286 124x72 240x240 120x120

matrix

Echo train 91 39 2 1

length

Acceleration 2 2.5 2 3

factor (SENSE)

Pixel bandwidth 537 3369 1992 3356

(Hz)

Scan time (s) 47 152 17 172
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Number of 5 5 4 (5) 4(5)
stations

Total FH 987.75 987.75 1388 1388
coverage (10% overlap) (10% overlap) (10% overlap)

(mm*mm)

Table 3.2 Table showing whole body MRI (WBMR) parameters. T2-TSE: T2-weighted turbo
spin echo, mDixon: modified Dixon, DWI diffusion weighted imaging, TE: time of echo, TR:

repetition time, SENSE: sensitivity encoding.

3.3.3 Reference Standard Response Assessment:

Two experienced radiologists (with seven and thirteen years’ experience respectively) in
consensus identified ‘measurable’ soft tissue lesions in each patient with the benefit of
baseline and post treatment conventional imaging (though blinded to subsequent outcome
information) recording single largest diameter of each lesion using anatomic sequences
according to established 'Response Evaluation Criteria in Solid Tumors' (RECIST 1.1) 'target'
lesion criteria [1]. Lesions were followed to the end of treatment (nominally post six cycles
of chemotherapy in the case of metastatic disease and two to four cycles in bone tumours
subsequently for resection) and categorised into 'partial response' (>30% decrease in
maximum diameter), progressive disease (>20% increase) or stable disease [1]. Partial
responding (PR) lesions were compared to non-responding lesions (NR; i.e. progressive
disease and/or stable disease) in all analyses. Bone lesions without significant extra-osseous
soft tissue component fall outside ‘measurable’ lesion status by RECIST 1.1 but were treated
in a similar manner for the purposes of this analysis however in the case of osteosarcoma or
Ewing’s sarcoma bone lesions without extra-osseous component (more commonly OS)
where the primary lesion was resected post systemic therapy (OS 3/3 patients and ES 4/6
patients) any response assessment by size was superseded by histological analysis to
categorise response. The histological response at resection (nominally week 11; usually after
2 or more cycles of chemotherapy) is the most important prognostic factor in determining
long-term outcome for patients with localized disease at diagnosis. Those with a “good
response”, i.e. >90% necrosis on histological analysis or “poor response”, i.e. <90% necrosis,
have 5-year event free survivals of approximately 75% and 40% respectively [16].

In total twenty five patients had undergone sufficient follow-up for response categorisation.

In total 95 lesions (median 4 per patient; range 1-8) were considered; of which 32 lesions in
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twelve patients demonstrated end of treatment partial response. All twenty five patients
underwent a baseline research WBMR as well as second ‘early’ response assessment post

two cycles of systemic therapy.

3.3.4 Image Analysis

Volumetric T1 maps (Fig 3.1) were generated using dual flip angle (2.5 and 15 degrees) 2-
point modified (m)Dixon 'in phase' images by a linear fitting algorithm [29] with MATLAB
(v7.13) incorporating a separately acquired dual TR B1 map [30]. Apparent diffusion
coefficient (ADC) maps were calculated by mono-exponential curve fitting of mean signal
intensities of all b-values from diffusion weighted sequences.

A third radiologist (with 9 years’ experience) aware of the location of each lesion though
unaware of the parametric maps or follow-up data referenced the anatomical images to
volumetrically contour the pre-defined lesions on T1 weighted modified Dixon in phase
images (flip angle 15) and diffusion weighted (b value 50ms) images using dedicated
software (Jim 5.0, Xinapse systems, Thorpe, Waterville, UK) excluding areas of necrosis.
These segmented volumes were then transferred to T1 and monoexponential ADC

parametric maps respectively.

Figure 3-1 Twenty four year old male patient with extra-osseus Ewing sarcoma right pelvis

undergoing partial response by the end of two cycles of chemotherapy: (a) baseline (pre-
treatment T2 TSE coronal, (b) baseline T1 map (axial), (c) baseline ADC map (d) axial T1

map post 2 cycles of chemotherapyand € axial ADC map post 2 cycles of chemotherapy.

3.3.5 Statistical Analysis
All analyses compared the two outcome groups (i.e. PR versus NR) to assess for significant

pretreatment differences between histographic T1 and ADC metrics and were performed on
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an all lesion basis. Additionally, differences in early post second cycle T1 and ADC values and
percentage change from baseline were analysed. Lesional histographic T1 and ADC
differences were analysed using a linear mixed model (Stata v13, StataCorp LLC, College
Station, Texas, USA) to account for multiple samples per patient. Fitting was performed
using response as the fixed factor and patient as the random factor. Means and 95%
confidence intervals (Cl) were estimated from the model for each patient response group.
Where the data was right skewed the log measurement was used. Where the data was right
skewed including negative values, a small constant was added to all values before the log
transformation was applied with estimated means and 95% Cls back-transformed.
Additionally, per lesion differences in early post second cycle T1 and ADC values and
percentage change from baseline were analysed using univariate parameters and in
combination using multivariate ROC-AUC analysis accuracy for prediction of partial response
determined by receiver operating characteristic (ROC) area under curve (AUC) analysis and

95% confidence intervals.
3.4 RESULTS

3.4.1 Histographic parameter changes between baseline and cycle 2:

Table 3.3 summarises histographic values (median, skewness and kurtosis) and ranges of
baseline and post 2 cycle T1 and ADC values and percentage changes post 2 cycles in both
partial responding and non-responding lesions. Percentage change in T1 value after two
cycles chemotherapy in partial responding lesions was significantly lower at -22% versus -1%
in non-responders (p=0.001) and was the best predictor of response to treatment. ADC
percentage change post 2 cycles of chemotherapy was significantly higher at +70% in
partially responding lesions versus 9.8% in non-responding lesions (p=0.003). The actual ADC
value post 2 cycles was also significantly higher in partial responding lesions at 1.77 versus
1.28x10-3mm?2/s in lesions demonstrating no response (p=0.001). By contrast, the absolute
T1 value post 2 cycles of chemotherapy was not significantly different when comparing
partial responding to non-responding lesions (p=0.17). These findings are demonstrated in
Figure 2. Percentage change in lesion T1 values after two cycles was the best predictor of
partial response with ROC-AUC 0.89. This was followed by the actual ADC value post 2
cycles, percentage change in ADC from baseline and baseline ADC with ROC-AUC of 0.86,

0.84 and 0.70 respectively. These are shown in Figure 3.3. The best performing bivariate
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pairing was percentage change in T1 post two cycles combined with ADC value post two

cycles giving ROC-AUC 0.90 (0.78-0.96) which did not significantly alter accuracy compared

with best univariate analysis.

Patient group All Patients Partial Non-response | P value
Response (linear
mixed)
Median % change longest plane -2.00% -59% 9.40% <0.001
diameter post 6 cycles (-78% to 119%) (-78% to 30%) (-28% to 119%)
Baseline mean of median T1 (ms) 2467 2765 2297 0.09
(1035-3998) (1678-3126) (1035-3999)
Baseline mean of T1 kurtosis 0.23 0.18 0.25 0.53
Baseline mean of T1 skewness 0.65 0.71 0.61 0.27
Baseline mean of median ADC (x10- 1063 885 1115 0.02
6mm2/s) (456-2507) (456-1450) (578-2507)
Baseline mean of ADC kurtosis 0.90 0.72 0.88 0.31
Baseline mean of ADC skewness 0.65 0.70 0.58 0.33
Post 2 cycles mean of median T1 2271 2011 2433 0.17
(ms) (937-3141) (937-2924) (1068-3141)
Post 2 cycles mean of T1 kurtosis 0.56 0.62 0.45 0.34
Post 2 cycles mean of T1 skewness 0.24 0.32 0.19 0.15
Post 2 cycles mean of median ADC 1571 1770 1282 0.001
(x10-6mm2/s) (966-2485) (1285-2485) (966-1988)
Post 2 cycles mean of ADC kurtosis 0.68 0.64 0.72 0.18
Post 2 cycles mean of ADC 0.35 0.29 0.38 0.63
skewness
Post 2 cycles median % change T1 -6.40% -22% -1.00% 0.001
(-50% to 24%) (-50% to -3.4%) (-35% to 24%)
Post 2 cycles median % change ADC 43% 70% 9.80% 0.003

(-8.6% to 182%)

(11% to 182%)

(-8.6% to 91%)

Table 3.3 Summarising histographic T1 and ADC values at baseline, after two cycles of

chemotherapy and percentage change compared to baseline (parentheses range) as well

as uni-dimensional size change denoting response status. Panes coloured yellow denote

parameters demonstrating significant differences between ‘partial’ responding and non-

responding lesions (p<0.05)
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Figure 3-2 Box plots showing differences between responding and non-responding lesions
(a) T1 value post 2-cycles, (b) Percentage change in T1 value post 2-cycles, (c) ADC value
post 2 cycles, (d) Percentage change ADC value post 2 cycles. Box indicates interquartile

range, line median and whiskers most deviated range. Linear mixed method p-values

shown.
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Figure 3-3 Receiver operating characteristics of the actual T1 and ADC values after 2 cycles
of chemotherapy as well as percentage change for prediction of response with area under

curve (AUC) values as shown (parentheses indicate 95% confidence intervals).
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3.4.2 Baseline histographic parameters as predictors of lesion response:

In terms of prediction of response by comparison of baseline T1 and ADC values, partial
responding lesions had slightly higher median T1 value of 2765ms versus 2267ms in non-
responding lesions, though this did not reach statistical significance (p=0.09). Baseline
median ADC values were significantly lower in lesions going on to demonstrate partial
response 0.89x10-3mm2/s compared with 1.12x10-3mm2/s in non-responding lesions
(p=0.02). Other histographic parameters for both T1 and ADC were not significantly

different at baseline (or post 2 cycles of chemotherapy).

3.5 DISCUSSION

This study has demonstrated that prediction of eventual tumour response by early lesion T1
value change during systemic therapy is feasible with whole-body coverage, and is
comparable in performance with more widely studied quantitative imaging biomarkers such
as ADC. The finding that those tumours which demonstrate partial response to
chemotherapy by the end of treatment show decreases in T1 of the order of 20% confirms
preclinical tumour model work [27]. This effect has been postulated to reflect a decrease in
remaining viable/proliferating tumour cells due to cell destruction with consequent release
of proteins and/or metals (causing T1 relaxation) [31]. Interestingly, baseline ADC was
significantly lower in those lesions which underwent partial response to chemotherapy
compared with non-responding lesions (as has been demonstrated in other in vivo studies)
suggesting lesion baseline ADC may have value in response prediction; however baseline T1
did not differ between the two groups. This may be the result of pooling of variable soft
tissue and bone lesions (both of which did demonstrate a wider range of T1 values) and/or
reflect study size to which ADC may be more robust. ADC has been extensively studied as an
imaging biomarker to assess and predict response. Regardless of the definition of response
used in these reports (i.e. good or complete response), all studies reported an increase in
mean tumour ADC after systemic therapy [32] which is thought to be due to radiation-
induced cellular damage and necrosis. Disruption of cell membranes reduces the diffusion
restriction and therefore increases the ADC. Our study is in line with observations that both
the final post therapy ADC and the relative increase in ADC were typically higher in the
favourable response groups, with statistically significant results in the majority of studies

[33]. The current study did not demonstrate significant differences in responding lesional
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histographic parameters compared with non-responding lesions. Histogram analysis has
been the subject of recent work whereby the whole spectrum of ADC values within the
tumour are analyzed, allowing extraction of not only mean (or median) values but also
additional parameters reflective of this distribution. Based on the limited evidence available
these parameters do not seem to offer a clear additional benefit thus far [34].

To our knowledge this is the first study to globally assess tumour response on a whole body
basis in humans with the aim of assessing baseline and change in tumoral T1 values to
predict response to systemic chemotherapy. In line with discussed biomarker validation
theory, this contributes to the qualification process of T1 tumour value as a biomarker for
response assessment. Prior work (contributing to analytical validation) has demonstrated
that the method used in our study is adequately reproducible and repeatable across a range
of T1 values to detect changes in T1 which might predict tumour response to systemic
treatment before conventional size assessment based on these findings [30].

This study has several limitations including the pooling of lesions across a range on tumour
types which may confound resulting changes in quantitative parameters. However this
approach may make the findings more robust in terms of the ability of this QIB to
differentiate response in lesions early during therapy. Furthermore we have accounted for
multiple lesions per patient in our analysis to compensate for multiple samples. In addition
for the purposes of this analysis we opted for binary categorisation of response as opposed
to stratification of response as described by traditional tumour response criteria. One of the
purposes of examining T1 as a QIB was the promise of potential use in assessing response in
non-measurable disease (e.g. bone deposits) - these though low in number, these lesions
followed the general trend of high baseline T1 predicting response as well as decreasing T1
early in treatment eventually resulting in response to therapy.

The additional quantitative T1 mapping information described in this study can be obtained
on a whole body basis within a clinically feasible total scan duration (adding ~20mins for the
T1 mapping component to a multiparametric whole body MR acquisition) and may provide
complementary biophysical information to direct therapy in terms of prediction and earlier
response assessment. Future work is, however, required to understand the contrast
mechanisms underpinning the observed T1 changes as well as differences and in common

with most ongoing quantitative studies, there is a clear remit for larger cohort multicentre
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studies across multiple platforms to establish repeatability and reproducibility for clinical

utility.
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Chapter 4 Clinical Validation (Qualification) of Novel Quantitative MR
Biomarker in Tumour Response Assessment and Prediction as part of
whole body MRI assessment- metastatic prostate cancer

CONTRIBUTION:
Primary author responsible for conception (of T1 mapping element), data acquisition/analysis,
drafting, revision, final approval and accuracy/integrity.

4.1 RUNNING TITLE
In vivo measurement of tumour T1 relaxation time using whole body multiple flip angle
method can assess and predict extra-prostatic disease response to systemic cancer therapy

in radiorecurrent metastatic prostate cancer.

4.2 INTRODUCTION

Prostate cancer (PCa) is the leading male cancer in the United Kingdom and a principal cause
of cancer-related mortality with around 46,700 cases diagnosed in 2014 [1]. The incidence
of PCa has increased markedly over the past 20 years and it is projected to rise by 12%
between 2014 and 2035 to 233 per 100,000 males [1]. Common treatments options for
localised prostate cancer are external beam radiation therapy (EBRT), brachytherapy (BRT)
or radical prostatectomy [2]. However, biochemical recurrence (BCR) following radiotherapy
occurs in 25% of treated men within 5 years, manifesting as a rising prostate-specific-
antigen (PSA) [3]. This is strictly a biochemical diagnosis, most commonly defined as an
increase in serum PSA of 2.0 ng/ mL above the nadir [4]. Once a PSA relapse has been
diagnosed, it is important to determine whether the recurrence has developed at local or
distant sites and hence BCR following therapy often initiates an imaging based assessment
of local and metastatic disease in patients.

Local recurrence of PCa is investigated by prostate multi-parametric magnetic resonance
imaging (mp-MRI) [5] whilst metastatic disease is assessed by multimodality imaging. The
standard workup to detect PCa metastases usually includes 99mTc bone scan and chest/
abdomen/pelvis (CT-CAP) scan (or where available 18F-choline or 68Ga-PSMA PET-CT) [6].

The workup to exclude distant metastasis is of greatest significance as it is estimated that
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about half of those who develop radio-recurrent disease have distant metastases (either
overt on imaging or micro-metastases) [7]. It is also believed that up to 50% of men who are
considered to be free of metastases by conventional staging methods have micro-metastatic
disease [8]. This is reflected in prostate cancer recurrence following EBRT or BRT, where
biochemical relapse commonly precedes clinical detection of metastases by an average of
7—-8 years [9]. Prospective trials examining the use of whole body MRI to stage
radiorecurrent disease have been prompted by recognition of the need for an imaging
modality that is capable of improved sensitivity for metastatic disease detection than
current conventional imaging [10-12]. Previous meta-analysis has reported the sensitivity of
99mTc bone scan to be less than 50% [13]. Similarly, studies have shown the sensitivity of
18F-choline PET to be as low as 50% for the detection of nodal disease when PSA is <5
ng/ml [14]. Furthermore, CT Scan sensitivity for nodal disease detection in prostate cancer is
reported to be much lower with a meta-analysis reporting a sensitivity of 30% [15]. As part
of these studies, attention is also being turned to the ability of quantitative parameters at
baseline and their change during treatment can predict and/or assess treatment response.
Several options exist for salvage of biochemical recurrence after definitive external beam
radiation therapy when disease is confined to the prostate. Because the original source of
the disease, the prostate, remains in situ, many salvage therapies continue to be locally
directed. Metastatic disease in this setting may be managed by active surveillance and/or
cytoreductive local salvage for low risk individuals or systemic therapy in higher risk
patients. Several therapeutic approaches have received recent regulatory approval for use
in men with mPCa. In addition to androgen deprivation and traditional chemotherapeutic
treatments, there are now additional agents with varying mechanisms of action showing
survival benefit in this patient population; including agents that target the androgen axis
(e.g. enzalutamide and abiraterone), stimulate the immune system (e.g. sipuleucel-T), have
a chemotherapeutic effect (e.g. docetaxel and cabazitaxel), and alpha-particle emitter that
directly targets bone metastases (radium-223). The optimal use of these therapies remains
debatable with the presence, volume, and location of metastases being important
determinants.

Systemic oncological therapies are associated with variable efficacy, side-effects and
financial cost. The current standard for assessing treatment response of tumours based on

imaging is one-dimensional size measurement as defined by the Response Evaluation
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Criteria In Solid Tumours (RECIST) 1.1 [16]. Whilst acceptable for certain solid tumour and
conventional chemotherapies, the RECIST criteria fail to adequately characterise response of
cystic lesions or indeed the response of solid lesions to newer anti-angiogenic treatments
[17]. In addition specific metastatic deposits (e.g. bone disease which are common sites for
mPCa) are non-measurable. One proposed improvement on the RECIST criteria was the Choi
criteria which incorporated density and intensity changes by CT (and MR) imaging, in
addition to changes in size [18]. Finally, to address the inadequacies of the RECIST and Choi
criteria, the use of a standardized uptake value (SUV) obtained by PET was incorporated into
response criteria to better assess tumour metabolism [19]. Thus, the revised RECIST 1.1
criteria endorsed the functional assessment of tumours following treatment as
complementary to anatomic evaluations [20]. More accurate assessments of therapy
response (including the detection of primary and secondary resistance and heterogeneity of
response) could aid in the rationale development of targeted therapies [21]. Two fairly
recent reviews have indicated that WB-MRI is suitable for wider deployment in disease
detection settings, given its established test performance, potential for wide availability,
and multi-organ evaluation capabilities [22,23]; with the latter under the auspices of the
European Organisation for Research and Treatment of Cancer position paper concluding
that MRI offers a good “one size fits all” solution for assessing therapy effectiveness in this
cohort. Prostate cancer frequently metastasizes to lymph nodes (both locoregional and
distant) and the bones- both are frequently problematic for conventional imaging to detect
and furthermore assess response to treatment. Diffusion weighted MRI (DW-MRI) is
sensitive to thermal motion (diffusion) of water molecules. In biologic tissues barriers such
as endothelium, cell membranes, components of the extracellular matrix and intracellular
organelles restrict diffusion; increase or decrease in these barriers modifies the degree of
water diffusion leading to a reduction or retention of MR signal. Tumour foci are visualised
as increased signal intensity on DW-MRI images with a corresponding decrease in the
measured apparent diffusion coefficient (ADC), which represents the rate of signal loss with
increasing diffusion weighting [24]. As the diffusion properties of bone metastases are
significantly different to age-matched normal marrow [25], DW-sequences are now almost
routinely used as an adjunct to conventional T1-W images. Preclinical studies have provided
critical insight into DW-MRI changes with treatment [26]. In a mouse model of prostate

cancer treated with docetaxel, increased diffusion on functional diffusion maps (fDM) after
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treatment corresponded to local loss of cell viability at histology treatment. Lee [27]and
Rozel [28] reported a significant increase in ADC values over time in responders; however, in
a rat model of bone metastases from breast cancer (cells MDA-MB-231), ADC was not
significantly affected in treated rats compared to controls despite significant changes in
DCE-MRI parameters [29]. In clinical research, a study in 26 patients demonstrated that
mean ADC in the majority of lesions from both responders and non-responders showed a
significant increase at 12 weeks, although some lesions in both groups demonstrated a fall
in ADC greater than the limits of reproducibility of the technique [25]. Whilst there are
multiple single centre predominant studies that support WB-MRI DWI for the evaluation of
prostatic bone metastases, this technique is not yet universally recognized, as evidenced in
a recent work by Wieder et al. showing the superiority of 11C-choline PET/CT in detecting
bone lesions, though no difference was reported in the detection of lymph node metastasis
[30]. Other biomarker developments are underway to varying degrees.

Quantitation of T1 may be used to characterise normal and pathological tissue and there is
increasing interest in its use in producing robust dynamic contrast enhanced (DCE)
guantitative parameters. Whole body (WB) T1 quantitation presents several difficulties
(most notably respiratory artefact and large field of view requirement). Several techniques
have been explored; the most commonly used being inversion recovery (IR; which remains
the reference standard method), multiple flip angle (MFA), and Look-Locker (LL) techniques.
Several studies using different T1 estimation methodologies showed that the T1 of
experimental tumours was greater than in normal tissue and was considered to reflect
predominantly the extracellular space [31-33], with a larger interstitial compartment giving
a longer (higher) T1. In untreated tumours, a low tumour T1 has been correlated to
increased necrosis [32], low water content, high levels of soluble protein [31], and low
proliferation. In four different quantitative T1 studies, only decreases were detected in
response to successful therapy with radiation or cytotoxics [34-37]. McSheehy et al (2009)
used animal tumour models to show five anticancer drugs (with different mechanisms of
action) caused a rapid decrease in T1 that often preceded and was strongly correlated with
the change in tumour size suggesting that a fractional change in T1 (AT1) was a useful
generic early-response marker. Furthermore, AT1 did not occur in tumours resistant to that
drug, and AT1 was positively correlated with proliferation markers (Ki67 and choline),

suggesting that AT1 indirectly reflected the number of viable cells in a solid tumour [37].
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Repeatability of a whole body B1 corrected multiple flip angle (MFA) method has been
reported in healthy volunteers with co-efficients of variation across tissue types between 5-
10% when selecting two appropriate flip angles [38].

This study evaluated metastatic T1 relaxation times using multiple flip angle method prior
to, and during, systemic therapy for prediction and evaluation of response to therapy in
patients being worked up for biochemical relapse in radiorecurrent prostate cancer. This
was embedded within an overarching trial, “localising occult prostate cancer metastasis
with advanced imaging techniques (LOCATE trial)”, a prospective cohort, observational
diagnostic accuracy trial investigating whole—body magnetic resonance imaging in radio-
recurrent prostate cancer which primarily aimed to investigate the diagnostic performance
of WB-MRI for detection of nodal and metastatic disease compared to current standard
multimodality imaging comprising 18F-choline PET-CT and 99mTc bone scan (+/- CT-CAP) in

patients with the radio-recurrent PCa [39].

4.3 MATERIALS AND METHODS

Institutional review board approval was granted and patients’ informed consent (written
and verbal) was obtained prior to entry into this prospective study (LOCATE trial received UK
Research Ethic Committee (REC) approval from the National research ethics service (NRES)

Committee London-Chelsea with REC reference 15/L0O/0776).

4.3.1 Patient cohort

Men aged above 18 years who had undergone previous EBRT or brachytherapy (BRT) with
or without neo-adjuvant/adjuvant hormone therapy and under monitoring were found to
have biochemical relapse as determined by increase in PSA (2.0 ng/ mL above the nadir)
were invited to participate between 18/09/2015 to 11/01/2018. Exclusion criteria were men
unable to have MRI scan, or in whom artefact would significantly reduce quality of MRI, as
well as men unable to give informed consent.

In total 132 men were recruited into the LOCATE trial. Within this substudy examining
treatment response, 23 men were excluded because they did not undergo a follow up WB-
MRI. Of the remaining 109, only patients with either locoregional or metastatic lymph node
disease or other extraprostatic metastatic disease (see below) which by expert consensus
required systemic therapy were considered (N=48). A further eleven men were excluded

due to lack of comprehensive follow-up data, 2 patients were excluded due to poor MR
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image quality compromising and 3 men were excluded due to MR occult disease at baseline.
In total 32 men were accrued in this study (mean age 71.3 years; range 55-82 years) and
underwent systemic therapy consisting of predominantly androgen deprivation therapy

and/or systemic chemotherapy (e.g. docetaxol).

4.3.2 Multi-parametric whole body magnetic resonance imaging

Recruited patients underwent WB-MRI scan on presentation with BCR and then nominally at
12 months (follow-up). The follow up scan was performed at median 359 days (range 343 to
378 days) for these patients. All subjects were imaged supine with arms by their side. ‘Full
body’ coverage (vertex to mid-thigh) was obtained through a multi-station acquisition of
contiguous body regions. Coronal WB-MRI T1 weighted modified Dixon imaging at two flip
angles (2.5 and 15 degrees) with coronal dual time to repetition (TR) B1 mapping over the
same stations were performed and complimented by axial T2 weighted turbo spin echo
(TSE), axial DW WB-MRI (using 2 b-values: b0 and 1000 s/mm?2). The coronal mDixon was
repeated post intravenous contrast at 15 degree flip angle. Table 1 demonstrates relevant

MR parameters.

Parameters T2-TSE DWI (b0, 1000) | mDixon- 2.5+15 B1 map
flip angles

Plane Transverse Transverse Coronal Coronal

TE (ms) 80 69 1.15/2.3 2.8

TR (ms) 1228 6300 35 10/50 (extension
90)

Field of view 500x300 500x306 500x300 500x300

Voxel size 1x1 4x4.2 2.1x2.1 2.1x2.1

(mm*mm)

Number of 40 40 120 60

slices

Slice thickness 5 5 5 10

(mm)

Acquisition 500x286 124x72 240x240 120x120

matrix

Echo train 91 39 2 1
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length

Acceleration 2 2.5 2 3
factor (SENSE)

Pixel bandwidth 537 3369 1992 3356
(Hz)

Scan time (s) 47 152 17 172
Number of 5 5 4 (5) 4(5)
stations

Total FH 987.75 987.75 1388 1388
coverage (10% overlap) (10% overlap) (10% overlap)

(mm*mm)

Table 4.1 Table showing whole body MRI (WBMR) parameters. T2-TSE: T2-weighted turbo
spin echo, mDixon: modified Dixon, DWI diffusion weighted imaging, TE: time of echo, TR:
repetition time, SENSE: sensitivity encoding.

4.3.3 Conventional Imaging
Recruited patients had standard imaging investigations according to local and national
guidelines and as below:

1. Multi-parametric prostate MRI: A standard prostate mp-MRI protocol as defined by
the UK consensus guidelines on prostate MRI [40] was used to locally stage prostate
cancer. Conventional T1 and T2-weighted images of the prostate supplemented with
DW-MRI (as per hospital site protocol); and +/- dynamic contrast enhanced (DCE)
T1-weighted images.

2. 99mTechnetium bone scan: performed using 99mTc labelled diphosphonates
administered through intravenous injection. For prostate cancer patients with
suspected bone metastases, the standard protocol employed at the hospital site was
used. As a guide, whole body imaging was conventionally performed with anterior
and posterior views, 256 x 1024 matrix and energy window(s) of 140 KeV.

3. Positron emission tomography-computed tomography (PET-CT): 18F-choline PET-CT
was acquired using a dedicated combined PET/64-detector-CT (VCT-XT Discovery,
GEHealthcare Technology, Chicago, lllinois), CT was performed (for attenuation

correction) using 64 x 3.75mm detectors, a pitch of 1.5 and a 5mm collimation (120
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kVp and 10mA in 0.8 s). Maintaining the patient position, a whole-body choline PET

emission scan was performed and cover an area identical to that covered by CT [41].

4.3.4 Treatment Outcome Categorisation

Multidisciplinary review of at least two years of clinical, biochemical, radiological, and
(where relevant) histopathological follow-up data was attended by at least one of each of
the following clinicians: experienced uroradiologist (XX and/or YY), experienced nuclear
medicine physician/radiologist (ZZ), treating clinical oncologist (AA and/or BB), and
urological surgeon (as well as histopathologist with expertise in prostate cancer where
relevant). Categorisation relied upon baseline and follow-up imaging together with
biochemical and clinical data according to RECIST 1.1 and Prostate Cancer Working Group
modifications thereof incorporating functional changes derived from e.g. BS and PET-CT
[42], however ultimate categorisation was by consensus. This approach was preferred over
sole reliance on traditional PCWG modified response assessments for several reasons e.g.
some of these patients underwent cytoreductive local therapy as well as systemic therapy
such that PSA change may not reflect distant lesional treatment response or otherwise, the
fact that many positive lymph nodes were not technically measurable or even pathological
by size criteria at baseline (>15mm and >9mm respectively; though deemed highly likely
involved due to e.g. choline avidity) and the setting of radiorecurrence in this study.
Categorisation was achieved in consensus on a per patient level into two groups- 50% of
patients demonstrated partial response to therapy (PR; n=16/32) with mean age 70.5 years
(range 55-82) whilst the other 50% of patients demonstrated non-response (either stability,
mixed response or progressive disease) to therapy (NR; n=16/32) with mean age 72.3 years
(range 60-81). Individual lesions were also categorised on the same basis (presented in

results).

4.3.5 Image Analysis

Two experienced radiologists (with six and fifteen years’ experience) in consensus identified
extra-prostatic disease sites on the WB-MRI in each patient with the benefit of
multidisciplinary review and the baseline and post treatment conventional imaging (though
blinded to subsequent outcome information). Volumetric T1 maps (Fig 1) were generated
using dual flip angle (2.5 and 15 degrees) 2-point modified (m)Dixon 'in phase' images by a

linear fitting algorithm [43] with MATLAB (v7.13) incorporating a separately acquired dual
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TR B1 map [44]. Apparent diffusion coefficient (ADC) maps were calculated by mono-
exponential curve fitting of mean signal intensities of all b-values from diffusion weighted
sequences.

A third radiologist (9 years’ experience; blinded for review) aware of the location of each
lesion though unaware of the parametric maps or follow-up data referenced the anatomical
images to volumetrically contour the pre-defined lesions on T1 weighted modified Dixon in
phase images (flip angle 15) and diffusion weighted (b value 50ms) images using dedicated
software (Jim 5.0, Xinapse systems, Thorpe, Waterville, UK) excluding areas of necrosis.
These segmented volumes were then transferred to T1 and monoexponential ADC
parametric maps respectively. Short axis diameter and maximal diameter for bone lesions

were also recorded.

4.3.6 Statistical Analysis

All analyses compared the two outcome groups (i.e. PR versus NR) to assess for significant
pretreatment differences between histographic T1 and ADC metrics and were performed on
an all lesion basis performed separately for lymph node and bone disease (though these
could co-exist and respond differently in the same patient). Additionally, differences in the
12 month T1 and ADC values and percentage change from baseline in cancerous lymph
nodes and bone lesions were analysed. Lesional histographic T1 and ADC differences were
analysed using a linear mixed model (Stata v13, StataCorp LLC, College Station, Texas, USA)
to account for multiple samples per patient. Fitting was performed using response as the
fixed factor and patient as the random factor. Means and 95% confidence intervals (Cl) were
estimated from the model for each patient response group. Where the data was right
skewed the log measurement was used. Where the data was right skewed including
negative values, a small constant was added to all values before the log transformation was
applied with estimated means and 95% Cls back-transformed. Additionally, per lesion
differences in the 12 month T1 and ADC values and percentage change from baseline were
analysed using univariate accuracy for prediction of partial response determined by receiver
operating characteristic (ROC) area under curve (AUC) analysis and 95% confidence

intervals.
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4.4 RESULTS

4.4.1 Patient cohort and lesion distribution

Summarised in Table 2, of the 32 men examined, on a per patient level, half demonstrated
overall partial response to therapy (n=16/32) with the remaining 50% non-response
(n=16/32; stable disease, progressive disease or mixed response). Twenty patients had
lymph node only disease (62.5%), seven men had bone disease only (21.9%) and five had
both lymph node and bone disease (15.6%).

Of the 25 men with lymph node disease, 36 diseased lymph nodes were contoured and
followed up (median 1 node/patient; range 1-3 nodes). Of these 36 nodes, 58.3% (n=21/36)
demonstrated partial response to therapy and the remaining 41.7% (n=15/36) showed non-
response. The majority of involved nodes, 89% (n=32/36) were pelvic, with only four nodes

outside of the pelvis; three retroperitoneal (two responding and one stable disease on

follow up) and one subcarinal (demonstrating stable disease on follow-up).

Patient Total Mean age | Per patient disease type Per lesion type overall and
group Number | (yrs) overall and by response response by type (either LN or
Patients | (range) bone)
(%)
Total 32 54.4 LN only- 62.5% LN- 36 nodes in 25 pts
(n=20/32) (pelvic 88.9% or 32/36)
(100%) (55-82)
Bone disease only- 21.9% Bone- 27 lesions in 12 pts
(n=7/32) (Axial 55.6% or 15/27
Appendicular 44.6% or 12/27)
Bone and LN disease- 15.6%
(n=5/32)
Partial 16 70.5 LN only- 75% LN- 58.3%
Response (n=12/16) (21 LN of 36 total)
(50%) (55-82)
Bone disease only- 18.8% Bone-22.2%
(n=3/16) (6 bone lesions of 27 total)
Bone and LN disease- 6.2%
(n=1/16)
Non- 16 72.3 LN only- 50% LN-41.7%
response (n=8/16) (15 LN of 36 total)
(50%) (60-81)
Bone disease only- 25% Bone- 77.8%
(n=4/16) (21 bone lesions of 27 total)
Bone and LN disease- 25%
(n=4/16)

Table 4.2 demonstrating patient demographics as well as per patient and per lesion
disease distribution overall and by response.
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Of the 12 men with bone disease, 27 bone deposits were contoured and followed up
(median 2 bone deposits/patient; range 1-4 sites). Of these 27 bone lesions, only 22.2%
(n=6/27) demonstrated partial response on follow up. Axial skeletal deposits accounted for
55.6% (n=15/27, two of which, or 13.3%, demonstrated partial response) of these with the
remaining 44.4% being appendicular (n=12/27, four of which, or 33.3%, subsequently

demonstrated partial response).

4.4.2 Lymph node disease

Histographic lymph node parameter changes between baseline and 12 months:

Table 3 summarises histographic values (median, skewness and kurtosis) and ranges of
baseline and post 12 months T1 and ADC values and percentage changes post 12 months in
both partial responding and non-responding lymph nodes. Percentage change in T1 value
after 12 months of systemic therapy in partial responding lymph nodes was significantly
lower at -24% versus +9.1% in non-responders (p<0.0001) and was the best predictor of
response to treatment. ADC percentage change post 12 months of systemic therapy was
significantly higher at +43% in partially responding lesions versus +11% in non-responding
lesions (p=0.015). The mean post 12 month T1 value was slightly lower in partial responding
lesions at 2096ms compared with 2142ms in lesions demonstrating no response, though
this was not significant (p=0.84). The absolute ADC value post 12 months’ systemic therapy
was also higher at 1480 x10-6mm2/s in partial responding vs 1216 x10-6mm?2/s in non-
responding lesions which approached significance (p=0.066). These findings are
demonstrated in Figure 1. All other absolute 12 month T1 and ADC histographic measures as
well as percentage changes of these from baseline were not significantly different between
the two groups. Of those which were significant, percentage change in lymph node T1
values after 12 months systemic therapy was the single best predictor of partial response in
lymph nodes with ROC-AUC 0.92. This was followed by the percentage change in ADC at 12

months from baseline with ROC-AUC 0.75. These are shown in Figure 2.
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Parameter All Patients Partial Non-response P value
Response
(15 nodes) (linear
(21 nodes) mixed)
Baseline short axis diameter (mm) 10 10 11 0.96
(5mm to 25mm) | (mm to 25mm) | (5mm to 25mm)
Median % change size -15.9% -44% 24% <0.0001
(-75% to 87.5%) (-75% to -22%) (-20% to 87.5%)
Baseline mean of median T1 (ms) 2426 2727 2003 0.012
(1056-3178) (1888-3098) (1056-3178)
Baseline mean of T1 kurtosis 0.28 0.21 0.30 0.67
Baseline mean of T1 skewness 0.55 0.66 0.52 0.13
Baseline mean of median ADC (x10- 1092 1081 1108 0.93
6mm2/s)
(726-1874) (726-1500) (862-1874)
Baseline mean of ADC kurtosis 0.79 0.64 0.85 0.42
Baseline mean of ADC skewness 0.71 0.88 0.52 0.55
Post 12 months mean of median T1 2115 2096 2142 0.84
(ms)
(1087-3382) (1100-3191) (1087-3382)
Post 12 months mean of T1 kurtosis 0.77 0.71 0.59 0.66
Post 12 months mean of T1 skewness 0.45 0.54 0.27 0.12
Post 12 months mean of median ADC 1370 1480 1216 0.066
(x10-6mm2/s)
(761-2534) (869-2534) (761-1808)
Post 12 months mean of ADC kurtosis 0.35 0.29 0.51 0.93
Post 12 months mean of ADC skewness 0.77 0.55 0.89 0.68
Post 12 months median % change T1 -9.7% -24% 9.1% <0.0001
(-62% to 64%) (-62% to 2.1%) (-25% to 64%)
Post 12 months median % change ADC 30% 43% 11% 0.015

(-23% to 189%)

(-23% to 189%)

(-12% to 55%)

Table 4.3 Summarising lymph node histographic T1 and ADC values at baseline, after 12
months of systemic therapy and percentage change compared to baseline (parentheses
range) as well as short axis size change denoting response status. Panes coloured yellow
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denote parameters demonstrating significant differences between ‘partial’ responding
and non-responding lesions (p<0.05)
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Figure 4-1 Box plots showing differences between responding and non-responding lymph
nodes (a) Baseline T1 value, (b) Percentage change in T1 value post 12 months, (c)
Percentage change ADC value post 12 months. Box indicates interquartile range, line
median and whiskers most deviated range. Linear mixed method p-values shown.
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Figure 4-2 Receiver operating characteristics of lymph node baseline T1 as well as post 12
month percentage changes in T1 and ADC values for prediction of response with area
under curve (AUC) values as shown (parentheses indicate 95% confidence intervals).
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Histographic lymph node parameter baseline prediction:

In terms of prediction of response by comparison of baseline T1 and ADC values, partial
responding lesions had significantly higher median T1 values with mean of 2727ms versus
2003ms in non-responding lesions (p=0.012). Baseline median ADC values were slightly
lower in lesions going on to demonstrate partial response 1081x10-6mm2/s compared with
1181x10-6mmz2/s in non-responding lesions but this was clearly not significant (p=0.93).
Baseline lymph node T1 values were the best baseline predictor of subsequent partial
response to systemic therapy in lymph nodes with ROC-AUC 0.74 (Figure 2). Other
histographic parameters for both T1 and ADC at baseline were not significantly different and
did not allow meaningful prediction of eventual response. Also of note, the baseline nodes
were not significantly different in size and were below threshold for ‘measurable’ target
lesion status by RECIST response criteria which mandates nodes must be greater than or

equal to 15mm short axis diameter.

4.4.3 Bone disease

Histographic bone lesion parameter changes between baseline and 12 months:

Table 4 summarises histographic values (median, skewness and kurtosis) and ranges of
baseline and post 12 months T1 and ADC values and percentage changes post 12 months in
both partial responding and non-responding bone deposits. Percentage change in T1 value
after 12 months of systemic therapy in partial responding bone lesions was significantly
lower at -19% versus -6.4% in non-responders (p=0.013) and was the only significant
predictor of response to systemic treatment (Figure 3) though this parametric change also
outperformed size decrease with respect to categorising responding and non-responding
bone lesions (p=0.035). ADC percentage change post 12 months of systemic therapy was
marginally higher at +14% in partially responding bone lesions versus +13% in non-
responding lesions but this was not significant (p=0.93). The mean post 12 month T1 value
was slightly lower in partial responding lesions at 1671ms compared with 1777ms in lesions
demonstrating no response, though this was not significant (p=0.58). The absolute ADC
value post 12 months’ systemic therapy was slightly lower at 1061x10-6mm2/s in partial
responding vs 1141 x10-6mm2/s in non-responding lesions again this was not significant
(p=0.28). All other absolute 12 month T1 and ADC histographic measures, as well as

percentage changes of these from baseline, were not significantly different between the
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two groups. Percentage change in bone lesion T1 values after 12 months systemic therapy

was the single predictor of partial response in bone disease lesions with ROC-AUC 0.83 and

is shown in Figure 4.

Parameter All Patients Partial Non-response P value
Response
(21 bone (linear
(6 bone lesions) lesions) mixed)
Baseline short axis diameter (mm) 18 23 17 0.14
(7mm to 50mm) (10 to 50mm) (7mm to 44mm)
Median % change size 18% -11% 26% 0.035
(-40% to 178%) (-40% to 0%) (-11% to 178%)
Baseline mean of median T1 (ms) 1948 2072 1913 0.58
(1350-2750) (1645-2750) (1350-2466)
Baseline mean of T1 kurtosis 0.87 0.96 0.55 0.56
Baseline mean of T1 skewness 0.12 0.05 0.23 0.74
Baseline mean of median ADC (x10- 998 936 1016 0.42
6mm2/s)
(750-1359) (764-1085) (750-1359)
Baseline mean of ADC kurtosis 0.56 0.42 0.71 0.11
Baseline mean of ADC skewness 0.67 0.88 0.57 0.23
Post 12 months mean of median T1 1754 1671 1777 0.58
(ms)
(1136-2250) (1239-2150) (1136-2250)
Post 12 months mean of T1 kurtosis 0.24 0.15 0.38 0.09
Post 12 months mean of T1 skewness 0.56 0.74 0.49 0.56
Post 12 months mean of median ADC 1123 1061 1141 0.28
(x10-6mm2/s)
(913-1501) (935-1217) (913-1501)
Post 12 months mean of ADC kurtosis 0.66 0.79 0.45 0.33
Post 12 months mean of ADC skewness 0.31 0.22 0.46 0.55
Post 12 months median % change T1 -9.3% -19% -6.4% 0.013
(-45% to 13%) (-31% to -7.2%) (-45% to 13%)
Post 12 months median % change ADC 14% 14.2% 13.7% 0.93
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Table 4.4 Summarising bone deposit histographic T1 and ADC values at baseline, after 12
months of systemic therapy and percentage change compared to baseline (parentheses
range) as well as largest diameter size change. Panes coloured yellow denote parameters
demonstrating significant differences between ‘partial’ responding and non-responding
lesions (p<0.05)
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Figure 4-3 Box plots showing differences between responding and non-responding bone
lesions percentage change in T1 value post 12 months. Box indicates interquartile range,
line median and whiskers most deviated range. Linear mixed method p-values shown.
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Figure 4-4 Receiver operating characteristics of the post 12 months percentage change of
bone lesion T1 for prediction of response with area under curve (AUC) values as shown
(parentheses indicate 95% confidence intervals)

Histographic bone lesion parameter baseline prediction:

Bone disease individual lesion sizes were not significantly different between the two
response groups at baseline with mean partial responding bone lesions averaging 23mm
compared with 17mm in the non-responding group (p=0.14). Partial responding bone
lesions had slightly higher median T1 values with mean of 2072ms versus 1913ms in non-
responding lesions but this was not a significant difference (p=0.58). Baseline median ADC
values were slightly lower in bone lesions going on to demonstrate partial response 936x10-
6mm2/s compared with 1016x10-6mm2/s in non-responding lesions but this was also not
significant (p=0.42). Other histographic parameters for both T1 and ADC at baseline were
not significantly different and therefore we did not demonstrate any baseline MR

parameters that facilitated meaningful prediction of eventual response in bone lesions.

4.5 DISCUSSION
This study has demonstrated that for both pathological lymph nodes and bone deposits

involved in spread of radiorecurrent prostate cancer, T1 value measurement and change
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derived from clinically feasible whole body MRI scans can be used to discriminate response
to systemic therapy. To our knowledge this is the first study evaluating the utility of in vivo
T1 mapping in predicting and assessing response to systemic therapy in metastatic prostate
cancer.

With respect to cancerous mPCa lymph nodes, this study found percentage change in T1
values between baseline and post 12 months of systemic therapy was the single best MR
biomarker for differentiating partially responding and non-responding lymph nodes with a
significant decrease of around 20% in T1 values between the baseline and follow-up 12
month scan in responding nodes. Of note whilst these nodes were also significantly
decreased in size, their mean baseline short axis diameters were only on the borderline of
pathology and most were not ‘measurable’ under conventional response criteria such that
they would not be formally be defined as responding nodes under these assessments.
Baseline nodal T1 value was also the only baseline predictor of subsequent response to
therapy in these involved nodes, with responding lesions demonstrating a significantly
higher baseline T1 value compared with those which would go on to demonstrate non-
response. The percentage change in T1 at 12 months outperformed percentage change in
ADC at 12 months (a more widely studied and characterised imaging biomarker for
response) in discriminating response. The finding that those lymph nodes which
demonstrate partial response to chemotherapy by the end of treatment show decreases in
T1 of this order supports preclinical murine tumour model work [45]. This effect has been
postulated to reflect a decrease in remaining viable/proliferating tumour cells due to cell
destruction or inhibition and/or consequent release of proteins and/or metals (causing T1
relaxation) [46]. The demonstration of higher baseline T1 being correlated with subsequent
response to systemic treatment is novel and will also require further work to understand.
With respect to mPCa bone deposits, percentage change in T1 values between baseline and
12 month follow-up scan was the only tested discriminator of partially responding and non-
responding lesions. We can postulate that the mechanisms underpinning this finding are
commensurate with those preclinical indications for soft tissue tumours. This is particularly
important when considering the difficulties bone lesions pose for imaging response
assessment described previously as is perhaps demonstrated by the fact that percentage T1
change actually outperformed size change in differentiating response. In contrast with

lymph nodes however, actual baseline bone lesion T1 values were not sufficiently different
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between those which would go on to partially respond compared with non-responders to
allow meaningful prediction of response. ADC assessment either at baseline or in terms of
change between baseline and 12 months did not allow prediction or discrimination of
responding versus non-responding bone lesions. This is perhaps not unsurprising given that
although there are reports of this metric being useful in assessing response of bone lesions,
there are a similar number reporting to the contrary.

To our knowledge, this is the first study to globally assess tumour response on a whole body
basis in humans with the aim of assessing baseline and change in metastatic prostate cancer
T1 values to differentiate and potentially predict response to systemic therapy. In line with
discussed biomarker validation theory, this contributes to the qualification process of T1
tumour value as a biomarker for response assessment. Prior work (contributing to analytical
validation) has demonstrated that the method used in our study is adequately reproducible
and repeatable across a range of T1 values to detect changes in T1 which might predict
tumour response to systemic treatment before conventional size assessment based on
these findings [38].

This study has several limitations including relatively small sample size; particularly e.g.
partially responding bone lesions (however we were keen to examine these separately due
to their potentially different biological setting as well as the fact they are often problematic
to assess in conventional imaging follow-up). Furthermore we accounted for multiple lesions
per patient in our analysis to compensate for multiple samples. The systemic therapy in
these patients was not homogenous and could also confound the observed quantitative
metrics however as noted in the introduction is not standardised and is often dependent on
a range of factors. Independent verification of disease presence was not confirmed on a
lesional basis e.g. with histology (though clearly this was not ethically or logistically possible
given clinical guidelines). In addition for the purposes of this analysis we opted for binary
categorisation of response as opposed to stratification of response as described by
traditional tumour response criteria.

In conclusion, this study demonstrates that there are significant differences in T1 tumoral
value changes between responding versus non-responding mPCa disease sites which may
aid response assessment and in cancerous lymph nodes baseline T1 measurement could
feasibly be exploited in risk stratification prior to systemic therapy given that traditional

qualitative radiological classifiers of nodal pathology and DWI parameters at baseline were
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poor discriminators of subsequent response. Future work is, however, required to
understand the mechanisms underpinning these observed differences in metastatic

prostate cancer.
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SECTION C: CLINICAL EVALUATION OF
ESTABLISHED MR BIOMARKERS IN
HEAD AND NECK CANCER
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Chapter 5 Clinical Validation (Qualification) of Existing Quantitative
MR Biomarker in Tumour Response Prediction- BOLD imaging in
Head and Neck cancer

CONTRIBUTION:

Primary author responsible for data analysis, drafting, revision, final approval and accuracy/integrity.
5.1 RUNNING TITLE:

Oxygen-enhanced R2* weighted MRI and diffusion weighted MRI of head and neck
squamous cell cancer lymph nodes in prediction of 2-year outcome following

chemoradiotherapy.

5.2 INTRODUCTION
Head and neck squamous cell carcinoma (HNSCC) is common, occurring with an estimated

incidence of greater than 900,000 cases per year, with approximately 60% of patients
presenting with locally advanced non-metastatic disease, and responsible for more than
350,000 deaths per year [1]. The presence of cervical lymph node metastases is an
important adverse prognostic factor [2]. Over the past decade, organ preservation strategies
employing chemoradiotherapy (CRT) have become an accepted alternative to surgery [3]
with 5-year overall survival rates of 30 to 50% [4] though associated with significant toxicity
[5]. Locoregional failure is the predominant pattern of post-CRT relapse occurring in 25-30%
[6] and pre-treatment identification of resistant tumour could facilitate treatment
modification and/or tailored monitoring. Current prognostication strategies include
accurate staging, clinical features [7] and tumour biology markers (e.g. preceding oncogenic
human papillomavirus infection [8]). MRI is established in diagnosis, staging and
radiotherapy planning though ability to discriminate involved lymph remains an area for
development [9]. Short axis diameter and use of morphological criteria (e.g. border
regularity) add value in detection of nodal metastatic disease [10] and has not been applied
as a prognostic tool.

Tumour hypoxia, defined as a mismatch between cellular oxygen demand and supply,
triggers a cellular response in individual cells after only several hours [11] and often occurs
when the distance from a cell to the nearest vasculature is too large for adequate cellular
oxygenation [12]. Successful radiotherapy oxygen for free radical formation induce DNA
cell death [13]. Invasive direct measurement of tumour oxygenation using invasive

Eppendorf computerized histographic oxygen electrode system [14] has confirmed HNSCC
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tumours are hypoxic relative to normal tissue [15] and that increasing tumour hypoxia is
associated with poorer post-CRT outcomes [16]. However, invasive oxygenation assessment
is not practical and potentially suffers for sampling error as the needles samples only the
very local environment at its tip and ignores the heterogeneity that exists across a tumour
which may account for the observation that directly measured tumor oxygenation is not
necessarily an independent predictor of treatment outcome [17].

Nonetheless, other studies have suggested marked tumoral heterogeneity in oxygen
distribution with directly measured hypoxia not necessarily being an independent predictor
of treatment outcomes [17]. Non-invasive MRI measurement of transverse relaxation time
(T2*) has been proposed as a potential marker of tissue oxygenation status [18, 19] offering
measurement of both hypoxic extent and spatial distribution [20-22]. Elevated levels of
deoxyhaemoglobin shorten T2*, thereby generating image contrast and giving an indication
of tissue hypoxia [23], (though quantitative application has yet to be established [24]) with
the potential to detect clinically relevant changes in tumour oxygenation reported in HNSCC
[25]. The inverse of the transverse relaxation time, the transverse relaxation rate
(1/T2*=R2*), is often used as a more convenient marker.

However, R2* is also effected by static magnetic field gradients that are found at tissue-
tissue and tissue-air boundaries. The problem is compounded in the head and neck region
due to the complex shape and anatomy to be imaged. Hence, R2* differences between
measurements performed on air and then breathing hyperoxic gas, could theoretically
reflect differences in oxygenation status whilst removing confounding static susceptibility
gradients effects. The magnitude of the difference has previously been shown to reflect the
tumor hypoxic fraction as determined by histologic pimonidazole labelling [26] though are
influenced by tumour biology/type [27].

Diffusion-weighted imaging (DWI) characterises tissue based on movement of water within
a volume, which depends on microstructural features, such as cellular density, and may be
guantified by the apparent diffusion coefficient (ADC). Adverse biological tumour
characteristics may decrease diffusion restriction of water molecules in HNSCC, and lead to
higher pretreatment ADC. Thus far, however, evidence for the use of pretreatment tumoral
ADC in prediction of sustained response to therapy in HNSCC is mixed [28].

Within this study we evaluate baseline lymph node (LN) T2* relaxation times on breathing

air and 100%-oxygen to predict chemoradiotherapeutic locoregional response at 2 years in
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head and neck squamous cell cancer (HNSCC) and compare against nodal ADC

measurement, short axis diameter and established qualitative radiological features [10].

5.3MATERIALS AND METHODS
Institutional review board approval was granted and patients’ informed consent (written

and verbal) was obtained prior to entry into this prospective study (R&D No: 09/0327).

5.3.1 Patient cohort
Patients aged over 17 years; with histologically confirmed HNSCC staged N2/N3 (AJCC TNM

Cancer Staging Manual 7t edition [29]) and due for primary chemoradiotherapy between
10t™ February 2010 to 31° July 2017 inclusive were eligible (n=105). Patients who declined
trial entry, received incomplete CRT, were unable to undergo MRI, were pregnant or with
prior malignancy were excluded (n=33). Furthermore, those with incomplete two year
clinical, imaging and histopathological follow-up were excluded for subsequent analysis
(n=14), as were those with inadequate/incomplete baseline MR datasets (n=4). In total, 54
patients were accrued (mean age 57.1 years; range 25-79 years) of whom forty-three were
male (mean age 57.7 years; range 33-79 years) and eleven were female (mean age 54.8
years; range 25-74 years). Each patient received CRT according to departmental protocol
involving intensity modulated radiotherapy (IMRT) with minimal dose of 60-70Gy with

concurrent cisplatin (or cetuximab where platin contra-indicated) over 6-7 weeks.

5.3.2 Multi-parametric magnetic resonance imaging
Subjects underwent multiparametric MRI using a 1.5T static magnet (Avanto, Siemens,

Erlangen, Germany) with carotid coils in supine position with median interval to CRT of 22
days. Anatomic axial T2 weighted sequences covered base of skull to upper thorax. Diffusion
weighted imaging was then performed using six b-values (0, 50, 100, 300, 600, and 1000
s/mm?). Axial T2* weighted imaging was undertaken using a multiple gradient echo
sequence (echo times 12, 24, 36, 48ms). T2* images were initially acquired with patient
breathing room air and then repeated after 100%-oxygen inhalation at 15L/min for four
minutes via non-rebreather facemask prior to scanning which continued for the duration of

these sequences. Full MRI parameters are given in Table 1.

T2w TSE T2* GRE STIR- EPI DWI

Orientation Axial Axial Axial
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Repetition time (ms) 6670 1450 9400
Echo time (ms) 93 12, 24, 36, 48 93

Flip angle (degrees) 120 25 90
Bandwidth (Hz/Px) 250 140 1502
Field of view (mm) 180 x 180 195x250 206 x 206
Acquired Matrix 256x256 512x400 128x128
Slice thickness (mm) 3 5 4

Slice gap (mm) 0.3 2.5 0.4
Averages 1 1 4

Phase encoding

direction

Anteroposterior

Anteroposterior

Anteroposterior

Fat suppression No No STIR

Base matrix 256 256x100 128

Number of acquisitions 1 1 1

b-values (s.mm?) n/a n/a 0, 50, 100, 300, 600,
1000

Total acquisition time 2m54s 2mins53s 2m31s

(min)

Table 5.1 Multi-parametric MRI sequence parameters used for study. TSE- turbo spin
echo, DWI- diffusion weighted imaging, STIR- short tau inversion recovery, GRE- gradient

recall echo.

5.3.3 Image Analysis

Multiparametric MR images were evaluated by two experienced head and neck radiologists

(TB and SM; 16 and 9 years’ experience respectively) in consensus to identify pathological

involved head and neck nodes with reference to all prior imaging and cytology/histology

though blinded to 2-year outcome. The short axis diameters of each involved node, the

largest short axis diameter node for each patient and qualitative morphological parameters

for each lymph node as binary descriptors of nodal contour (ovoid/round), margins
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(smooth/irregular), enhancement pattern (diffuse/heterogenous), and necrosis
(present/absent) were recorded. T2* maps for both ‘air’ and ‘100%-oxygen’ were produced
from the multiple gradient echo sequences by previously described numerical fitting
algorithm [30] using Matlab (version 7.13, MathWorks Inc., Natick, MA, USA). ADC maps
were produced using monoexponential least-squares fitting incorporating all b-values.

A third radiologist (HS with 7 years experience; blinded for review) aware of the location of
each pathological node though unaware of the parametric maps or follow-up data
referenced the anatomical images to volumetrically contour the pre-defined nodes on both
‘air’ and ‘100%-oxygen’ 12ms echo T2* weighted images using dedicated software (Jim 5.0,
Xinapse systems, Thorpe, Waterville, UK) excluding areas of necrosis. These segmented
volumes were then transferred to the air and 100%-oxygen T2* parametric maps
respectively (Figure 1). Secondly, the radiologist volumetrically contoured the identified
nodes on b300 diffusion images, and these segmented volumes were transferred to the
monoexponential ADC parametric maps for each patient.

In total 170 nodal volumes of interest (median 3/patient; range 1-13 nodes) were contoured
for each of the ‘air’ and ‘100%-oxygen’ T2* maps and the ADC maps. Median, skewness,

kurtosis were derived for each nodal volume from both of the T2* and the ADC maps.
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Figure 5-1 Seventy four year old female patient with T2 N2b left tongue base squamous
cell carcinoma showing left upper deep cervical nodal mass: (a) T2-TSE axial, (b) T2*
gradient echo (12ms) on air, (c) T2* parametric map on air, (d) T2* parametric map on air
with colour look up table applied

5.3.4 Treatment Outcome Categorisation
Multidisciplinary review of at least two years of clinical, radiological, and histopathological

follow-up data was attended by at least one of each of the following clinicians: experienced
head and neck radiologist (XX and/or YY), treating clinical oncologist (AA and/or BB),

histopathologist with expertise in head and neck oncology and ENT surgeon. Categorisation
was achieved by consensus into two groups- 59% of patients demonstrated sustained post-

CRT complete local response (CR; n=32/54; total 104/170 nodes) with mean age 60.5 years
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(range 39 to 79 years) whilst 41% of patients developed local nodal disease relapse (RD;

n=22/56; total 66/170 nodes) with mean age 57.2 years (range 25 to 75 years).

5.3.5 Statistical Analysis
All analyses compared the two outcome groups (i.e. CR versus RD) to assess for significant

pretreatment differences between short axis diameter, qualitative descriptors and
histographic R2* and ADC metrics and were performed on both a largest node per patient
(LNPP) and all nodes (AN) bases.

LNPP analysis compared short axis diameters using two-tailed Mann Whitney U test and
qualitative classifiers using Fishers exact test. LNPP pairwise parameter differences between
air and 100%-oxygen R2* datasets were calculated using Wilcoxon signed rank test.
Histographic LNPP R2* and ADC parameters differences were compared between outcome
groups using Mann Whitney U test. Statistical significance was assigned at p values below
0.05 performed using SPSS statistics for Windows (version 16; IBM, Armonk, NY, USA).

For the AN analysis, baseline morphological characteristic differences were assessed using
Fisher’s exact test. Nodal short axis diameter and histographic R2* and ADC differences
were analysed using a linear mixed model (Stata v13, StataCorp LLC, College Station, Texas,
USA) to account for multiple samples per patient. Fitting was performed using response as
the fixed factor and patient as the random factor. Means and 95% confidence intervals (Cl)
were estimated from the model for each patient response group. Where the data was right
skewed the log measurement was used. Where the data was right skewed including
negative values, a small constant was added to all values before the log transformation was
applied with estimated means and 95% Cls back-transformed.

For the analysis of paired air and 100%-oxygen measurements within patient groups, a
linear mixed model was fitted using measurement type (air or 100%-oxygen) as the fixed
factor with patient and node as the random factors. Means and 95% confidence intervals

were estimated from the model for each measurement type in the same manner.

5.4 RESULTS

5.4.1 Largest Node Per Patient Analysis
The results of this analysis are summarised in Table 2.
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PARAMETER TREATMENT OUTCOME p-value
GROUP
Complete Residual/
Response recurrent
(CR) nodal disease
(RD)
Number patients (percentage) 32 (59%) 22 (41%)
Qualitative Descriptors
Fisher’s
exact
Contour Round 16 nodes 9 nodes 0.55
Ovoid 16 nodes 13 nodes '
Margins Irregular 20 nodes 10 nodes 0.17
g Regular 12 nodes 112 nodes '
Enhancement Heterogenous | 20 nodes 14 nodes 0.39
Diffuse 11 nodes 8 nodes '
Necrosis Present 19 nodes 17 nodes 0.32
Absent 13 nodes 5 nodes '
Quantitative Parameters
Mann
Whitney
Mean short axis diameter (mm) 185 22.6 021
: -3 2
Mean of ADC median values (10 mm?/s) 091 0.89 0.99
Mean of ADC skewness 059 0.67 063
Mean of ADC kurtosis 1.04 12 0.72
Air 25.6 20.2 0.04
Mean of R2* median values (s?) 100% 02 27.6 225 oo
Wilcoxon p- | 11, 0.055
value
Air 0.757 0.483 0.39
Mean of R2* skewness 100% 02 0.582 0.777 0.32
Wilcoxonp- | ) o, 0.356
value
Air 1.57 0.489 0.64
Mean of R2* kurtosis 100% 02 0.667 1.37 0.44
Wilcoxonp- | 3¢ 0.33
value

Table 5.2 Table summarising comparison between complete responding (CR) and
residual/recurrent lymph node disease (RD) groups on a 'largest node per patient' (LNPP)
basis. Yellow panes indicate those differences which are significant.

Short Axis Diameter and Qualitative Descriptors
Mean short axis diameter was slightly larger for the RD group though this difference was not

significant (19mm for CR group and 23mm for RD group; p=0.21). There were no significant

~ 111~



differences in the binary qualitative radiological descriptors between CR and RD groups (p

values between 0.17 to 0.55).

R2* Parameters
Pairwise comparison revealed a significant increase in median R2* values when breathing

100%-oxygen compared to breathing air in CR group (mean R2*,;=25.6ms, R2*0,=27.6ms;
p=0.012), in RD group whilst there was also a trend to lengthen median T2* this was not
significant (p=0.055) and the changes are illustrated in line graph for each largest node per
patient in Figure 5.2. There were no significant pairwise differences for histogram R2*
skewness or kurtosis (p values between 0.33 to 0.60).

When comparing absolute baseline median R2* values between the two groups, the CR
group largest nodes were significantly longer in R2* times compared to RD group when
breathing air (p=0.04) and close to significant when breathing 100%-oxygen (p=0.05),
illustrated in box plot in Figure 3. No significant differences were observed in R2* histogram
skewness or kurtosis on air or 100%-oxygen between the two cohorts (p values between

0.32 to 0.64).
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Figure 5-2 Line chart demonstrating change in R2* from air to 100%-oxygen in the largest
node per patient for each CR patient (represented by a single green line) and RD patient
(represented by red line) top pane and all nodes bottom.
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Figure 5-3 Box plots showing differences between complete responding pathological
lymph node (CR) and residual/recurrent lymph node disease relapse (RD) groups median
R2* distributions on largest node per patient basis. Left pane shows largest node node
analysis on air and right pane on 100%-oxygen. Box indicates interquartile range, line
median and whiskers most deviated range. Mann Whitney U p values are shown beneath
each plot.

Diffusion weighted imaging Parameters
There were no significant differences between the largest nodal pretreatment median ADC

values between the CR (ADC=0.91 x 10-3mm?/s) and RD (ADC=0.89 x 103 mm?/s) groups
(p=0.99). Furthermore, histogram skewness and kurtosis were also not significantly different

between the two groups (p=0.63 and 0.72 respectively).
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5.4.2 All Nodes Analysis

The results for this linear mixed model analysis are summarised in Table 3.

PARAMETER TREATMENT OUTCOME p-value
GROUP
Complete Residual/
Response recurrent
(CR; n=32 nodal disease
pts/59%) (RD; n=22
pts/41%)
Number of nodes (percentage) 104 (61.2%) 66 (38.9%)
Qualitative Descriptors
Fisher’s
exact
Contour Round 50 nodes 23 nodes 011
Ovoid 54 nodes 43 nodes
Margins Irregular 50 nodes 38 nodes 0.27
Regular 54 nodes 28 nodes
Enhancement Heterogenous | 52 nodes 35 nodes 0.64
Diffuse 52 nodes 31 nodes
Necrosis Present 48 nodes 38 nodes 0.16
Absent 56 nodes 28 nodes
Quantitative Parameters
linear
mixed
Mean short axis diameter (mm) 12.0 13.5 001
(11.0;13.1) (12.1;15.0)
Mean of ADC median values® (10 mm?/s) 0.86 0.88 0.91
(0.81;0.93) (0.83;0.96) '
Mean of ADC skewness 0.72 0.58 0.26
(0.55;0.93) (0.38;0.79)
Mean of ADC kurtosis? 3.74 3.71 0.97
(3.29;4.13) (3.25;4.23) '
. 26.4 22.1
Alr (23.6;29.9) (19.5;25.4) 0.049
. . 28.1 23.6
Mean of R2* median values (s?) 100% 02 (25.1:31.9) (20.8:27.4) 0.07
pairwise p- 0.0006 0.14
value
. 0.5 0.4
Alr? (0.4;0.7) (0.3;0.6) 0.15
Mean of R2* skewness 100% 02° 0-> 0-6 0.91
(0.4;0.7) (0.4;0.7)
pairwise p- >0.99 0.05
value
. 0.2 0.1
Airt (-0.1;0.6) (-0.3;0.5) 0.51
Mean of R2* kurtosis 100% 02° 0-> 0.2 0.26
(0.2;1.0) (-0.2;0.7)
s:l':‘;"'se P- 0.36 0.68
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Table 5.3 Table summarising comparison between complete responding (CR) and
residual/recurrent lymph node disease (RD) groups on an 'all nodes’ (AN) basis using
linear mixed models. Data in parentheses indicate 95% confidence intervals: ?log(x)
measurement used in linear mixed model, Plog(x+1) measurement analysed in linear
mixed model, ‘log(x+1.5) measurement analysed in linear mixed model, %log(x+2)
measurement analysed in linear mixed model. Yellow panes indicate those differences
which were significant.

Short Axis Diameter and Qualitative Descriptors
Mean short axis diameter of all pathological nodes was slightly larger for the RD group

though this difference was not significant (12.0mm for 104 nodes in the CR group and
13.5mm for 66 nodes in the RD group; p=0.10). There were no significant differences in the
binary qualitative radiological descriptors between CR and RD groups (p values between

0.11 to 0.64).

R2* Parameters
All node pairwise comparison again revealed a significant increase in median R2* values

when breathing 100%-oxygen compared to breathing air in CR group (mean R2*air=26.4s?,
R2*02=28.1s; p=0.0006), and in RD group whilst there was also a trend to lengthen
median R2* times, again this was not significant (p=0.14) and is also depicted in Fig 5.2.
There were no significant pairwise differences for histogram R2* skewness or kurtosis (p
values between 0.05 to >0.99).

When comparing absolute all node baseline median R2* values between the two groups,
the CR group nodes were significant lower in R2* value compared to RD group when
breathing air (p=0.049) though this difference was not significant on 100%-oxygen (p=0.07).
No significant differences were observed in all node R2* skewness or kurtosis on air or

100%-oxygen between the two cohorts (p values between 0.15 to 0.91).

Diffusion weighted imaging Parameters
All node DWI comparison revealed there were no significant differences (p=0.91) between

the pretreatment median ADC values between the CR group (ADC=0.86 x 103 mm?/s) and
the RD group (ADC=0.88 x 103mm?/s). Furthermore, ADC histogram skewness and kurtosis

were also not significantly different between the two groups (p=0.26 and 0.97 respectively).

5.5 DISCUSSION
This study has demonstrated that cancerous lymph nodes in patients which subsequently

respond to CRT demonstrate significant lengthening of R2* relaxation times when switching
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from breathing air to 100%-oxygen whilst nodes in patients who relapse within two years do
not suggesting a paradoxical increase in deoxyhaemoglobin on breathing 100%-oxygen in
nodes which respond favourably to CRT. To our knowledge, this is the first study to examine
R2* changes exclusively within HNSCC lymph nodes in response to hyperoxic gas compared
with air correlated with CRT response. The second finding is that responding nodes had
significantly longer baseline R2* times on air compared with relapsing nodes which may
imply more pretreatment hypoxia in responding nodes. Both of these findings are
potentially counterintuitive given prior direct measurement hypoxia studies as well as
several preclinical and early clinical studies evaluating oncological R2* imaging.

It is know that whilst the R2* of the vascular space is dependent on fractional blood
oxygenation, it is also affected by other factors and is a quadratic function of haematocrit
levels and magnetic field strength [31]. Whilst direct inference of tissue hypoxia based on
guantitative R2* measurements may be problematic (though a moderate correlation with
directly measured oxygen tension has been observed in prior validation studies [21]),
differential response to breathing hyperoxic gas circumvents many of these additional
confounding factors by evaluating the significance of relative R2* changes in the same
sitting and thus will likely be the more important finding. Differences in R2* contrast in
cancerous LNs to hyperoxic challenge between prior studies and the current findings may
potentially be explained by the vascular properties of these nodes (most studies focus or
combine with primary tumours) as well as the use of 100% oxygen without hypercapnia.
The magnitude of R2* changes within tumours on breathing hyperoxic gas have been shown
to mirror tumor hypoxic fraction changes as determined by pimonidazole labelling [26]
though in preclinical studies the changes were not directly proportional to the absolute
measured tissue oxygenation [32]. Kotas et al [23] examined changes in T2* values (1/R2*)
in HNSCC tumours in response to breathing 2%-C02/98%-oxygen gas and 100%-oxygen and
demonstrated no significant tumoral T2* differences when breathing either hyperoxic gas
mixture compared to air. However, this study was on a relatively small cohort (13 patients)
and combined assessment of primary HNSCC tumours with involved lymph nodes (only six
lymph nodes were examined). Other studies have examined the effect of breathing
hyperoxic hypercapnic gas (2%-C02/98%-oxygen) on T2* times in HNSCC [33] though

examined primary tumours rather than lymph nodes and demonstrated lengthening in T2*
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times (shortening of R2*) with this gas mixture in eleven primary HNSCC tumours inferring
increasing oxygenation on hyperoxic gas.

Unlike these hypercapnic challenges, 100%-oxygen as used in our study will cause different
physiological effects on respiration, oxygenation and blood flow. It has been noted that
breathing hyperoxic gas results in heterogenous effects on tumour blood flow [34] which
may result in a ‘steal’ effect whereby blood flow may be increased at the expense of an
adjacent location [35]. T2* measurement using multiple gradient echoes should be
relatively robust to blood flow variation [36] however, perturbation due to vasomodulation
can alter the effective concentration of blood in tissues [34] and a decrease in R2* rate will
therefore only occur in hypoxic tumours with functional vasculature that respond in a
certain manner to hyperoxic challenge [37]. A preclinical study by McPhail and Robinson
[38] correlated R2* measurement in a breast tumour murine model validated with
pimonidazole and other quantitative histological markers of hypoxia.

This demonstrated that tumours with a faster baseline R2* and a larger decrease in R2*
with carbogen- breathing were more vascularized and had a greater functional blood
volume than tumors with a slower baseline R2* and negligible response to carbogen-
functional vasculature was central to the observed R2* contrast changes and was said to be
dominated by blood volume. A clinical study has further reported a significant inverse
correlation between breast tumor R2* and grade [39]. It was also noted that both benign
and necrotic tumors were omitted from this clinical study, as necrosis can cause a
paradoxical decrease in R2* owing to the lack of erythrocyte delivery [40].

A recent human prostate cancer study [41] has demonstrated that tumours exhibiting low
R2* times stained positive whilst those with high R2* were negative to pimonidazole
staining which was attributed to tumour regions occurring in tissues which were highly
vascularised. It is increasingly clear that, in the context of hypoxia, R2* measurement can
vary widely, and may be highly dependent on the tumor examined and its vasculature and
further evaluation of the tissue bases of these contrast mechanisms is required.
Nonetheless, this first demonstration of a significant difference in R2* response to hyperoxic
gas (and potentially in the baseline R2* characteristics) of responding nodes compared with
those which relapse within two years of CRT is in itself important. We posit that the

underlying the observed R2* differences between the outcome groups may thus relate to
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lymph node specific blood flow/vascular mechanisms as well as hypoxia which would
potentially be useful for exploitation in biomarker development.

The requirement for predictive HNSCC biomarker development is reinforced by the
demonstration that pre-treatment nodal short axis diameter and various conventionally
employed qualitative morphological descriptors of malignancy were, perhaps unsurprisingly,
not useful as discriminators of subsequent successful response to CRT.

Furthermore, this study also demonstrated that baseline diffusion weighted imaging
parameters derived from monoexponential ADC were not significantly different between
those nodes demonstrating sustained local complete post CRT response and those that
subsequently relapse. Again, this is perhaps not unexpected as there have been conflicting
results in other studies. A previous study specifically examining nodal HNSCC failure after
CRT demonstrated significantly higher mean pre-treatment ADCs than in relapsing nodes
compared with those that were controlled [42].

Other studies have found that, though there were trends towards higher pretreatment ADC
predicting treatment failure, the relationship was not significant [43] whilst another study
demonstrated the opposite relationship based on two-year disease free survival [44].
Additionally it should be highlighted that there is a lack of generalizability of DWI data given
variable b value selection and indeed variability of ADC values across MRI systems and
sequences [45].

This study has some limitations that should be considered. The sample size is relatively small
though the analysis of multiple nodes in both groups per patient (with linear mixed
modelling to account for sampling) does recapitulate the largest node per patient
differences between CR and RD groups. Independent verification of nodal oxygenation was
not undertaken (e.g. using invasive polarographic electrode measurement or histological
verification) though would probably not be feasible in this cohort given the number of
nodes examined. It is also difficult to account for true physiological oxygenation fluctuation
in blood flow within tumour capillary network that can lead to well described transient or
cyclical hypoxia [46]. As noted previously, there is considerable heterogeneity within
tumour volumes particularly with respect to R2* and under hyperoxic breathing [23]- the
use of volumes (rather than single axial regions) of interest was employed to mitigate this
effect as far as possible. Previous clinical R2* studies have employed between 4 to 16 echo

times though it has been demonstrated that the signal acquired with GRE sequences can be
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dominated by noise for longer echo times [25]. Lastly, this study used room air rather than
medical air from cylinder.

In conclusion, this study demonstrates that the significant differential response to 100%-
oxygen and higher baseline R2* measures between responding versus non-responding
HNSCC lymph nodes could be exploited in risk stratification prior to CRT given that
traditional qualitative radiological classifiers of nodal pathology and DWI parameters at
baseline were poor discriminators of subsequent local response. Future work is, however,
required to understand the contrast mechanisms of R2* imaging underpinning these
observed differences in the context of hypoxia and would benefit from more formal
evaluation of confounding factors (e.g. blood volume fraction and macroscopic field

homogeneity) as well as direct histological verification in the HNSCC setting.
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Chapter 6 Clinical Validation (Qualification) of Existing Quantitative
MR Biomarker in Tumour Response Prediction- diffusion weighted
modelling in Head and Neck cancer

CONTRIBUTION:

Primary co-author responsible for data analysis (barring extended DWI modelling which was
performed with post-doctoral colleague), drafting, revision, shared final approval and co-responsible
for accuracy/integrity.

6.1 RUNNING TITLE
Comparison of diffusion MRI characteristics of cervical lymph nodes using exponential

diffusion models in patients with head and neck squamous cell carcinoma

6.2 INTRODUCTION

Computed tomography (CT) and magnetic resonance imaging (MRI) have similar
performance for detection of cervical nodal metastasis with a reported accuracy 78% and
82% respectively [1]. Local disease recurrence following therapy can occur in over 50% of
patients with head and neck squamous cell carcinoma (HNSCC) who present with nodal
metastases at initial staging [2]. One possible explanation for local recurrence maybe the
inaccuracy of detecting all disease sites using conventional imaging, resulting in
undertreatment of undetected disease sites.

In oropharyngeal HNSCC, the identification of the human papilloma virus (HPV) status is an
important prognostic feature [3]. Although there is no consensus in terms of the best
method for HPV detection, p16 immunohistochemistry (IHC) is considered as a sufficient
surrogate marker [4], supporting a more favourable prognosis with p16 overexpression [5].
However, in non-oropharyngeal HNSCC, the prognostic value of p16 is still uncertain [6].
Whilst distribution of disease provides some prognostic information, by itself it is unable to
differentiate between patients that do and do not demonstrate recurrence following
chemoradiotherapy (CRT).

Diffusion weighted (DW) MRI and the assessment of apparent diffusion coefficient (ADC) are
considered powerful imaging tools in oncology [7]. The last decade has seen increased
exploration of ADC as an imaging biomarker for both the detection [8-12] and treatment
response prediction [9-15] in the management of HNSCC. However, studies report varying
degrees of success of using DW-MRI (with simple calculation of mono-exponential ADC) for

these purposes [16, 17]. More complex diffusion models [18, 19] and analysis protocols exist
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and can potentially provide more specific information of individual diffusion components,
such as histogram analysis of ADC distribution to provide inter-voxel heterogeneity
assessment or a stretched exponential diffusion fitting model [20] which can provide
information about intra-voxel diffusion heterogeneity. Imaging heterogeneity has previously
been correlated with a number of cancer types [21, 22].

Diffusion heterogeneity assessed by histogram analysis in HNSCC patients has previously
been reported as helpful in classifying primary tumour sites [23-26] and predicting
treatment response [27]. To date there is little reported on the application of diffusion
heterogeneity to the classification of HNSCC lymph nodes or the prediction of local nodal
disease recurrence following chemo-radiotherapy.

The aim of this study was therefore to determine whether pre-treatment nodal
microstructural heterogeneity, as reflected through diffusion MRI characteristics, can
classify diseased from normal nodes and/or predict local disease recurrence of patients with

HNSCC.

6.3 MATERIALS AND METHODS

6.3.1 Patient population

Institutional review board approval was achieved and written informed consent obtained
from all patients and healthy volunteers for this prospective study. From March 2010 to July
2017, 79 patients with histologically confirmed head and neck SCC with unilateral cervical
nodal N2/N3 metastatic disease [28] were recruited prior to chemo-radiotherapy or
radiotherapy only. 5 patients declined trial entry and 2 had neck dissection without any
residual disease. Subsequently, 72 recruited patients underwent up to two years (2yr) of
clinical, imaging and histopathological follow-up. Exclusion criteria were related to MR
imaging, i.e incomplete 2yr MR dataset, claustrophobia, pacemaker, metallic implant,
protocol deviations, poor image quality. Patients that were recruited and died, prior to
completion of 2yr follow-up, of causes unrelated to HNSCC were excluded from analysis.
14/72 patients were excluded from analysis; 8 due to incomplete 2yr follow-up, 2 due to
death from causes unrelated to HNSCC within the 2yr follow up period; and 4 due to
inappropriate MR imaging. Patient selection is illustrated in Figure 1. 58/72 patients (mean
age 57.1 years; range 25 to 79 years), 46 males (mean age 57.7 years; range 33 to 79 years)

and 12 females (mean age 54.75 years; range 25 to 74 years), completed 2yr follow-up. To
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compare the microstructural heterogeneity between diseased and healthy nodes, 8 healthy
volunteers were also recruited (mean age 43.4 years; range 19 to 65 years), 3 male (mean
age 58 years; range 50 to 65 years) and 5 female (mean age 39.4 years; range 19 to 56
years), from March 2010 to March 2012. For the volunteers’ scans, inclusion criteria were
no previous malignancy and infective disease and the exclusion criteria were

contraindications to MR imaging.

(Mumber of patients: 72)

[ Eligible for study ]

[ Excluded, incomplete dataset ]

L (Number of patients: &)

Full available dataset
(Mumber of patients: 64)

r Excluded, incomplete dataset ]

L {Mumbser of patisnts: &)

- - Death no related Protocol Poor image
Complete dataset for analysis to HN relapse variations quality
{Mumber of patients: 58] (Murmnber of patients: 2) (Mumber of patients: 2) [Mumber of patients: 2)

Figure 6-1 Trial summary flow chart illustrating the patient selection

6.3.2 Nodal staging and p16 assessment

Two experienced head and neck radiologists (with 18 and 10 years of experience
respectively) reviewed all CT and anatomical MRI and performed neck ultrasound (US) in all
patients, as per local standard of care. Cervical nodes were assessed as per the Union for
International Cancer (UICC):TNM Classification of Malignant Tumour [29]. The largest node
within the neck was sampled by US guided fine needle aspiration (FNA) and N2a/N2b or

N3status confirmed.
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In 33/58 patients, fluorescence in situ hybridization (FISH) was performed for the
assessment of p16 expression. Not all the oropharyngeal patients underwent p16 testing as

this became standard of care at our institution during the course of this study.

6.3.3 Treatment outcome
Each patient received a 2yr follow up, including clinical, radiological and histopathology

examinations approximately every 3 months. Based on the multidisciplinary consensus
review of this follow up, the patients were categorised into post-therapy local complete
response (CR) and nodal recurrent disease (RD) depending on the presence or absence of

any local disease recurrence.

6.3.4 Research MRI protocol

Patients pre-treatment and healthy volunteers were scanned on a 1.5T MR scanner
(MAGNETOM Avanto, Siemens AG, Erlargen, Germany) using the carotid coils in the supine
position. Axial T2 weighted (Periodically Rotated Overlapping ParallEL Lines with Enhanced
Reconstruction (PROPELLER)) and DW images were acquired covering the neck, base of skull
to upper thorax (Table 1). For the DW acquisition, images with 6 different b-values were
acquired. The low b-values (b= 0, 50,100 s/mm?2) images were obtained for reflecting the
signal loss mainly due to micro-capillary perfusion and the higher b-values (b= 300, 600
,L1000 s/mm2) images for reflecting the signal loss mainly of the diffusion component. This

approach provided a clinically acceptable acquisition time of 4 to 5 minutes.

Parameter T2 weighted PROPELLER Diffusion weighted

Single shot echo planar

Sequence Turbo spin echo
imaging
Slice orientation Axial Axial
Field of view [mm (read) x mm
180 x 180 206 x 206
(phase)]

Acquired matrix (read) 256 128
Reconstructed matrix (read) 256 256
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Number of signal averages 1 4

Slice thickness (mm) 3 4
Slice gap (mm) 0.3 0.4
Number of slices 60 40 to 46

Parallel imaging reduction

2 2
factor
Echo time (ms) 107 88
Repetition time 6310 8700
Fat suppression n/a Short tau inversion recovery
Diffusion weightings (s/mm?) n/a 0, 50, 100, 300, 600 and 1000

PROPELLER — Periodically Rotated Overlapping ParallEL Lines with Enhanced Reconstruction

Table 6.1 T2 and diffusion weighted pulse sequence parameters.

6.3.5 Diffusion parameter extraction

Mono-exponential (Eq. 1) and stretched exponential (Eq. 2) models were fitted to all pixels
of the trace DW images of each slice using a least-squares fit for all b-values (MATLAB 2016;
MathWorks Inc., Natick, MA). A radiologist with 5 years of experience, aware of the location
of sampled nodes and nodal status at conventional staging, reviewed the T2- weighted
PROPELLER and trace DW images. Volumes of interest (ROI) were drawn using Jim 5.0
software (Xinapse Systems, Thorpe, Waterville, UK). For the patient groups, the radiologist
contoured the ROIs on DW images of b=300s/mm2 on each imaging slice containing the
metastatic node, encompassing all solid nodal tissue while avoiding any macroscopic
necrotic and cystic area (Figure 2). For the healthy volunteers, the radiologist contoured one
or more normal node ROIs per volunteer on DW images of b=300s/mm2 on each imaging
slice containing the specified node taking care to only include nodal tissue whereby each
selected node was clearly visible and suitable to draw around. For both cases, the ROIs from
the DW images were electronically transferred to the corresponding calculated maps and a
list of voxel by voxel diffusion parameter values were derived for each node (Figure 3). For
each patient and volunteer node: the histogram distribution of ADC and DDC values for the

entire nodal volume and the median o value were estimated.
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Figure 6-2 (a) Axial Periodically Rotated Overlapping ParallEL Lines with Enhanced
Reconstruction (PROPELLER) T2-weighted image demonstrating two diseased nodes,
arrows denoted the diseased nodes) in 56-year old man. (b) Axial diffusion weighted trace
(DW) image (b=300 s/mm2) with the contoured regions of interest in 56-year old man.

Figure 6-3 Calculated parametric diffusion maps (a) apparent diffusion coefficient (ADC)
map, (b) alpha (&) value map and (c) distributed diffusion coefficient (DDC) map with the
contoured ROIs in 56-year old man.

6.3.6 Statistical analysis

To assess if there are significant differences between the histogram metrics of ADC and DDC
values and the median a values of the patients’ groups and the healthy volunteers, each
variable was compared between the groups. For the statistical analysis, a linear multilevel
(mixed) model was used to account for patient’s contributing more than one node and for
the inter-patient variability (StataCorp 2013. Stata Statistical Software: Release 13. College
Station, TX: StataCorp LP). Two-level models were used with measurements from individual

nodes nested within patients. The majority of the diffusion parameters were analysed on
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the original scale of each measurement. The exceptions were the kurtosis values, which
were found to have highly positively skewed distributions, and were thus analysed on the
logarithmic scale. A significance level of 0.05 was used for all comparisons.

The difference in p16 status between CR and RD patients was assessed, in the subgroup
where this information was measured. Due to the relatively small numbers of patients with

the p16 assessment, this analysis was performed using Fishers exact test.

6.4 Results

In this study, 205 cancerous nodes were analysed from 58 patients and 40 normal nodes
from the 8 healthy volunteers. Patient demographics, primary tumour site and TNM stage
are shown in Table 2. After the 2yr follow-up, 32 patients (55%) had confirmed local
complete response (109 nodes from CR patients) and 26 patients (45%) demonstrated local
nodal recurrent disease (96 nodes from RD patients).

The pre-treatment ADC histogram derived metrics of patients and healthy volunteers and
their statistical comparisons are presented in Table 2. Tables 3 summarises the pre-
treatment histogram and statistical analysis of the DDC values assessing the inter-voxel
heterogeneity, as well as the median o values assessing the intra-voxel heterogeneity
utilising the stretched exponential model of each patient group and healthy volunteers and

their comparisons. The p16 status of CR and RD patient groups are summarised in Table 4.

Patients (CR CR patient RD patient Healthy
and RD) group group group Volunteers

(58 patients, 205 (32 patients, 109 (26 patients, (8 volunteers,

nodes) nodes) 96 nodes) 40 nodes)
ADC
(102 mm?/s)
Minimum 0.46 + 0.20 0.46 + 0.18 0.47 £ 0.22 0.46 + 0.17
25" percentile 0.74 £ 0.17 0.74 £ 0.11 0.75+£0.21 0.67 £0.12
75" percentile 0.96 + 0.21 0.95+0.16 0.98 + 0.25 0.88 +0.16
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Maximum 1.48 +0.35 1.48 £+ 0.36 1.49 +0.33 1.14+0.23
Median 0.85+0.18 0.84 +£0.13 0.86 £ 0.23 0.78 £0.13
Mean 0.86 + 0.18 0.85+0.13 0.87 £ 0.22 0.78+0.13
Skewness 0.63+0.71 0.66 £ 0.76 0.59 £ 0.64 0.16 £ 0.51
Kurtosis 3.54[2.87,4.51] 3.70[3.00, 4.57] 3.32[2.77, 3.05[2.35, 3.52]
4.48]
Comparisons
Patients (CR CR group RD group CR group
and RD) group versus healthy versus versus RD
versus healthy volunteers healthy group
volunteers volunteers
P value
Minimum 0.82 1.00 1.00 1.00
25" percentile 0.16 0.73 0.41 1.00
75" percentile 0.16 1.00 0.42 1.00
Maximum 0.22 0.003 0.006 1.00
Median 0.23 1.00 0.47 1.00
Mean 0.14 0.69 0.31 1.00
Skewness 0.001 0.003 0.02 0.95
Kurtosis 0.001 <0.001 0.04 0.47

Table 6.2 ADC histogram results from patients and healthy volunteers (including mean *
standard deviation for all the metrics, and median and inter-quartile range for kurtosis),
and statistical results (p values) derived from the different comparisons (ADC: apparent
diffusion coefficient; CR: Post-therapy local complete response patients; RD: Post-therapy
nodal recurrent disease patients).

Patients group

CR patient

RD patient

Healthy
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(58 patients, 205

group

group

Volunteers

nodes) (32 patients, 109 (26 patients, 96 (8 volunteers,
nodes) nodes) 40 nodes)
DDC
(10 mm?/s)

Minimum 0.40+0.23 0.38+0.21 0.41 +0.26 0.36 £ 0.20
25" percentile 0.76 £0.20 0.76 £ 0.16 0.77 £0.23 0.68 £0.16
75" percentile 1.07+£0.28 1.06 £ 0.27 1.08 £ 0.29 0.97 +£0.24
Maximum 2.42 +0.96 240+1.01 2.44 +0.90 1.85+0.92
Median 0.90 +0.22 0.89 +0.20 0.90+0.24 0.81 +0.17
Mean 0.95+0.24 0.94 +0.23 0.95+0.25 0.84 +0.19
Skewness 143+1.14 140+1.16 146+1.11 1.03+1.28

Kurtosis 5.96 [3.95, 10.03] 6.08 [4.28,10.21] 5.74[3.71,9.89] 4.20[2.60, 9.61]

Comparisons

Patients group CR group RD group CR group

(CR and RD) versus healthy versus healthy versus RD
versus healthy volunteers volunteers group

volunteers
P value

Minimum 0.86 1.00 1.00 1.00
25" percentile 0.15 0.65 0.40 1.00
75" percentile 0.29 1.00 0.71 1.00
Maximum 0.008 0.05 0.03 1.00
Median 0.31 0.80 0.50 1.00
Mean 0.15 0.65 0.40 1.00
Skewness 0.06 0.28 0.18 1.00
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Kurtosis 0.03 0.12 0.12 1.00
Patients group CR patient RD patient Healthy
(58 patients, 205 group group Volunteers

nodes) (32 patients, 109 (26 patients, 96 (8 volunteers,
nodes) nodes) 40 nodes)
(04
Median 0.76 £ 0.09 0.75 £ 0.07 0.78 £ 0.10 0.73 £ 0.08
Comparisons
Patients group CR group RD group CR group
(CR and RD) versus healthy versus healthy versus RD
versus healthy volunteers volunteers group
volunteers
P value
(04
Median 0.31 1.00 0.54 0.92

Table 6.3 DDC histogram results and alpha (a) values from each patient group and from
the healthy volunteers (including mean + standard deviation for all the metrics, and
median and inter-quartile range for kurtosis), and statistical results (p values) derived
from the different comparisons (DDC: distributed diffusion coefficient; a.: alpha value; CR:
Post-therapy local complete response patients; RD: Post-therapy nodal recurrent disease

patients).
Number of CR Number of RD
P value
patients (%) patients (%)
pl6 status
p16 positive (p16+) 19 (86%) 6 (55%)
pl6 negative (p16-) 3 (14%) 5 (45%)

Table 6.4 p16 status of the patients and comparison (p value) between the two patient
groups (CR: Post-therapy local complete response patients; RD: Post-therapy nodal

recurrent disease patients).
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6.4.1 Healthy volunteers vs. Patients analysis

The ADC nodal histogram distribution was more skewed (0.63, 0.66, 0.59, 0.16 for all
patients, CR group, RD group and healthy volunteers respectively) and more “peaked”
(kurtotic) (3.54, 3.70, 3.32, 3.05 for all patients, CR group, RD group and healthy volunteers
respectively) in patient groups compared with healthy volunteers (p-value<0.001 for
skewness and p-value: from 0.001 to 0.003 for kurtosis). The median nodal ADC value of the
healthy volunteers was slightly lower compared to the patient groups (0.85 x 10-3 mm2/s,
0.84 x 10-3 mm2/s, 0.86 x 10-3 mm2/s, 0.78 x 10-3 mm2/s for all patients, CR group, RD
group and healthy volunteers respectively), but this did not reach statistical significance (p-
value from 0.23 to 1.00) .

The DDC nodal histogram distribution demonstrated significant increased kurtosis (5.96,
6.08, 5.74, 4.2 for all patients, CR group, RD group and healthy volunteers respectively) in
the overall patient group compared with healthy volunteers (p-value=0.03 between patients
and volunteers). However, this did not reach statistical significance. The median nodal DDC
value of healthy volunteers was lower compared to the patient groups (0.90 x 10-3 mm2/s,
0.89 @ 10-3 mm2/s, 0.90 x 10-3 mm2/s, 0.81 x 10-3 mm?2/s for all patients, CR group, RD
group and healthy volunteers respectively), however differences did not reach statistical
significance (p-value from 0.31 to 1.00).The median nodal stretched exponential derived a
value of healthy volunteers was lower compared to patient groups (nodal DDC value of the
healthy volunteers was lower compared to the patient groups (0.85, 0.84, 0.86, 0.78 for all
patients, CR group, RD group and healthy volunteers respectively), but not significantly

different (p-value from 0.31 to 1.00).

6.4.2 Complete response vs Recurrent disease Patient analysis

CR patients were more likely to be p16-positive (p16+) with 86% of this group having this
status, compared to only 55% of RD patients (Table 5). The comparisons of ADC and DDC
histogram analysis didn’t show any statistically significant difference between CR and RD
patient groups (for ADC comparisons: p-value ranged from 0.47 to 1.00 and for DDC
comparisons: p-value=1.00). Lastly, no statistically significant difference in median o values

(CR=0.75, aRD=0.78) were shown between the two patient groups (p-value=0.92).
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6.5 Discussion

Our study aimed to determine whether pre-treatment nodal microstructural heterogeneity,
as reflected through diffusion MRI characteristics, could classify diseased from normal
nodes and/or predict local disease recurrence of patients with HNSCC. We utilised two
exponential models for the histogram analysis, namely the well-established mono-
exponential model for the ADC assessment, and the stretched-exponential model for the
assessment of DDC and « value derivation; the latter allows interrogation of intra-voxel
diffusion heterogeneity [30-32]. Histogram analysis was utilised for ADC and DDC
assessment to provide a measures of inter-voxel heterogeneity [20, 23, 33].

Our main finding was that nodal disease could be identified by assessing inter-voxel
diffusion heterogeneity, through ADC histogram analysis. The significantly increased kurtosis
in diseased patient nodes suggests a decrease in heterogeneity for the larger part of the
diseased nodal volume with voxels with a narrower range of ADC values compared with the
broader distribution of healthy volunteer nodes. The increased skewness in patients
resulted from distributions with longer right tail, which may be due to micronecrosis [34],
resulting in very high ADC values and in asymmetric ADC distributions. In HNSCC primary
tumour, the value of the ADC histogram analysis has been applied to assess differentiation
of tumour grades [25] and reflect tumour heterogeneity [33]. Our study suggests that a
similar approach is valid for classification of lymph node disease status in HNSCC patients.
Our second, unexpected, finding was that the mean or median ADC values across the whole
volume of the lymph nodes was not significantly different between the patients and the
healthy volunteers. Other researchers have reported significant differences between benign
and malignant cervical lymph nodes. However, in these studies [2, 8, 35-37] the patient
population was smaller (ranged from 16 to 32 patients) than in our study (58 patients), no
healthy lymph nodes were included and a mean ADC value was used for the ADC
comparison. To our knowledge, there are no other studies utilising ADC histogram analysis
of lymph nodes in patients with HNSCC. In the current study the ADC distribution of each
node was assessed taking into account the contribution of all the voxels within that node.
The intra-voxel (o value) and the intervoxel (DDC histogram distribution) MRI diffusion
heterogeneity assessed by the stretched exponential couldn’t classify the diseased nodes
from the healthy volunteer nodes, and only a significant higher kurtosis in the DDC

distributions of the diseased nodes was observed. Reported comparisons of the diagnostic
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performance of different exponential models at various cancers have revealed the potential
value of DDC and « values in tumour discrimination in ovarian cancer [38], cervical
carcinoma [39], grading of gliomas [40], and in prostate cancer [30, 41, 42]. However, in
these studies mean and median of and DDC values were utilised only in the primary
tumours. In our study, we not only assessed the median of o values of lymph nodes in
HNSCC patients, but also the DDC histogram distribution. These results suggest that the
stretched exponential model analysis was not able to identify nodal disease.

Our study didn’t show any significant difference in any metric of the ADC histogram analysis
between the two patient groups. There is an increased interest in investigating the
correlation between the pre-treatment ADC and the treatment outcome in HNSCC tumours
[9, 10, 43, 44]. In predicting treatment response through the nodal MRI diffusion
characteristics assessment in HNSCC patients [12, 16, 34], lower ADC values have been
reported in responders than in non-responders, whereas in these studies the mean and
median ADC values were across the primary tumour only. In the current study, all the ADC
values from all the voxels through the node were included for the ADC nodal histogram
analysis. Similarly, the DDC histogram analysis and the median a value didn’t reveal any
significant differences between the patient groups. a value is a stretching parameter taking
into account the distribution of the diffusion coefficients within a voxel [19]. In breast
cancer [32] and in nasopharyngeal carcinoma staging [45], the mean DDC values and the a
values were able to predict treatment response. However, in these studies DDC values were
estimated across the tumour, while we estimated the DDC histogram analysis across the
whole metastatic lymph nodes.

Recently HPV status is recognised as a prognostic marker in oropharyngeal HNSCC; patients
with positive HPV responded better to treatment and demonstrated better overall survival
as compared to the patients with negative HPV [5]. In our study, the assessment of HPV
status, by p16 expression in a subgroup of patients, showed that CR group was more likely
to be p16+ than the RD group, albeit without reaching statistically significance. Different
groups have investigated whether there is a relationship between MRI diffusion
characteristics and HPV status, reported either statistically significant correlation between
them [4, 33] or not [46]. This type of analysis was outside the scope of the current study.
Our study had some limitations. The sample size was reduced, because a number of the

enrolled patients didn’t manage to complete the 2y follow-up, but the fact that our d