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Abstract

Cancer is the leading cause of death globally; ahead of heart disease, stroke and chronic
obstructive pulmonary disease. There were 8.2 million attributed deaths in 2012 [1],
and the number of new cases is expected to increase by 70% in the next two decades
[2]. Development of novel new therapies has consequently become a multi-billion dollar
industry. However, the development of new cancer therapies is limited by our ability to
accurately quantify their effects. This thesis focuses on the development of novel non-
invasive biomarkers for assessing changes in tumour microstructure.

In chapter 3, the capabilities of an in-house diffusion MRI technique known as Vascular,
Extracellular and Restricted Diffusion for Cytometry in Tumours (VERDICT) are inves-
tigated. The technique was used to detect changes in tumour microstructure caused by a)
tissue fixation and b) administration of temozolomide therapy.

In chapter 4, the development of a Monte Carlo tissue diffusion simulation framework is
described. The simulation framework is then applied as a tool for validating diffusion MRI
models, including VERDICT.

Chapter 5 presents an exploration of the potential applications of machine-learning based
approaches within the field of diffusion MRI. In a preliminary study, a neural network is
trained on synthetic diffusion MRI data, and applied to real-world in-vivo data to try and
extract microstructural tissue features without the need for explicit model fitting.

The overall aim of this thesis was to assist in the development and validation of advanced
diffusion MRI modelling techniques, and explore the future potential of synthetic data
and machine-learning models in the extraction of new cancer biomarkers.
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Impact Statement

The findings of this thesis provide further demonstration of the capabilities of advanced
compartmental diffusion MRI models such as VERDICT. Further, the development of a
sophisticated Monte Carlo simulation framework provides a powerful tool for validating
complex diffusion models applied in tissues where the effect of perfusion in the microvas-
cular network cannot be neglected. The exploratory research into using synthetic data to
train machine learning algorithms demonstrates the huge potential for machine-learning
based approaches within the field of diffusion MRI modelling.

The work presented in the first results chapter in this thesis demonstrates that compart-
mental models such as VERDICT are able to detect changes in the microstructure of
tumour tissue caused by therapeutic response at an earlier time point than conventional
methods.

In the second results chapter, for the first time, the development of a Monte Carlo simu-
lation framework that incorporates the effects of tissue diffusion and microvascular blood
flow is presented. The blood flow components have been simulated on vessel substrates
extracted from real tumour networks. The simulation framework developed in this chapter
has a wide range of applications. Foremost, it provides further insight into the behaviour of
the complex mathematical models used to interrogate diffusion MRI data. Furthermore, it
allows the relationship between the model parameters and the true microstructural tissue
features to be investigated. This is crucial if such models are to be successfully translated
into the clinical setting.

In the final results chapter, an additional application of the simulation framework is pre-
sented. Synthetic diffusion MRI data is used as the training dataset for a neural network
model, that aims to ‘learn’ the direct relationship between the raw MRI signal and the
microstructural tissue features, without the need for explicit model fitting. This work
demonstrates the huge untapped potential of machine-learning models in the field of dif-
fusion MRI, and provides a foundation for future research.
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Motivation and Thesis Overview

1.1 Motivation

The development of new cancer therapies is limited by our ability to accurately quan-

tify their effects. The Response Evaluation Criteria in Solid Tumours (RECIST), first

published in 2000 [7] and updated in 2009 [8], are the most commonly used method for

assessing whether or not an administered therapy has been effective in treating a patients’

cancer. The process involves assessing the overall tumour burden at baseline via mea-

surement of the longest diameter of up to five target lesions. This will usually involve

imaging the affected organ(s) with a modality such as MRI, CT or ultrasound. The sum

of the longest diameters is calculated and used as the reference value for characterising

the degree of tumour response. A decrease of the sum of longest diameters by more than

30% is classed as Partial Response (PR), and complete disappearance of all target lesions

is classed as a Complete Response (CR).

In many cases the bulk tumour volume is a sensitive predictor of disease progression or

response to therapy. However, an increasing number of newly-developed ’novel’ cancer

treatments are not guaranteed to cause a significant change in the bulk volume of the

tumour lesions. This is due to the fact that many of these new therapeutics are cytostatic,
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rather than cytotoxic, in nature. Cytostatic therapies work predominantly by inhibiting

the uncontrolled growth of cancer cells, and can prevent the tumour from spreading or

undergoing metastasis. As a result such therapies do not directly cause the widespread cell

death associated with cytotoxic drugs. Other new treatments may target specific metabolic

signalling pathways within the cells. It is therefore essential to develop new non-invasive

imaging biomarkers that are sensitive to the changes in tumour pathophysiology caused by

new treatment methods. Microstructural tissue features such as cellularity, cell radius and

microvascular properties have been hypothesised as being useful short-term and long-term

markers for therapy response [9, 10].

Currently, in order to measure the aforementioned features (cell radius, cellularity/cell

density etc.) it is necessary to perform a biopsy. This involves taking a sample of the

tumour tissue using a needle or via surgery [11], which is a highly invasive procedure that

also suffers from a very limited sampling area and poor repeatability. Histology is the

most commonly-used technique for measuring the microstructural properties of resected

tissue. This involves ’fixing’ the samples in substances such as ethanol or formaldehyde

and applying a histochemical or immunohistochemical stain [12, 13]. Studies have shown

that the fixative substances can themselves alter the microstructural features of tissue

[14, 15]. There is therefore a clear motivation for exploring alternative techniques for

accessing histologic features of tumour tissue, that can overcome the current limitations

and issues presented by the current clinical standard of tumour biopsy.

Diffusion-weighted magnetic resonance imaging (DW-MRI) has been suggested as a pos-

sible alternative to tumour biopsy and histology. Although conventional MRI is limited

to a spatial resolution of a few hundred micrometers at best, diffusion-weighted imaging

is sensitive to the geometry of tissue at a microscopic scale. This is due to the fact that

DW-MRI is sensitive to the random motion of water within the tissue, which itself is in-

fluenced by the microstructural geometry. In the clinic, diffusion-weighted MRI has been

27



used previously to distinguish malignant growths from benign as well as assess tumour

therapy response through calculation of the apparent diffusion coefficient (ADC) [16]. The

ADC value of tissue is a broad representation of the freedom with which water can diffuse

through the tissue, and can be related to inherent tissue properties such as cell density, in-

terstitial fluid pressure and cell radius [17–19]. The ADC is therefore a powerful biomarker

for studying cancer. However, the fact that it is influenced by so many microstructural

tissue properties is a limitation as well as an advantage as it is impossible to know which

of the contributing factors are responsible for any given change in the ADC value.

One of the methods proposed for separating out the contributions from each microstruc-

tural parameter is multi-compartment diffusion modelling [6]. The aim of multi-compartment

modelling is to represent the total diffusion signal as a combination of signals from discrete

compartments, with associated mathematical diffusion models, that are chosen to repre-

sent the underlying structure of the tissue. The complexity of multi-compartment models

ranges from relatively simple bi-exponential fits to more complex in-depth biophysical

models [9, 20, 21]. Recently developed compartmental models such as VERDICT (Vascu-

lar, Extracellular and Restricted Diffusion for Cytometry in Tumours) have demonstrated

the ability to access voxel-specific histologic features such as cell radius and intra/extra-

cellular volume fraction non-invasively. These techniques therefore have the potential to

greatly increase our ability to measure the microstructural changes that occur in tumours

naturally over time and in response to administered therapies. However, with the in-

creasing complexity of the mathematical models involved the need for thorough validation

becomes especially important.

The validation of these novel quantitative imaging techniques is an ongoing challenge. It

is essential to establish the correspondence between tissue parameters calculated by fitting

mathematical models to the diffusion signal and the corresponding microstructural prop-

erties of the tissue. Typically, validation can be done using histological analysis, biological
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phantoms and in-silico modelling, or a combination of these [22–26]. Histological anal-

ysis is often considered the gold-standard technique for validating quantitative imaging

techniques as it allows for a direct measurement of the tissue microstructure. As previ-

ously mentioned however, the processing steps involved may cause distortion of the tissue

on a cellular level. It is also difficult to validate any parameters associated with tissue

perfusion, although specific tissue stains that target microvascular structures can provide

a useful surrogate measure of in-vivo perfusion via the measurement of microvessel den-

sity [27]. Biological phantoms provide the opportunity to generate DW-MRI validation

datasets based upon the real motion of water molecules within a representative model (a

’phantom’) of the appropriate tissue. The phantom is scanned with an MRI scanner to pro-

duce diffusion-weighted imaging data, which can then be used to validate the quantitative

analysis technique against the known dimensions of the phantom. Computer simulations

can be used to generated synthetic DW-MR data from a virtual tissue model with known

dimensions while offering the user full control over all parameters. A simulation-based ap-

proach to validation allows highly complex microstructural environments to be examined,

but are difficult to implement and rely on the user’s knowledge of how different simulation

parameters may influence the diffusion signal [28, 29].

Techniques such as compartment diffusion models have been shown to provide useful

insights into the microstructural properties in a variety of tissues. However, they are not

without their limitations. Compartmental diffusion models use a simplified representation

of the underlying tissue geometry such as packed spheres representing cells, or cylinders

representing bundles of axons. Simple geometries must be used so that mathematical

diffusion models can be developed that can closely approximate the expected diffusion-

weighted MR signal. Such limitations can be overcome by moving away from an explicit

mathematical modelling approach and instead attempting to infer a direct relationship

between the raw data and tissue microstructure using a machine learning based approach.

29



Machine Learning (ML) is a branch of computer science that involves the use of algorithms

that ’learn’ how to perform a specified task without being explicitly programmed by the

user. Machine-learning algorithms range in complexity from simple gradient-descent linear

regression to deep neural networks and are used in a vast range of applications. Previously,

machine learning has been applied to structural MRI data in order to classify and grade

brain tumours [30]. It has also been applied to DW-MRI data in order to measure white

matter permeability in the brain [31], classify temporal lobe epilepsy [32] and predict major

depressive disorder [33]. Applying similar techniques to both synthetic and real DW-MR

data from tumours may assist further development of novel microstructural biomarkers

for cancer diagnosis and disease progression.

1.2 Thesis Overview

Chapter 2 presents the theoretical background and context relevant to the project overall

including the fundamental physics of MRI, and an overview of diffusion-weighted MRI

and cancer. Chapter 3 presents the background, methods and results from two practical

applications of VERDICT MRI for measuring tissue microstructure. Firstly, in detecting a

change in the estimated cell radius of tumour tissue before and after formaldehyde fixation.

Secondly, in detecting the response to temozolomide therapy in a preclinical murine model

of glioblastoma. Chapter 4 describes the development of an in-silico Monte Carlo model

of water diffusion and blood flow in tumour tissue. The chapter describes the theory

and methods involved in the simulation, some examples of typical simulations performed,

and the methods involved in producing synthetic diffusion MRI data from the results.

The second half of chapter 4 presents the application of the synthetic diffusion MRI data

as a tool for validating the VERDICT MRI framework. VERDICT data was generated

from simulations on substrates with varied microstructural dimensions and parameters.
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Different VERDICT models were fitted to the synthetic data and the resulting tissue

metrics compared against the known values from the simulations. An investigation into the

SNR-sensitivity of the VERDICT models was also performed by corrupting the synthetic

data with increasing levels of Rician noise. Chapter 6 explores the possibility of utilising

increasingly-popular machine learning based techniques to extract microstructural features

from raw diffusion MRI data. The chapter begins with a review of the background and

development of machine learning to date and gives details of the theory behind some of

the most popular algorithms. The main experimental results sections of the chapter then

follow. Firstly, training a neural network on synthetically generated DW-MRI data to

investigate whether it is possible to learn microstructural features from the raw signal

without the need for explicit mathematical modelling. Secondly, the possibility of testing

a neural network trained on synthetic data on in-vivo data is investigated. Finally chapter

7 presents the overall conclusions and outlines the areas where future work can build upon

this work.
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Background

This chapter contains the background and theory underlying cancer, MRI, and diffusion

MRI in particular. The background of machine learning is presented later on in chapter

6. This introduction is necessary to provide context to the research presented within this

thesis and as a precursor to the ideas discussed in later chapters.

2.1 Cancer

2.1.1 History and Brief Overview

The word ‘cancer’ is the Latin word for the Greek ‘karkinos’, meaning ‘crab’. It was

first used to describe the disease itself by Hippocrates around 400BC. However, most of

our understanding of cancer was developed following the discovery of the DNA double

helix in 1953. The term cancer refers to a group of diseases that are characterised by

the uncontrolled proliferation and growth of cells. It can affect any of the tissues in the

body, though the most common form is cancer originating in epithelial cells, known as

carcinoma. Cancer begins as a normal functioning cell that undergoes some form of DNA

damage, which causes the growth and proliferation of the cell to spiral out of control. As

the cancer develops, the proliferating cells become structurally and functionally different

32



to the cells from which the disease originated, a process known as differentiation.

The severity of cancer is determined by how well differentiated it is, which is assessed

via histological analysis of the tissue. Assessing the grade of the disease is a key part of

the patient care pipeline, as it is the main factor that influences the choice of treatment.

Analysis of the tumour microstructure, therefore, is of the utmost importance for deter-

mining the current state of the disease. Changes in the microstructural properties of the

tissue can be indicative as to whether or not a tumour has responded to administered

therapy, and so being able to access these properties non-invasively is the pervasive goal

of microstructural imaging in cancer.

2.1.2 Tumour Microstructure

As previously mentioned, the microstructural environment of tumours is a topic of great

importance within the field of oncology as it plays a central part in both the diagnosis,

progression and treatment of the disease. Commonly, the microstructure of tumour tissue

is described as three discrete compartments: the extracellular, intracellular and vascular

space. Each compartment has very distinct characteristics.

The intracellular compartment contains various cells such as immune cells, macrophages

and the cancer cells themselves. The cells themselves are each surrounded by a semi-

permeable membrane, leading to the phenomenon of restricted diffusion discussed later on

[34]. The shape and size of cancer cells tends to vary to a greater extent than in healthy

tissue, especially in poorly-differentiated cancers [35, 36]. A range of cell radii of between

14-60 microns has been observed in breast cancer cells taken from patients [37].

The extracellular space plays an important role in the transport of molecules throughout

the tumour via the presence of interstitial fluid. Tumours are known to exhibit a large
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extracellular space, and greater interstitial fluid convection than in healthy tissue. These

factors combined with greater interstitial fluid pressure can lead to poor drug retention

[38, 39]. The extracellular matrix (ECM) consists of a collagen ‘scaffold’ that gives the

tissue rigidity, but may also act to hinder the diffusion of water molecules within the

extracellular space [40].

The vascular space of tumours is important as it provides the tumour with a source of

oxygenated blood and nutrients in order to maintain viability. As previously mentioned,

the vast majority of cancers are carcinomas originating from epithelial cells. The tissue

produced by these cells is not vascularised, preventing tumour lesions from growing larger

than 2mm diameter without creating new vessels. Tumours stimulate the growth of new

blood vessels via a process known as angiogenesis [41]. Angiogenesis in tumours is dysreg-

ulated compared to healthy tissue and leads to the formation of highly chaotic and leaky

vessel network that is characteristic of tumour tissue.

2.1.3 Quantitation of Tumour Microstructure

Currently, in order to measure the properties mentioned above it is necessary to perform

a biopsy. This involves taking a sample of the tumour tissue using a needle or via surgery

[11], this is a highly invasive procedure that also suffers from a very limited sampling area

and poor repeatability. Histological analysis is most often used to measure the microstruc-

tural properties of the resected tissue, this usually involves fixing the sample in substances

such as ethanol or formaldehyde and applying a histochemical or immunohistochemical

stain [12, 13]. Fixative substances such as ethanol and formaldehyde may themselves

damage the microstructure, thereby confounding the results. These effects have mostly

been studied via sectioning of fixed samples or in-vitro [14, 15]. There is therefore a clear

motivation for finding an alternative method for measuring the microstructural properties
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of tumour tissue. Microstructural imaging is a promising candidate, by exploiting the

behaviour of water molecules within the tissue enabling the microstructural properties of

the tissue to be accessed throughout the tumour non-invasively.

2.2 Fundamental Physics of MRI

The following section contains an introduction and overview of the phenomenon of nuclear

magnetic resonance (NMR) and it’s application to medical imaging. To understand the

body of work contained in this thesis it is necessary to have a grasp on the fundamental

physical principles that underpin MRI. Numerous textbooks have been published that

provide an in-depth analysis and exploration of the physics of MR, so this section will

be limited to a brief discussion [42–45]. Despite the fact that the fundamental physics of

MRI are inherently quantum mechanical by nature, the theory presented in this chapter

will not include an in-depth QM description of phenomena. Such analysis can be found

in various other literature [46, 47].

2.2.1 Spin and Nuclear Magnetism

In order to explain the physics of MRI, we must first discuss the quantum mechanical

property known as spin. All fundamental particles possess spin, it is an inherent and mea-

surable property just like mass or charge. Despite the name, spin has nothing to do with

particles rotating - the name comes from observations of the way particles interact with

magnetic fields; the way in which particles are deflected by a static magnetic field is com-

parable to the behaviour of a charged, spinning object in classical physics. Instead, spin

is related to the quantisation of rotational angular momentum. As with other quantum

properties, the spin of a particular physical system can take discrete (quantised) values,
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in this case given by:

S = ~
√
s(s+ 1) (2.1)

Where ~ is the reduced Planck constant (1.054 × 10−34Js) and s is the spin quantum

number (s = n
2 , where n is any non-negative integer). In addition, spin behaves as a

vector quantity with both magnitude and direction [48], where the component of spin

measured along a particular direction can take values

Si = ~si, si ∈ {−s,−(s− 1), ..., s− 1, s} (2.2)

Particles with an integer spin are known as bosons, while those with half-integer spins are

known as fermions. All protons, neutrons and electrons are fermions known as “spin-half”

particles with s = 1
2 and so S = 1

2 or S = −1
2 . These two spin states are known as “spin

up” or “spin down” respectively. In the field of MRI, we are only interested in spin-half

nuclei (a particle/nucleus made of an odd number of fermions is known as a composite

fermion) such as 1H, 19F and 31P .

When an individual spin-half particle is placed in a strong external magnetic field (such

as that of an MRI scanner), and it’s spin vector directly measured, it is forced to occupy

one of the two possible spin states via a process called Zeeman splitting (the measurement

causes the particle to ‘collapse’ into one of two possible eigenstates). In this case, the

particles can more simply be represented as a magnetic dipole that aligns itself parallel or

anti-parallel to the magnetic field direction.
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∆E = γ~B0
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Figure 2.1: A schematic showing nuclei (a) without the influence of an external magnetic
field and (b) with an external magnetic field. The nuclei are here classically represented
as individual magnetic dipoles that align parallel or anti-parallel to the field. The energy
levels associated with the two configurations is shown in (c).

As shown in figure 2.1 there is a difference in the energy levels associated with the parallel

and anti-parallel configuration, with the former being energetically more favourable. The

energy level of each configuration is given by

E = −µ ·B0 (2.3)

Where µ is the magnetic moment associated with the dipole, given by µ = γS where γ is

the gyromagnetic ratio which is an inherent property of any nucleus dependent on it’s mass

and charge. Substituting in for S = ±1
2 for spin-half nuclei we find that the difference in

energy between the two configurations is [49]

∆E = γ~B0 (2.4)
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From this result, it is possible to derive one of the most fundamental equations associated

with MRI - The Larmor equation. It is known that a particle occupying the lower energy

state can be excited into the higher energy state by absorption of a photon with an

associated energy equal to the difference between the two states. According to the Planck-

Einstein relation E = ~ω, the energy of a single photon of light is proportional to it’s

frequency. Equating this to 2.4 and rearranging gives:

ω = γB0 (2.5)

This result demonstrates the existence of a ‘nuclear resonance’ frequency, referred to as

the Larmor frequency (named after Sir Joseph Larmor who discovered it), unique to each

particle. This is the basic condition for magnetic resonance - the MR in MRI.

As previously mentioned, the parallel configuration of spins is energetically slightly favourable

to the anti-parallel. This means that given a large ensemble of spins (at body temper-

ature) placed in an external magnetic field, the number of spins that adopt the parallel

configuration will be very slightly greater. The reason that all spins do not just occupy

a lower energy state is due to the fact that large thermal fluctuations tend to oppose the

preference for spins to occupy the lower state [50]. A popular analogy to illustrate this is

the “compasses in a washing machine” analogy. If unperturbed compasses will naturally

point north, however this changes if they are placed in the rotating drum of a washing

machine. As the compasses bounce around, the needles will no longer all point north,

however averaging over all the compasses will show that there is still a slight tendency for

them to do so [46].
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At thermal equilibrium, the relative number of spins occupying the upper and lower states

is predicted by a Boltzmann distribution:

Nupper

Nlower
= e
− ∆E

kBT (2.6)

Where Nupper and Nlower are the populations occupying the upper or lower energy states

respectively, kB is the Boltzmann constant (kB = 1.38 × 10−23m2kgs−2K−1), ∆E is the

energy difference between the states and T is the temperature of the system. At 37◦

C, and an external field strength of 9.4T (typical preclinical MRI B0 field), equation 2.6

gives
Nupper

Nlower
= 0.999938. This shows the significance of the thermal fluctuations, and how

slight the preference is for spins to occupy the lower energy state. The excess of spins in

the lower energy state results in a small net magnetisation vector M =
∑
µnet = γL,

where L is the total angular momentum of the sample. It is this net magnetisation that

is measured during NMR or MRI experiments.

M

Angular Velocity ω

Bz

Figure 2.2: The distribution of spins within a macroscopic sample, with a spherical distri-
bution of directions, all precess around the principle magnetic field direction B at angular
velocity ω.
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The net magnetisation and static external field interact causing a torque to be exerted on

the magnetisation vector:

τ = M ×B (2.7)

The torque causes the magnetisation vector to precess around the B-field vector. Given

that the torque is equal to the rate of change of angular momentum, and that the angular

momentum L = M
γ , an equation for the time-dependent evolution of the net magnetisation

vector can be written as

dM

dt
= γ(M ×B) (2.8)

Expanding the vector product as a matrix gives


i j k

Bx By Bz

Mx My Mz

 = (MyBz −MzBy)i+ (MzBx −MxBz)j + (MxBy −MyBx)k (2.9)

Conventionally, the static external field B is defined to lie parallel to the z-axis. As Bx

and By are zero, 2.9 can be separated into the three directions and simplified to

dMx

dt
= γMyBz,

dMy

dt
= γMxBz,

dMz

dt
= 0 (2.10)
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For a freely precessing system in the absence of relaxation and RF excitation, these equa-

tions have the following solutions:

Mx(t) = Mx(0) cos(ωt)−My(0) sin(ωt) (2.11)

My(t) = My(0) cos(ωt)−Mx(0) sin(ωt) (2.12)

Mz(t) = Mz(0) (2.13)

These solutions demonstrate that ignoring the effects of relaxation and excitation, the bulk

magnetisation vectorM precesses around the principle magnetic field vector at the Larmor

frequency ω (as shown in figure 2.2)with no time-dependent change in the z-component of

the magnetisation [51, 52]. However, in the context of MRI the situation is more complex

and requires the effects of relaxation to be taken into account.

2.2.2 Relaxation and RF Excitation

MR experiments require the measurement of the net magnetisation vector. As described

above, when a system is in equilibrium the net magnetisation vector lies parallel with the

static B0 field. This makes detection of the magnetisation impossible as the static field is

many orders of magnitude larger than the magnetisation vector. In order for measurement

to be possible, the net magnetisation vector must be tilted into the xy plane perpendicular

to the static field. This is achieved using radio-frequency (RF) excitation. Considering an

ensemble of spins in their thermodynamic equilibrium state, within a strong homogeneous

magnetic field. The net magnetisation vector M will be aligned with the magnetic field

vector B, and precesses around it at the Larmor frequency given by equation 2.5. The

individual spins possess no phase coherence and precess out of phase with each other

resulting in zero net transverse magnetisation Mxy.
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The sample can be excited by irradiating it with a radio frequency (RF) pulse. An RF

pulse consists of a rotating magnetic field B1 with frequency ω orientated perpendicular

to the static field B0 that is switched on for a short period of time. It is called an

RF pulse because the typical frequency of oscillation of such fields lies within the radio

frequency region of the electromagnetic spectrum. Switching to a reference frame that

rotates around B0 simplifies the analysis, as the total effective magnetic field is stationary

in such a frame. If the secondary field B1 is applied parallel to the x-axis, the total field

is given by

Btotal = B1i+ (B0 +
ω

γ
)k (2.14)

where i and k are unit vectors along the x and z axis respectively [53]. The magnitude of

Btotal can be written as

Btotal =

√
B2

1 + (B0 +
ω

γ
)2 =

√
ω2

1 + (ω0 − ω)2

γ
(2.15)

where ω1 = −γB1. In the rotating frame of reference the net magnetisation vector M pre-

cesses aroundBtotal. Looking at figure 2.3, it can clearly be seen that sinθ = ω1√
ω2

1+(ω0−ω)2
,

meaning that when the oscillating frequency of the rotating field is equal to the Larmor

frequency ω0, the angle between the total effective magnetic field and the z-axis becomes

90◦ . As the net magnetisation vector precesses around the total effective magnetic field

vector, this causes the net magnetisation to tip into the xy plane. By varying the duration

and strength of the rotating magnetic field the angle α by which the net magnetisation is

tipped can be varied.
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Figure 2.3: Diagrams showing the orientations of the magnetic fields viewed from the
rotating reference frame. (a) shows the general case where the longitudinal field B0 and
the B1 field combine to create the total effective magnetic field Btotal. (b) shows the case
when the frequency of the rotating field ω is equal to the Larmor frequency ω0, where
the B1 becomes the total effective field. In both cases the net magnetisation vector M
precesses around the total effective field vector. In (b) the magnetisation vector tilts by
an angle α = 90◦ into the xy plane.

The rotating field, or RF pulse, is often defined by the angle α that it tips the net magneti-

sation by. The pulse illustrated in figure 2.3 (b) would be called a 90◦ pulse, for example.

Once the magnetisation vector has been tipped into the xy plane, it can be detected and

measured using a radio-frequency coil. However, over time the system will return to it’s

equilibrium state via a process known as relaxation.

When Felix Bloch and Edward Purcell independently discovered the phenomenon of NMR,

it was noted that the observed ‘nuclear induction signal’ was transient in nature and

would decrease in amplitude over time following excitation [51, 52]. It was Bloch who

hypothesised that this was due to the individual spins interacting with one another and

their environment in such a way as to return the net magnetisation vector M to it’s

equilibrium state parallel to the B0 field, via a process that he termed relaxation. Bloch

introduced two time constants, T1 and T2 that describe the rates at which the different

components of the magnetisation decay.
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These relaxation time constants were not derived mathematically from basic principles,

but rather were defined in order to explain observed phenomena. T1 was defined to

explain the re-growth of the longitudinal magnetisation caused by the interactions between

the spins and the environment, known as ‘spin-lattice’ relaxation. T2 was defined to

explain the decay of the transverse component of the magnetisation caused by internuclear

interactions, referred to as ‘spin-spin’ relaxation. Additional terms are added to 2.10 to

include these effects:

dMx

dt
= γMyBz −

Mx

T2
(2.16)

dMy

dt
= γMxBz −

My

T2
(2.17)

dMz

dt
= −Mz −M0

T1
(2.18)

Figure 2.4: Graph showing the characteristic relaxation and recovery of the z-component
of the magnetisation following excitation.
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Figure 2.4 shows the solution to equation 2.18, describing the evolution of the z-component

of the net magnetisation vector over time following excitation by a 90◦ RF pulse. It can

be seen that the recovery of the magnetisation follows an inverse exponential, eventually

returning to the equilibrium state with Mz = M0.

In a real-world scenario, the rate of transverse (T2) relaxation can be increased by the

presence of B0 inhomogeneities. If the static field is not perfectly uniform, it can cause

spins at different locations within the sample to precess at different frequencies. The

difference in precessional frequency combines with the effect of spin-spin interaction to

cause increased dephasing. This combined effect is referred to as T2*.

2.2.3 Signal Reception and Spatial Encoding

As previously mentioned, the magnetisation of a sample can only be measured perpendic-

ular to the static B0 field. The detection and measurement is performed using an RF coil.

The net magnetisation vector of the sample continues to precess around the B0 field after

it has been tilted into the xy plane by a suitable RF pulse. The precessing magnetisation

vector produces an oscillating magnetic field, capable of inducing a current via Faraday’s

law in a suitably-designed radio-frequency coil oriented perpendicular to the static field

and placed within the oscillating field. The emf (electro-motive force) induced in a coil

by the changing magnetic field is given by:

ε(t) = −dφ
dt

(2.19)

= − d

dt

∫
M(t, x) ·Bc(x)dx (2.20)
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Where φ is the flux through the RF coil, and can be thought of as the number of magnetic

field lines that are ’cut’ by the surface enclosed by the loops of the coil. The quantity Bc is

the ratio of the magnetic field produced by the coil to the current in the coil - it is thereby

a function of the individual coil used [54]. The induced signal in the coil is known as the

FID (Free-Induction Decay). The FID oscillates at the same frequency as the oscillating

magnetic field that produced it: the Larmor frequency of the sample [55].
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Figure 2.5: A typical Free Induction Decay signal. By Nmr fid good shim.svg: GyroMa-
gicianderivative work: Imalipusram This file was derived from Nmr fid good shim.svg:,
CC BY-SA 3.0, https://commons.wikimedia.org/w/index.php?curid=30312230

As can be seen in figure 2.5, the induced current in the RF coil decays in magnitude over

time, due to the effects of relaxation described previously.

The signal detected by the RF coil originates from the net magnetisation of the entire

sample. In order to produce an image (to achieve the ‘I’ in MRI) it is necessary to encode

spatial information into the MR signal. This is done using spatial encoding. Spatial

encoding is achieved by the addition of three resistive magnets to the MRI scanner, known

as the ‘imaging gradients’. Each of the three gradients lies along one of the principle axes
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of the scanner, and are thereby sometimes referred to in notational form as Gx, Gy and

Gz. The function of each gradient for any given acquisition depends on the orientation

of the desired imaging plane relative to the scanner, each gradient performs one of three

spatial encoding roles: slice selection, frequency encoding or phase encoding.

Slice selection, as the name would suggest, involves selecting a slice of interest from within

the sample. In the vast majority of situations, it is not desirable to excite the entire sample

at once. For imaging applications, the excitation must be confined to a small region, or

slice. This is achieved by using a slice-selective RF pulse that only excites protons within

the desired imaging plane. A linear gradient (usually Gz) is applied, which changes the

effective field strength throughout the sample to:

Bz(t) = B0 +Gz(t)z (2.21)

The spatially varying magnetic field strength throughout the sample causes the Larmor

frequency of the sample to be spatially varying (γ(B0 − Gz) < ω0 < γ(B0 + Gz)). By

switching on this gradient at the same time as the RF pulse, only the region (slice) of

the sample where the Larmor frequency matches the frequency of the RF pulse will be

excited. The position of the excited slice can be adjusted by changing the centre frequency

of the RF pulse. The thickness of the slice can be specified by varying the bandwidth (the

frequency range of the pulse) or the strength of the slice-selective gradient [54, 56]. Once

a particular slice of the sample has been excited, the further two dimensions of spatial

localisation are achieved using frequency and phase encoding.

Frequency encoding is performed using a similar technique to the slice-selection method

described above. A linear gradient is applied along one direction (usually the x-axis),

causing spins to precess at different frequencies ω = γ(B0 + Gxx) depending on their
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x-position. The linear gradient is applied while the MR signal is being acquired, meaning

that the recorded signal contains a range of frequencies. The different frequency compo-

nents correspond to different positions along the x-axis of the imaging plane.

Phase encoding is used to spatially encode the signal along the final remaining dimension

(the y-axis). It is also performed using a linear gradient applied along the y-axis, that

similarly causes the spins to precess at a frequency that depends on their position on the

y-axis. The gradient is applied for a brief period of time and is then switched off again.

When the gradient is switched off, the spins return to precessing at the Larmor frequency

ω0, but will each have gained or lost a certain ‘phase’ that depends on their position

along the y-axis. This process is then repeated a number of times, changing the strength

of the phase-encoding gradient with each repetition [57]. After a number of repetitions

with different gradient strengths have been acquired, the multiple signals can be spatially

decoded and an image of the chosen slice produced.

2.2.4 Basic Pulse Sequences

The combinations of various RF pulses and gradients used to acquire the data needed

to form an MR image are known as ‘pulse sequences’. The two main types of pulse

sequence used are known as ‘gradient echo’ and ‘spin echo’. These basic sequences form

the foundation for many more advanced and more complex pulse sequences and acquisition

techniques. The term ‘echo’ refers to the way the detected signal appears after a short

period of time following a refocusing RF pulse as the spins re-phase in the xy plane.
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Figure 2.6: A timing diagram showing a typical gradient echo pulse sequence. The diagram
shows the order in which the various RF pulses and gradient waveforms occur during the
acquisition. Shown below and labelled is the effect of the aforementioned pulses and
gradients on the net magnetisation vector (red) and the individual spins (blue).

Figure 2.6 shows a timing diagram for a gradient echo pulse sequence. The number

labels correspond to different events, namely the application of gradients and RF pulses.

Timepoint 1 shows the system in equilibrium, with the net magnetisation aligned with

the B0 field. At 2, an α◦ RF pulse is applied, exciting the system and tilting the net
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magnetisation vector into the xy plane. Simultaneously, the slice-selection gradient Gz is

applied, to ensure that only the desired slice is excited by the RF pulse. At 3, the spins

are dephased in the xy plane by Gx, referred to as the dephasing gradient. The gradient

dephases the spins until the signal is completely null due to complete loss of coherence.

Phase encoding is also performed using Gy. At 4, the polarity of Gx is reversed, causing

the spins to rephase. When the area of the rephasing gradient is equal to the dephasing

gradient, a signal can be detected (the gradient ‘echo’ 5). The echo will be somewhat

smaller than the initial excited signal, due to T2* effects. At 6, the spins continue to

dephase naturally due to transverse (T2) relaxation.
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Figure 2.7: A timing diagram showing a typical spin echo pulse sequence. The diagram
shows the order in which the various RF pulses and gradient waveforms occur during
the acquisition. Shown below and labelled is the effect of the aforementioned pulses and
gradients on the net magnetisation vector (red) and the individual spins (blue).

Figure 2.7 shows a timing diagram for a typical spin echo pulse sequence. Different time

points are labelled on the diagram, corresponding to the key features of the pulse sequence.

Time point 1 shows the application of a 90◦ RF pulse, the effect of the RF pulse on the
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net magnetisation vector is to tilt it entirely into the xy plane. The slice-selection gradient

Gz is applied during the RF excitation, to ensure only spins within the desired slice are

excited. At time point 2, the spins begin to dephase in the xy plane due to the applied

gradients and T2 relaxation driven by spin-spin interactions. At time point 3, a 180◦

RF pulse is applied. This pulse effectively flips the entire spin distribution by 180◦ , in

a manner similar to flipping a pancake. The slice-selection gradient Gz is again applied

during RF excitation, as only spins within the desired slice should be influenced by the 180◦

pulse. Time point 4 shows the spin population shortly after the application of the 180◦

pulse. The individual spins continue to precess at the same frequencies relative to each

other as they did before the 180◦ pulse. However, instead of continuing to dephase, they

now rephase as the whole population has been flipped. Time point 5 shows the formation

of a signal ‘echo’ (a ‘spin echo’) caused by the rephasing of spins in the transverse plane.

At this point, the signal is acquired using the RF receive coil. During acquisition, the

frequency-encoding gradient Gx is applied, to spatially localise the spins along the x-axis.

Time point 6 shows that following the signal echo, the spins begin to dephase again, and

the signal decays.

It can clearly be seen that there are common features shared between the gradient-echo

and spin-echo pulse sequences; both involve initial excitation by an RF-pulse and both

utilise the imaging gradients to perform frequency-encoding and phase-encoding. The

main difference between the two is the approach used to form the signal echo that is

detected. The gradient echo uses the imaging gradients to dephase and then rephase the

spins within the transverse plane, whereas the spin echo approach uses a 180◦ RF pulse

to flip the spin population causing them to naturally rephase. Gradient echo sequences

are generally faster than spin echo, as acquisition time can be reduced by increasing the

strength of the dephasing/rephasing gradients. Spin echo sequences must wait for the spin

population to rephase following the 180◦ pulse. Typical gradient echo repetition times are
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of order 3ms, whereas spin echo times are closer to 30ms. Spin echo sequences generally

produce images with higher SNR (signal to noise ratio) as T2* effects are cancelled out

by the refocussing pulse.

2.2.5 Image Formation

The signals detected using the RF coil each correspond to an acquisition with certain phase

encoding values, with additional spatial information included via frequency encoding. The

acquired signals from each phase encoding repetition are in the frequency domain and are

stored in a two-dimensional matrix known as k-space. Each row of the k-space matrix

corresponds to a sampled signal echo at a single phase encode value, as shown in figure

2.8.

k-space

Gpe

kx

ky

echos

Figure 2.8: The construction of k-space from detected signal echos. Each digitally sampled
echo with a particular phase encode value corresponds to a row of the k-space matrix.
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A 2D fast Fourier transform is used to convert the k-space matrix from the frequency to

the spatial domain, creating complex-type image data with real and imaginary compo-

nents. These components represent the real and imaginary components of the oscillating

circularly polarised magnetic field that was detected by the RF coil. Different informa-

tion can be extracted from the complex-valued data, depending on the application. The

magnitude of the complex data can be calculated by taking the modulus of the real and

imaginary components:

Mag =
√
Real2 + Imag2 (2.22)

The images formed by taking the magnitude data are most commonly used for structural

imaging. The phase of the complex data can be calculated by:

φ = arctan(
Imag

Real
) (2.23)

Specialised pulse sequences can be developed that encode specific information into the

phase of the complex data. Thereby phase images can contain information about bulk fluid

motion, spatially-varying magnetic susceptibility and static field inhomogeneity. Examples

of typical magnitude and phase images are shown in figure 2.9.
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Magnitude Phase

Figure 2.9: Typical examples of a magnitude and phase image of a human brain. Images
taken from http://mriquestions.com/making-an-sw-image.html on 22/05/2018

2.3 Diffusion-Weighted MRI

2.3.1 Basic Overview

One of the limitations of MRI as an imaging modality is the relatively low spatial res-

olution. Recent advances in the fields of UHF (ultra high field) MR have shown that

structural images with a resolution of 100µm are possible in the brain [58]. However,

even with a resolution of the order 100µm conventional MRI is unable to resolve the mi-

crostructural details of tissue. To achieve this, it is necessary to take advantage of the fact
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that the MR signal can be sensitive to the microscopic random motion of water molecules

known as ‘self-diffusion’ or ‘Brownian Motion’ shown in figure 2.10. This motion occurs

over length scales much smaller than the resolution of conventional MRI, and comparable

to the length scale of the important structures within the tissue microenvironment such

as cells and capillaries. Using diffusion-weighted MRI (DW-MRI) makes it possible to

sensitise the MRI signal to the tissue microstructure.

Start Point

Finish Point

r

Figure 2.10: Illustration of the random thermal motion of a water molecule.

The development of diffusion-weighted MRI gathered momentum in the 1980’s to 1990’s,

with the first diffusion-weighted MR image published in 1985 [20, 59]. The main basis of

diffusion-weighted MRI is the aforementioned Brownian Motion or self-diffusion, a simple
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schematic of which is illustrated in figure 2.10. The molecule shown at the starting point

at t = 0 will undergo a ’random walk’, and after a time τ will have a displacement r from

the starting position. It should be appreciated that when this effect is propagated over

a large system of particles the mean displacement will be 0, as particles will move in all

directions. It is therefore more useful to consider the mean squared displacement:

< r2 >= 6Dτ (2.24)

Where D is the diffusion coefficient [60], which is a measure of how freely the particles

can diffuse within a medium. The diffusivity is a property of the temperature, viscosity

and particle properties and can be calculated by:

D =
kbT

6πηR
(2.25)

Where kb is the Boltzmann constant, T is the absolute temperature, η is the fluid viscosity

and R is the Particle radius. For a population of diffusing molecules, the course molecular

dynamics are given by Fick’s second law

∂Φ

∂t
= D∇2Φ (2.26)

Where Φ is the particle concentration (mol/liter). The above equation can be solved in

one dimension, treating the system as a thin diffusing film to give

Φ(x, t) ∝ 1√
Dt

exp
(−x2

4Dt

)
(2.27)
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It can be shown that the probability distribution of molecules diffusing in such a system

is equivalent to the concentration distribution described above to give:

P (x, t) ∝ 1√
Dt

exp
(−x2

4Dt

)
(2.28)

Equation 2.28 shows that the probability distribution for particles undergoing free diffusion

is Gaussian in nature. Typical values of diffusivity measured in human tissue are of order

3×10−9m2/s. This means that over the typical time scale of an MRI acquisition ( 50ms) a

water molecule would be expected to move on average 30µm. In this case, the value of the

root mean squared distance is typically smaller than the dimensions of the microstructural

features of the tissue. This means that the diffusion of water molecules in tissue is not

completely free, and so equation 2.28 is no longer strictly true. However, the interactions

between water molecules and their local cellular environment means that the diffusive

motion of particles contains information about the tissue microstructure.

Using specially-adapted MR pulse sequences, it is possible to produce images with contrast

based on the diffusion of water through the target tissue. Various analysis techniques have

been developed that aim to extract parameters that relate to the diffusive motion, and

hence the microstructural geometry, of the target tissue.

2.3.2 Acquisition

The most commonly-used pulse sequence for diffusion-weighted imaging is the pulsed-

gradient spin-echo (PGSE), first proposed by Stejskal and Tanner in 1965 [61]. The PGSE

sequence is formed by the addition of a pair of motion-sensitising gradients to a basic

spin-echo sequence, either side of the 180◦ refocussing pulse. A basic schematic is shown

in figure 2.11.
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Figure 2.11: A schematic showing the basic pulse sequence structure of the pulsed-gradient
spin-echo acquisition

The start of each acquisition is the 90◦ RF-pulse, which tips the net magnetisation vector

into the xy-plane as previously described. After the 90◦ RF-pulse, the magnetisation

vector is precessing in the transverse plane at the Larmor frequency given by equation

2.5. The next event in the sequence is the first of the two diffusion-sensitising gradients,

with a gradient strength G, rise time ε and duration δ. While the gradient is ’on’, spins

will precess faster or slower depending on their position along the axis the gradient is

applied in - as the magnetic field they experience will be greater or reduced. For example,

if the gradient is applied along the x -axis, the angular frequency in the rotating frame of

reference is given by:

ω = γGxx (2.29)

59



Where ω is the angular frequency in the rotating frame, γ is the gyromagnetic ratio, Gx is

the strength of the gradient (mT/m) and x is the position along the x-axis. The gradient

is switched off after a time period δ, and the spins revert to precessing at the Larmor

frequency. However, they will have acquired a phase-offset φ1 that is directly related to

their initial position in the sample. The phase offset is calculated by integrating equation

2.29 over the duration and shape of the gradient waveform G.

φ1 = γ
(∫ δ+ε

0
G(t)x(t)dt

)
(2.30)

After the first motion-sensitising gradient is switched off, the 180◦ RF pulse inverts the

phase shift of the spins, then after a time ∆ following the onset of the first gradient the

second motion-sensitising gradient is applied. The second gradient introduces a phase

shift that acts to cancel out the phase shift introduced by the first gradient. The overall

net phase shift accumulated is given by

φnet = φ1 − φ2 = γ
(∫ δ+ε

0
G1(t)x(t)dt−

∫ ∆+δ+ε

∆
G2(t)x(t)dt

)
(2.31)

The effect of the two motion-sensitising gradients and the 180◦ refocussing pulse is shown

in figure 2.12.
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Figure 2.12: A schematic showing the effect of the motion sensitising gradients and RF
pulses of the PGSE sequence on the phase of a single spin in the xy plane. (a) shows the
spin following the application of the 90◦ RF pulse, tipping the spin into the xy plane. (b)
Following the first motion-sensitising gradient, the spin has gained a phase offset φ1. (c)
Following the 180◦ RF pulse, the phase offset has been inverted. (d) Following the second
motion-sensitising gradient, the spin gains a further phase offset φ2, which acts to cancel
out the first phase offset due to the spin phase being flipped by the 180◦ pulse.

By making the assumptions of a negligibly small rise time ε, constant gradient strength

and that the spin remains stationary during the application of the gradients equation 2.31

can be simplified to

φnet = γGδ(x1 − x2) (2.32)
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Where x1 and x2 are the particle positions during the first and second motion-sensitising

gradients respectively. Equation 2.32 shows that there is a direct relationship between the

net phase accumulated by spins and the distance moved between the diffusion gradients.

If there is no diffusion, spins will remain in the same position throughout both gradients

with x1 = x2. In this case, the phase shift accumulated by the second gradient will exactly

cancel out the phase shift from the first gradient. On the other hand, if the molecules

(spins) are diffusing through the tissue they will change position between the two gradients.

If this happens, they will experience a different field strength between the second and first

gradient. This means the phase shift from the second gradient will not perfectly cancel the

first resulting in a net accumulated phase. With a whole population of spins in a sample

undergoing the random thermal motion shown in 2.10, the result is a distribution of phase

shifts over the whole population. This reduced coherence causes a reduction in magnitude

of the transverse magnetisation and an attenuation of the signal echo. The amount of

signal loss correlates with the diffusivity of the tissue, and it is by this mechanism that

the diffusion-based contrast is generated for DW-MRI.

The theoretical signal amplitude can be calculated in terms of the distribution of phase

shifts by

S = S0

∫ ∞
−∞

P (φ) cos(φ)dφ (2.33)

Where P (φ) denotes the distribution of phase shifts in the sample, and S0 is the theoretical

signal amplitude in the absence of diffusion weighting [62]. P (Φ) can be calculated from

equation 2.28 to give:

P (Φ) =
1√

2π〈φ2〉
exp

(
− φ2

2〈φ2〉

)
(2.34)
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Where the quantity 〈φ2〉 is the mean square phase shift of the population of spins. Sub-

stituting the phase shift distribution into equation 2.33, simplifies the signal equation:

S = S0 exp
(
− 〈φ

2〉
2

)
(2.35)

Using equations 2.32 and 2.24, the commonly known diffusion signal equation can be

derived [61]:

S = S0 exp(−γ2G2δ2∆D) (2.36)

= S0 exp(−bD) (2.37)

The above relationship has been simplified using the previously-mentioned short gradient

pulse approximation and so does not take into account the effect of the gradient ramp-up

and ramp-down periods. In a real-world situation with a real MRI scanner, these effects

should not be ignored and equation 2.37 becomes

S = S0 exp(−γ2G2(δ2(∆− δ/3)− δε2/6 + ε3/30)D) (2.38)

Where ε is the gradient ramp-up/ramp-down time. Equation 2.37 defines the acquisition

b-value, as suggested by Le Bihan [20]. In diffusion MRI, the b-value is commonly used

to describe the degree to which a scan has been diffusion-weighted. Acquisitions with a

higher b-value have a stronger diffusion weighting and visa versa. Usually, the b-value is

adjusted by changing the diffusion gradient strength G, while keeping all other parameters
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constant. With unrestricted diffusion, the equations above still hold, as the probability

distribution of molecular displacements is still Gaussian in nature. In this case, the signal

is only dependent on the b-value of the scan, regardless of the combination of acquisition

parameters that were used. However, when the diffusion is no longer free such as in

biological tissue where the microscopic structure influences the motion of water molecules,

this is no longer the case. With restricted diffusion, the gradient separation ∆ can have a

strong influence on the signal, as ∆ effectively defines the length the water molecules are

able to diffuse during the scan. With larger ∆ values, water molecules are more likely to

come into contact with the restrictive barriers within the tissue.

Based on the theory set out above, it is clear that there are many factors that can affect

the diffusion MRI signal. The take-home message is that the diffusion signal is inherently

influenced by the microstructure of the tissue. The acquisition parameters can be adjusted

to fine-tune the diffusion acquisition depending on the desired application. It is possible

for clinicians to use diffusion-weighted images to infer information about the structure of

tissue without any post-processing via qualitative visual inspection. However, the problem

with this is that the diffusion-sensitivity is not the only mechanism by which the contrast

in the image is generated. Other confounding factors such as different T1 or T2 relaxation

times will also affect the amplitude of the measured signal in different tissues. It is therefore

often more desirable and more common practise to obtain quantitative information from

DW-MRI, using various analysis techniques.
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Figure 2.13: Figure showing (left) b = 500 and (right) b = 1000 images of the brain.
Taken from https://mrimaster.com/characterise%20image%20dwi%20.html, accessed
30/05/2018

2.3.3 Analysis

2.3.3.1 Apparent Diffusion Coefficient

As previously discussed, in the case of free diffusion the measured diffusion signal is related

to the diffusion coefficient D, which in turn is related to the mean squared displacement of

a diffusing water molecule over a given time. However, in biological tissue the root mean

squared diffusion distance is typically smaller than the dimensions of the microstructural

features of the tissue. The effect of this is that the diffusion of the water molecules can

be seen as being ‘hindered’ by the tissue. For this reason, the diffusion coefficient D is

replaced with the Apparent Diffusion Coefficient (ADC) when studying biological tissue

using DW-MRI. Equation 2.37 becomes

S = S0 exp(−b.ADC) (2.39)

65

https://mrimaster.com/characterise%20image%20dwi%20.html


The value of the ADC is a measure of the degree to which diffusion is hindered in the

tissue, which itself can be indicative of the microstructural characteristics. Equation

2.39 above shows that in order to calculate the ADC value from diffusion-MR data it

is necessary to acquire a minimum of two separate images with different b-values. A

commonly used approach is to acquire a b0 image (an image without diffusion weighting)

and one image with diffusion weighting. An estimate of the ADC value can then be

calculated by rearranging 2.39:

ADC =
ln S0

S1

(b1 − b0)
(2.40)

Though this approach is mathematically correct, it is not commonly used due to its inac-

curacy. One cause of this is that the true b-value of the acquisition is difficult to calculate.

As previously discussed, the finite gradient ramp-up and ramp-down contribute to the

true b-value. In addition, the imaging gradients used to spatially encode the signal also

contribute to the b-value of the acquisition [63]. Another source of inaccuracy is the

presence of Rician noise. The noise in complex MR data normally distributed, whereas

the magnitude is Rician distributed. The effect of the Rician distribution is that even

in the absence of any true MR signal, the expectation value of the rectified signal is

greater than zero. Therefore, at low SNR the amplitude of diffusion-weighted MR data

is over-estimated, while the amplitude of the non-diffusion-weighted signal is unaffected.

Therefore the ADC value calculated from the two diffusion weightings will be underesti-

mated [64]. A more commonly-used approach for calculating ADC is to perform non-linear

least squares fitting to the un-logged diffusion data using a gradient descent optimisation

scheme [65]. A numerical approach such as this is more robust and therefore produces a

more reliable value. By calculating the ADC value on a voxel-wise basis it is possible to

generate a quantitative image where the contrast is generated solely from the apparent
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diffusivity of the underlying tissue, this is often referred to as an ’ADC map’ an example

of which can be seen in figure 2.14.

Figure 2.14: Figure showing the ADC map, calculated from the b500 and b1000 images
shown in figure 2.13. The map demonstrates how the ADC value relates to the microstruc-
tural properties of the underlying tissue. In this case, the ventricles and Cerebrospinal
Fluid (CSF) spaces within the brain appear bright as they have a higher ADC value.
These regions are fluid-filled, meaning water molecules are free to diffuse. Conversely, the
white and grey matter appears darker, as these regions are densely packed with cells and
neurons meaning diffusion is restricted and the ADC value is lower. Image taken from
https://mrimaster.com/characterise%20image%20dwi%20.html, accessed 30/05/2018

Analysis of these maps can give a reasonable representation of changes in diffusion across

tissues [66]. This technique has had great success upon translation to the clinic with

widespread usage in a variety of disciplines. One of the most well-known applications

being the early detection of ischaemic stroke, where the ADC value has shown to provide
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a considerable increase in detection sensitivity compared to standard MR techniques. It

has been shown that conventional MR sequences (T1 and T2 weighted imaging) can detect

an infarct after approximately 6 hours, whereas a decrease in the ADC value is seen after

only a few minutes [67, 68]. The ADC has also been shown to have useful applications in

oncology where the value has been shown to be lower in malignant tumours than in the

surrounding tissue, but recovers again after successful treatment with chemotherapy [69].

One of the main limitations of the ADC is that its value is effected by many physical

processes occurring on the microscopic scale of tissue. It is impossible to infer anything

about any of these individual processes or properties from the ADC value itself, and as

such the ADC can be seen as a representative ‘summary’ of the diffusion-related properties

of the tissue microstructure. One such property that influences the ADC value is the

presence of perfused blood vessels. Blood flowing in the chaotic network of capillaries

can be interpreted as rapid pseudo-diffusion. This will affect the ADC value calculated in

that voxel and is a very challenging, if not impossible inverse problem to remove from the

overall ADC value [66].

The ADC remains a highly relevant and useful tool in both a clinical and a research setting.

It provides a useful insight into the microstructural geometry of tissue, and helps to bridge

the gap between the micro and macro length scales. The simplicity of the ADC is one of

its main advantages making it easy to implement, but also one of its main limitations. In

order to gain a more detailed understanding of the tissue microstructure, it is necessary to

apply more sophisticated techniques that allow for the separation of the different factors

that contribute to the diffusion signal. This is the main motivating factor behind the

development of more advanced models.
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2.3.3.2 Diffusion Tensor Imaging

Diffusion Tensor Imaging (DTI) was a technique developed specifically for studying the

characteristics of diffusion in the brain. It is commonly known that the white matter tissue

within the brain consists of bundles of axons also known as ‘tracts’ [70]. The presence

of these tracts cause the underlying tissue microstructure to be highly anisotropic in

nature. The basic concept underpinning DTI is that the diffusion of water molecules will

be less restricted along the principle direction of the fiber tracts in a given voxel. Previous

diffusion imaging experiments had aimed to measure D|| and D⊥ diffusion components to

characterise the anisotropy of the tissue [71, 72]. Using a diffusion tensor to characterise

anisotropy was first proposed by Basser et al [73, 74], where the diffusion probability

density function was defined as

ρ(x|x0, τ) =
1√

|D(τ)|(4πτ)3
exp

[−(x− x0)τD(τ)(x− x0)

4τ

]
(2.41)

where D is a 3× 3 covariance matrix


Dxx Dxy Dxz

Dyx Dyy Dyz

Dzx Dzy Dzz

 (2.42)

Where Dxx,yy,zz represent the diffusion coefficient measured along the x, y or z-axis re-

spectively. The off-diagonal terms Dxy... represent the correlation between the diffusion

coefficients along the principle directions. In the special case of isotropic diffusion, the

three diagonal components Dxx,yy,zz are all equal and the off-diagonal terms are 0 and can

therefore be ignored. In the case of anisotropic diffusion, the diagonal components are no
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longer equal, and the off-diagonal components can no longer be ignored.

A mathematical technique known as ’eigen decomposition’ (or matrix diagonalisation when

applied to a square matrix) can be applied to the diffusion tensor matrix in order to extract

the eigenvectors and eigenvalues. The three eigenvectors ε1, ε2, ε3 correspond to the three

principle diffusion directions, and the eigenvalues λ1, λ2, λ3 are directly proportional to

the root mean squared diffusion displacement in the relative direction. When fitting the

diffusion tensor model to diffusion data, the eigenvalues can be constrained in order to

capture different diffusion geometries.

The diffusion tensor is often visualised as an ellipsoid, where the size of the ellipsoid along

each principle direction is defined by the eigenvalues λ1, λ2, λ3 of the covariance matrix,

and the orientation of the ellipsoid defined by the corresponding eigenvectors ε1, ε2, ε3 (see

figure 2.15 [75].

Figure 2.15: Schematic showing how a diffusion tensor can be visualised as an ellipsoid,
with the principle axes direction/dimensions given by the eigenvalues of the diffusion tensor
matrix.

Other parameters that may be derived from the calculated diffusion tensor such include

the mean diffusivity and fractional anisotropy, which have been demonstrated as effective

biomarkers for ischaemic brain injury [76] and Multiple Sclerosis [76]. The mean diffusivity

is calculated as the average of the three eigenvalues
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MD =
(λ1 + λ2 + λ3)

3
(2.43)

and describes the rotationally invariant magnitude of water diffusion within a given voxel

(the ‘ADC’ value). Fractional anisotropy aims to describe the degree of diffusion asym-

metry in a voxel:

FA =

√
(λ1 − λ2)2 + (λ2 − λ3)2 + (λ1 − λ3)2

2(λ2
1 + λ2

2 + λ2
3)

(2.44)

The fractional anisotropy is a scalar value that varies between 0 and 1, where 0 indicates

that the diffusion ellipsoid is spherical (since λ1 = λ2 = λ3) and diffusion within the voxel is

perfectly isotropic. As the diffusion within a given voxel becomes increasingly anisotropic,

the value of FA approaches 1. The mean diffusivity and fractional anisotropy have found

widespread application in brain imaging. However, these metrics lack the sensitivity to

detect more subtle changes to the tissue. As such, more advanced models are required in

order to access tissue metrics that are more sensitive to pathological changes.

2.3.3.3 Intra-Voxel Incoherent Motion

As previously discussed, one of the factors that can affect the value of the ADC in tissue is

the perfusion of tissue via blood flow in the capillaries. It has been shown via experiments

in an MR phantom that the measured ADC is close to the known value as long as there is no

perfusion. In in-vivo studies the value is often higher than expected, and this discrepancy

is attributed to incoherent motion in the microvasculature (capillary network) [77]. Intra-

Voxel Incoherent Motion is a two-compartment model of diffusion proposed by Le Bihan et

al [77] in order to account for the effect of pseudo-diffusion on the overall diffusion signal.
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The term ’pseudo-diffusion’ arises from the pseudo-random orientations of the perfused

vessels in the capillary bed, shown in figure 2.16.

Figure 2.16: Image showing the orientations
of the capillaries. The image is a zoomed-in
section of a segmented vessel network from a
subcutaneous LS174T tumour model.

The equation giving the signal attenuation

due to diffusion (equation 2.39 is modi-

fied when there is flow in the capillaries.

The modification takes the form of an addi-

tional term, F , that represents the pseudo-

diffusion:

S

S0
= e(−b.ADC).F (2.45)

Where F ≤ 1. By making certain assump-

tions about the geometry of the capillary

network the value of F can be calculated.

The capillary network can be modelled as

a series of straight segments of length l with an average flow velocity < v > [77]. Com-

bining this assumption with a model of biological tissue containing two compartments;

a perfusion fraction f of water flowing with the blood in the capillaries and a fraction

(1 − f) of static water in the intra/extracellular space. This combination enables a new

relationship between the diffusion and detected signal to be derived:

S

S0
= (1− f)e(−b.ADC) + fe(−b.D∗) (2.46)

Where D∗ is the diffusivity associated with a combination of the pseudo-diffusion and the

diffusion of water in whole blood. The increase in complexity of the IVIM model compared
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to the ADC means that additional data is required in order to extract values from the

model.

Usually, the value of the pseudo-diffusion coefficient D∗ is much larger than the diffu-

sion coefficient ADC, therefore at any given diffusion weighting the pseudo-diffusion term

decays much faster than the diffusion term. Therefore, at higher b-values the total dif-

fusion signal is dominated by the effects of diffusion and the effects of pseudo-diffusion

are negligible. Therefore, in order to estimate the IVIM model parameters it is necessary

to acquire diffusion MRI data with low diffusion-weightings (typically b ≤ 150s/mm2) as

well as high diffusion-weightings (b ≥ 200s/mm2).

The most commonly-used method for estimating the IVIM parameter values is by using

least-squares fitting. This is a well-documented technique that involves iteratively chang-

ing the model parameters in order to minimise the difference between the predicted signal

values and the measured values [78].

One of the drawbacks of the IVIM model is the long-running debate over whether or

not the perfusion parameters produced by the model correlate with the perfusion values

measured via other established techniques such as using intravascular contrast agents [79].

Intravascular tracers measure the perfusion value by detecting the rate at which the tracer

is taken up by the tissue, rather than via a direct measurement of the blood flow. The

counter-argument to this is that the rate at which any given tracer is taken up is directly

dependent on a number of factors, with the blood flow velocity and microvascular geometry

included. It can therefore be argued that there should be a degree of correlation between

the perfusion parameters measured through IVIM and those measured using contrast

agents, though there are examples where this is not the case [80]. Another limitation of

the IVIM model is that it has been demonstrated that the parameter values have poor

repeatability [81]. A lack of repeatability is a severe limitation as it makes multi-centre
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studies very difficult, and may even cast doubt over the results of longitudinal imaging

studies. One of the possible reasons for this lack of repeatability is that the low b-value

measurements can be corrupted by tissue motion effects. Incoherent motion of the tissue

being imaged from processes such as glandular secretion can mimic the signal attenuation

associated with microvascular perfusion.

Despite its limitations, the IVIM model has been shown to be useful in both a preclinical

and clinical setting for separating the effects of diffusion and microvascular pseudo-diffusion

in biological tissue. The increased complexity of the model means it is better able to fit

the signal decay curve than the simple mono-exponential approach of the ADC. However,

it does not provide a means of effectively characterising the microstructural environment

of tissue. The perfusion measurement provided by the IVIM is a useful biomarker in its

own right, however it is just one of many possible microenvironmental properties that may

be sensitive to the changes caused by new cancer therapies. In order to access these other

parameters, more sophisticated models of tissue diffusion are required.

2.3.3.4 Multi-Compartment Models

The ADC and IVIM methods can both provide useful insights into the structure of tissues,

and go some way towards characterising their function. However as previously mentioned,

the parameters produced by these techniques may be sensitive to multiple microstructural

properties that can reduce the sensitivity or specificity of these techniques. Biophysical

models aim to provide a simplistic geometrical representation of the underlying target

tissue. These generally involved modelling the tissue as discrete ‘compartments’ such as

the intracellular and extracellular space. The MR signal corresponding to these models is

calculated, then the inverse problem solved to estimate the model parameters that match

the measured MR data. These model parameters tend to be analagous to tissue metrics
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such as cell radius, intra/extracellular volume fraction etc.

Stanisz’ Optic Nerve

One of the first multi-compartment models was proposed by Stanisz et al [82]. The model

aimed to represent the diffusion of water within a bovine optic nerve using three discrete

compartments: The axons, glial cells and the extracellular space between them. Diffusion

within the axons is represented by a prolate ellipsoid, the glial cells by a sphere and the

extracellular diffusion modelled by a hindered isotropic diffusion model. The model also

allows for the effect of permeability by allowing exchange between compartments [83]. Due

to the complex nature of this model, a large quantity of high-quality data is required in

order to fit it. In the study, a sample of bovine optic nerve was scanned ex-vivo oriented

parallel and perpendicular to the diffusion encoding gradient, and data was acquired with

a signal-to-noise (SNR) ratio > 1000. The model was fitted to this data, and estimates of

various tissue properties were calculated including glial cell radius (sphere radius), axon

diameter and length (short and long axis of ellipsoids) and both intra- and extracellular

diffusivities. However, it is impossible to translate this model to in-vivo data as the

typically-achievable SNR is much lower ( 50).

Ball and Stick

Behrens et al [84] proposed an adapted version of Stanisz’ model, known as the ‘Ball

and Stick’ model, which was intended to serve as the simplest possible model represent-

ing diffusion in white matter. The model consists of two compartments with the ‘Ball’

representing the isotropic unrestricted diffusion in the extracellular space and the ‘stick’

representing the directionally-restricted diffusion in the axons. The signal is represented

as a weighted linear sum of the two compartmental signal models:
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S = S0

(
f exp(−bd(n̂.ĝ) + (1− f) exp(−bd)

)
(2.47)

Where f is the volume fraction associated with the ‘stick’ compartment (intracellular vol-

ume), d is the diffusivity parallel to the stick orientation and within the ball compartment,

n̂ is the principle stick orientation and ĝ is the diffusion encoding gradient direction. By

adding additional ‘stick’ compartments, the ball and stick model framework can be easily

extended in order to model multiple fibre populations within a single voxel [85]. However,

the model is unable to access tissue features such as cell/axon radius.

CHARMED

Following on from the development of the ‘ball and stick’ model, a more complex multi-

compartment model of diffusion was developed by Assaf et al [86]. The Composite Hin-

dered and Restricted Model of Diffusion (CHARMED) introduces a more accurate por-

trayal of the intra-axonal tissue structure. The intra-axonal (intracellular) space is repre-

sented by either one, or two populations of axons modelled by packed cylinders, with a

single orientation per population. The axon diameters are fixed to expected values based

on histology. The extracellular space is modelled as anisotropically hindered diffusion, un-

der the assumption that diffusion in the extracellular space is more hindered perpendicular

to the axons. Fitting the model to data enables the axon orientation(s), intra/extracellular

diffusivities and compartmental volume fractions to be estimated. The main drawback of

the model is that due to its increased complexity it requires a large volume of diffusion-

weighted data acquired in numerous directions and with multiple diffusion-weightings.
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AxCaliber

The CHARMED model was further developed by Assaf et al [87] with the introduction

of the AxCaliber technique. AxCaliber extends the CHARMED model by estimating the

distribution of axon radii with an assumed orientation. The distribution of axon radii was

assumed to follow a Gamma distrubution based on previous histological analysis [88]. A

large quantity of diffusion-weighted data is required in order to fit the AxCaliber model.

The diffusion-encoding direction must be perpendicular to the principle fiber orientation

with a combination of different diffusion times and b-values. The AxCaliber technique has

been proven to provide a highly accurate estimation of axon diameter in ex-vivo tissue

samples, and has also been applied in-vivo in rats [89]. The main limitations of AxCaliber

are the large quantity of data required, and the need for prior knowledge of the principle

fibre orientation.

ActiveAx

The problems with the AxCaliber framework were addressed by Alexander et al [90] with

the ActiveAx model. The model presents a simpler representation of the intracellular space

- as randomly packed cylinders with identical radii and orientation. The extracellular

space is represented in the same way as with the CHARMED model, with anisotropically-

hindered diffusion. The model features an additional compartment in order to account

for partial volume effects arising from the CSF - an isotropic diffusion compartment (a

simple mono-exponential). The model is capable of estimating the axon diameter index

(correlated with the volume-weighted diameter), fibre orientation and intra/extracellular

volume fractions. Despite the fact the model does not attempt to estimate the entire

axon diameter distribution, the ActiveAx framework still requires a large volume of high-

quality diffusion-weighted image data in order to provide a robust estimate of the model

parameters. However, it may be said that requiring a large volume of data is a fairly

common limitation within the field of multi-compartment diffusion modelling [91].
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NODDI

An extension to the ActiveAx framework was proposed by Zhang et al [92] that aimed

to improve the robustness of the model in the presence of orientation dispersion. The

intracellular compartment is identical to that of the ActiveAx model, but the orientations

of the packed cylinders no longer identical. The orientations instead are assumed to fol-

low a Watson distribution. The model was shown in [92] to be capable of estimating the

axon diameter index and orientation dispersion with in-vivo DW-MRI data from a human

brain. This model formed the foundation of the widely-used Neurite Orientation Disper-

sion and Density Imaging (NODDI) model developed by Zhang et al [21]. The NODDI

framework models the intracellular compartment as sticks with Watson-distributed orien-

tations, meaning the axon radius is not estimated. The relative simplicity of this model

means it can be fitted to in-vivo data acquired on a clinical scanner with two b-value

shells. This has led to the technique being used in a variety of studies [93–96].

VERDICT

All of the models discussed above were developed to measure microstructural features of

the brain, or nervous tissue. Compartment models for use in other tissues such as tumour

tissue are somewhat lacking. The bi-exponential IVIM technique described previously

has been applied numerous times in an attempt to characterise the vascular properties of

various types of tumour [97–100]. Although IVIM is able to successfully separate the ad-

ditional signal from vascular water, the remaining signal corresponding to the intracellular

and extracellular spaces is represented by a mono-exponential.

One of the first attempts to extend the use of compartmental/biophysical diffusion mod-

els for microstructural characterisation of tumours is VERDICT (Vascular, Extracellular

and Restricted Diffusion for Cytometry in Tumours). The VERDICT framework char-

acterizes water diffusion in the intracellular, extracellular and vascular compartments of
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tumour tissue. The foundation for the VERDICT model comes from work carried out by

Panagiotaki et al in 2012 [6], where a full taxonomy of mathematical diffusion models was

evaluated and compared. The results of this in-depth study show that in general models

with three separate compartments outperform models with two. A three-compartment

model was thereby selected for the VERDICT framework, consisting of separate vascular,

extracellular and intracellular compartments. All three compartments contribute to the

total calculated diffusion signal, which is given by a volume-weighted linear sum:

S =
3∑
i=1

fiSi (2.48)

Where Si is the calculated signal from each compartment and fi is the volume fraction

associated with that compartment (
3∑
i=1

fi = 1). An appropriate mathematical model of

the diffusion signal must be selected for each compartment, that is suitably representative

of the microstructural geometry of the tumour.

The intracellular volume compartment describes the signal resulting from spins diffusing

within the cells of the tumour. The diffusion signal from the intracellular compartment

is dominated by the effect of restricted diffusion, which must be accounted for by the

mathematical model selected. Various models of restricted diffusion have been developed

to represent a range of different restriction geometries [6, 62, 101, 102]; including spheres,

cylinders, ellipsoids, astrocylinders and astrosticks. A different restricted compartmental

geometry can be chosen depending on the expected characteristics of the tumour in order to

achieve the most reliable result. As the majority of tumours lack the organised anisotropic

structures such as the axons found in the brain, the most often-used restriction geometry is

the sphere. The mathematical model representing the signal generated from spins diffusing

within a restrictive spherical medium was developed by Murday and Cotts [102].
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A three-dimensional diffusion tensor (DT) model (see section 2.3.3.2) is used to model both

the extracellular extravascular (EE) and intravascular compartments. The eigenvalues of

the tensor model describing the extracellular space are most often constrained to be equal,

as the extracellular space is expected to be isotropic. In contrast, when the tensor model

representing the vascular pseudo-diffusion is fitted to the data the eigenvalues are left

unconstrained, in order to capture the anisotropic nature of the microvascular bed. In

more recent work, alternative models have been considered for representing the vascular

compartment, such as the ‘astrosticks’ model (see below). The modular nature of the

technique gives the flexibility to swap models in and out depending on the application.

Due to the large number of parameters that are fitted to the diffusion data by the VER-

DICT model, a greater number of different b-value scans are required in order to achieve

a reliable quantification of the tissue microstructure. For pre-clinical in-vivo imaging,

Panagiotaki et al [9] used a diffusion scheme of 46 different b-values, in 3 orthogonal

directions. The scan time ( 2.5 hours) was therefore considerably longer than a basic

diffusion-weighted sequence. However, using an echo-planar acquisition scheme on a clin-

ical scanner it has been possible to reduce the acquisition time to around 15 minutes.

Taxonomy of Model Compartments

The various compartmental models used in the techniques described above were sum-

marised and collated in a study by Panagiotaki et al [6] who compiled a taxonomy of

compartmental models. The most commonly-used compartment models are outlined in

table 2.1, along with their associated signal models and the tissue compartments they

typically represent.
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2.3.4 Validation and Microstructural Modelling

As shown by the compartmental diffusion models described above, the complexity of

diffusion-MRI microstructural imaging techniques is ever-increasing. However, the val-

idation of these techniques via comparison with an established ground truth is essential

if they are to be translated into widespread clinical practice. Such a ground truth can

be achieved by numerous approaches that can broadly be divided into three categories:

histological validation, numerical phantoms and physical phantoms.

2.3.4.1 Histological Validation

One of the most popular methods for validating microstructural imaging methods is by

comparison with histology. This enables the tissue in question to be directly visualised

and measured in order to establish an accurate ground truth. Histology, also known as

microanatomy is the study of biological samples using a microscope. Tissue samples are

taken, then sliced into thin sections/slices (often using a cryostat). Biological tissue in

its unaltered state has very little natural contrast when viewed with a light microscope.

Tissue staining is used to give contrast, and specific stains have been developed that

target particular features of interest. The most common stains used for studying tissue

microstructure are hematoxylin and eosin (H&E). These stain and provide contrast to the

cell nuclei and cytoplasm respectively, allowing the tissue microstructure to be visualised.

A large portion of the histological validation of diffusion imaging metrics has been per-

formed on brain-imaging applications. Much of the compartmental models developed for

use in the brain focus on recovering the orientation, density or radius of the axon tracts

within white matter[21, 84, 86, 87, 90]. As a reflection of this, much of the histological

validation work that has been performed has been on focused on assessing the accuracy

of these methods in measuring such parameters.
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Choe et al [103] compared the metrics calculated diffusion metrics such as diffusion tensor

orientation, fractional anisotropy and diffusivities from diffusion-weighted data acquired

from a monkey brain. They then investigated the correlation between these and similar

metrics calculated from light microscopy images of histological slices, similar studies in rats

and ex-vivo human brain have been performed by other groups [104, 105]. More recently,

Gangolli et al [106] performed a similar validation of fibre orientation measurements via

q-space imaging by co-registering 3D volumes of histology and diffusion data. This was

performed in regions of ex-vivo human brain tissue with highly complex white matter

structures, as regions with crossing and fanning fibres present a greater challenge when

attempting to measure fibre orientation distributions using diffusion MR models. Other

recent work has been focused on imaging histology samples with alternative optical imaging

techniques such as confocal microscopy [107, 108], optical coherence tomography (OCT)

[109] and polarized light imaging [110, 111].

One of the main limitations of histological validation is the extrapolation of the ex-vivo

imaging conditions and tissue properties to those of in-vivo. It has been shown in various

studies that the directional dependence and anisotropy of the diffusion signal in white

matter is preserved between in-vivo and ex-vivo [112, 113]. However, it is not definitively

known whether other diffusion metrics and tissue parameters can be validated via histology

due to the potential microstructural perturbation caused by the fixing and dehydrating

steps involved in the sample preparation process. It is also not known whether the same

extrapolation between ex-vivo and in-vivo can be made in other tissues and pathologies

such as cancerous tissue.
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2.3.4.2 Physical Phantoms

An alternative to histological validation is the use of physical hardware phantoms. Phys-

ical phantoms consist of model systems constructed to represent a chosen tissue, whose

microstructural properties are known. These systems can then be imaged using a real scan-

ner to assess the accuracy of new DW-MRI techniques. As such, hardware phantoms can

be used to bridge the gap between theoretical/computational models and in-vivo imaging.

Phantoms can take various forms, depending on the technique they are aiming to vali-

date. They can broadly be split into two main categories: liquid phantoms and structural

phantoms. Liquid phantoms are typically MR-visible fluids that have known diffusion

properties. Structural phantoms usually consist of MR-visible fluid contained within MR-

invisible structures designed to mimic the microstructural properties of certain tissues.

These structures restrict the diffusion of water in the same way as the barriers in biologi-

cal tissue.

The most readily-available and popular liquid phantom is water. It is inert, stable and

very easy to obtain. However, the ADC of water is higher than the ADC of in-vivo tissues,

and is highly temperature dependent [114]. In addition, water has a low viscosity, meaning

that large containers of water may produce flow artefacts. One attempt to overcome these

issues is to submerge a small container of water within iced water, the ADC of water at

≈ 0◦ is approximately equal to that of living brain tissue and the iced water keeps the

temperature stable over long periods of time. This makes the iced-water phantom a useful

validation tool for basic diffusion techniques and multi-centre comparisons [115–117]. One

limitation of ice-water phantoms however is that they have a single fixed ADC value. This

can be overcome using aqueous solutions as phantoms. Solutions of water and albumin

[118], water and sucrose [119] and agar gels [120] have been proposed as methods for tuning

the ADC value of liquid phantoms. More advanced solutes such as polyvinylpyrrolidone
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(PVP) [121] and polyethylene glycol (PEG) [122] have also been shown to be effective.

Alternative liquids have also been proposed including various alkanes [123], and water-fat

emulsions such as dairy cream [124–126].

Liquid phantoms are useful for validating simple diffusion measurements such as the ADC

value. They are usually easy to manufacture and a relatively inexpensive solution. How-

ever, they are unable to represent the complex structures found in biological tissue that

leads to the restricted nature of diffusion in such tissues. In addition diffusion in liquids

is isotropic, meaning liquid phantoms can not be used to validate anisotropic diffusion

models such as diffusion tensors or many compartmental models.

Structural phantoms can be constructed that aim to represent a specific feature of tissue.

By surrounding diffusing molecules with an MR-invisible material they are able to recreate

the effects of anisotropic, hindered and restricted diffusion. Structural phantoms can

consist of synthetic phantoms or biological tissue analogues. An example of a biological

analogue is the use of asparagus to mimic the anisotropic diffusion properties of white

matter or nerve fibres [127]. Multiple synthetic phantoms have been developed that aim

to recreate the structure and properties of white matter. Water-filled silica microcapillaries

with specific radii have been used to investigate the sensitivity of novel gradient waveform

PGSE sequences to small radii, and the effect of changing the frequency of oscillating-

gradient spin-echo acquisitions on ADC values [128, 129]. A growing area of research

involves the use of various polymers for constructing DW-MRI phantoms. Amongst these,

poly(η-caprolactone) (PCL) has been suggested as a promising option. PCL is non-toxic,

is easy to process and can be woven into nanofibres via a process known as electrospinning.

This has lead to the use of PCL to construct phantoms for validating diffusion-weighted

imaging of the heart [130] and brain [131, 132]. A number of structural phantoms have

also been developed for applications other than brain imaging. A phantom consisting of

polystyrene latex microspheres packed into tubes was used to validate measurements of
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pore size and surface/volume ratio using oscillating-gradient spin-echo sequences [133]. In

more recent work, McHugh et al [134] used coaxial electrospraying of PCL and PEG to

create ‘roughly spherical, micron-sized core-shell polymer “cells”’ as a phantom designed

to mimic the cellular structure of tumours.

Physical phantoms (both liquid and structural) are useful tools for validating diffusion-

weighted imaging metrics, and have been proven essential for assessing inter-centre vari-

ability. The advantages of using physical phantoms is that they take into account the

acquisition-specific and scanner-specific effects. However, both liquid and structural phan-

toms are simple representations of complex biological tissue. They can also be difficult to

manufacture, and can suffer from phantom-to-phantom variability.

2.3.4.3 Numerical Phantoms

A numerical phantom is a computer model constructed to represent a physical object/phe-

nomena that enables computerised testing and validation. One of the key advantages of

numerical phantoms is that they are highly flexible, allowing for the validation and op-

timisation of biophysical models with near-infinite combinations of tissue properties and

acquisition parameters [135]. Numerical phantoms can broadly be split into 3 categories:

Matrix formalisms, finite difference methods and Monte Carlo simulations.

Matrix formalism methods involve solving for the eigenmodes of the diffusion propaga-

tor [136]. This allows the expected echo attenuation to be calculated mathematically.

However, in practise this is only possible for substrates with simple geometries (such as

spherical pores, parallel planes, cylinders) [137]. Solving for the eigenmodes of the propa-

gators for more complex geometries can be very difficult, or impossible. A finite-difference

approach aims to solve the Bloch-Torrey equations numerically for substrates with more
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complex geometries, including the effects of barrier permeability. Finite difference ap-

proaches have been used to investigate the relationship between cellular properties and

the ADC value [138]. A finite difference approach has been used in various other studies

to predict the relationship between tissue properties and signal attenuation in substrates

with varying geometries [139–144]. However, both matrix formalisms and finite difference

methods struggle to cope with highly disordered and complex microstructural geometries.

They are also unable to take into account additional contrast mechanisms such as exchange

and T1/T2 relaxation. By far the most flexible and popular numerical phantom method

is Monte Carlo simulations.

Monte Carlo simulations aim to recreate the process of individual spins diffusing through

complex substrates, taking into account the interactions between the spins and the perme-

able/impermeable barriers. The simulated spins, known as ‘walkers’ are initiated within

the substrate, and are then propagated through the substrate. The resulting diffusion

signal is calculated from the accumulated phase changes of each walker resulting from

their changing position relative to simulated diffusion gradients. Walkers are propagated

through the substrate following a series of discrete time steps, the length of which is usually

of fixed length according to the Einstein diffusion equation in three dimensions:

∆x =
√

6D∆t (2.49)

Where D is the diffusivity and ∆t is the length of the time step (also known as the

temporal resolution). The direction of the propagation step is chosen randomly, with the

walker propagating homogeneously in any direction with equal probability. Once a new

step has been calculated a check is performed to assess whether the new step would cause

the walker to cross a boundary within the simulation substrate, such as the boundary

between the intracellular and extracellular space. If the new step is deemed to cross a
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boundary, the interaction between the walker and the boundary is then handled. At a

boundary, walkers can either be reflected, or transmitted through the boundary depending

on whether or not the simulation includes the effect of permeability. In Monte Carlo, all

step generation and boundary interaction processes are driven by random numbers. For

a barrier with permeability, the decision to transmit through or be reflected is decided

by a random number generator drawing numbers from a uniform distribution. The whole

step generation and checking process is repeated until the specified simulation time is

reached, at which point the next walker is propagated. Once all of the walkers have been

propagated, the diffusion MR signal is generated based on the accumulated phase of each

walker. Each walker gains or loses phase based on it’s time dependant position, and the

diffusion gradients specified for the acquisition. A more detailed description of this process

will be given in the methods section of chapter 4.

Monte Carlo simulations have been extensively used for validating basic diffusion models

as well as diffusion microstructural imaging techniques. Early worked investigated the

effect of water exchange on the accuracy of biophysical models in various substrate ge-

ometries [82, 145, 146]. The vast majority of Monte Carlo modelling studies in recent

years have been focussed on modelling diffusion in white matter. Various microstructural

measurements of the axons such as axon diameter, axon bending and undulation as well

as tractography algorithms have been validated using Monte Carlo simulations [147–152].

One of the main drawbacks of Monte Carlo simulations is the computational expense.

Often, Monte Carlo simulations take a significant amount of computational time to run,

since a large number of walkers must be propagated, each with a large number of simu-

lation steps and boundary interactions to be calculated. To achieve a reasonable degree

of accuracy, a typical Monte Carlo simulation may take minutes, or even hours to com-

plete. Another drawback of Monte Carlo simulations, as will be discussed in the following

chapters, is their reliance on simplistic models representing biological tissue. Without real
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segmented tissue substrates, simulation substrates instead tend to represent biological

tissue as simple geometric shapes such as spheres, cylinders etc. This simplistic represen-

tation of tissue limits the ability of Monte Carlo simulations to capture diffusion effects

resulting from the complex microstructural geometry of biological tissue.

2.4 Summary

The development of modern cancer therapeutics that can alter the function of tumour

tissue without necessarily changing the volume of the tumour has highlighted the need

to develop more sensitive non-invasive measures of tumour physiology. One promising

candidate is compartmental modelling of diffusion MRI data. Compartmental models such

as VERDICT MRI can enable histologic features of tumour tissue to be measured non-

invasively, and with full coverage and repeatability. However as the mathematical models

involved become increasingly sophisticated and complex, the need for thorough validation

becomes increasingly essential. In the following chapters, the capabilities of the VERDICT

framework are investigated, and a Monte Carlo validation framework is demonstrated.

This is followed by an exploration of the role that machine learning algorithms can play

in extracting useful tissue features from diffusion data.
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Imaging Microstructural Changes using VER-

DICT MRI

3.1 Motivation

As previously mentioned, VERDICT MRI is a novel imaging technique that aims to enable

access to histologic tissue features non-invasively. The three-compartment signal model is

fitted to the signal vs b-value curve from a multi-shell imaging scheme. Fitting the model

returns parameters such as the cell radius, compartment volume fractions and associated

diffusivities. The aim of the work in this chapter was firstly to demonstrate that the

VERDICT model provides a better fit to diffusion data than simple models like the IVIM

and ADC, and secondly to show that the parameters are more sensitive to microstructural

perturbations than simpler models.
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3.2 Introduction

Within the broad scope of cancer research, being able to quickly and accurately quantify

the effectiveness of an administered therapy is currently one of the most critical themes

of research. In a clinical setting, the current gold standard for assessing therapeutic

response is the RECIST criteria, whereby changes in the bulk volume of primary tumour

nodes are used to determine whether therapy has been successful [7, 8]. Often the bulk

tumour volume is a sensitive predictor of therapeutic response. However, some newly

developed cytostatic cancer treatments do not necessarily cause significant changes in

tumour volume - meaning such measurements will not be predictive of therapeutic effect

[153]. In addition, changes in bulk volume usually take a significant amount of time to

occur, with the time between the baseline and follow-up scans usually measured in weeks or

months. The risk of tumour metastasis and/or mutation within such time-scales is thereby

increased, presenting a greater risk to the patient. This is one of the main motivations

for the development of new biomarkers for cancer diagnosis and assessment of treatment

response.

As mentioned in the previous chapter, diffusion MRI has been suggested as a promising

alternative to bulk volume measurements or invasive techniques such as tumour biopsy

and histology. The most commonly-used diffusion MRI technique in a clinical setting is

the ADC, which represents the degree to which diffusion within the tissue is hindered by

the microstructural environment. Although such simple models like the ADC can infer

certain differences in tumour pathophysiology, the exact relationship between the model

parameters and the tumour microstructure is equivocal. There are many different factors

that could effect the value of the ADC, including the cellularity, cell radius, intra/extra-

cellular diffusivities and vascular properties for example. Recently, work has been focused

on developing more complex biophysical models, that aim to separate the effects of these

confounding factors allowing histologic tissue features to be accessed non-invasively.
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In 2014, Dr Eleftheria Panagiotaki et al developed a novel new diffusion MRI technique for

measuring the histologic features of tumour tissue non-invasively called VERDICT (Vas-

cular Extracellular and Restricted Diffusion for Cytometry in Tumours) MRI [9]. The

VERDICT model aims to more accurately characterise the tumour microenvironment by

employing a multi-compartment modelling approach whereby the tissue is represented as

three discrete compartments: the intracellular, extracellular and vascular. Each compart-

ment has it’s own associated signal model with parameters describing the geometry of

the diffusion propagator. These parameters (including the cell radius, intra/extra/vascu-

lar volume fractions and intra/extracellular diffusivities), are intended to correspond to

real tissue properties that are potentially useful cancer biomarkers. To date, VERDICT

has demonstrated the ability to distinguish between tumour and healthy tissue, between

different tumour types and to accurately quantify cell size and density [9, 154] in both

prostate and colorectal cancer.

The aim of this chapter is to demonstrate the capabilities of the VERDICT technique

in detecting changes in tissue microstructure. Firstly, in detecting the microstructural

changes that occur when fixing tissue with formaldehyde. Secondly, in a comparison of the

performance of the VERDICT ‘BallSphereStick’ and ‘BallSphereAstrosticks’ models for

detecting changes induced in a mouse model of glioblastoma treated with Temozolomide.

In order to give context and background, further details on tissue fixation and Temo-

zolomide are given below.

3.2.1 Tissue Fixation

The process of tissue fixation is most commonly involved in the preparation of samples

for histological analysis. The purpose of fixation is to halt the post-mortem decay and
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degradation of tissue by stopping all chemical and biological processes that occur in the

tissue. Changes in osmotic pressure, autolysis and bacterical colonisation can all severly

damage and distort the microscopic structure of tissue, making ex-vivo analysis of non-

fixed tissue futile.

Tissue fixation has extensively been used in the medical imaging field, as fixed tissue

samples can be imaged with much longer acquisition times, and without the effects of

motion. Typically, fixation is performed by immersion or perfusion of the tissue with a

fixative chemical, meaning the fixing process occurs outside-in or inside out respectively.

There are a number of different fixative chemicals that can be used. The most prevalent

non-aldehyde fixatives are alcohol based such as ethanol, methanol or acetone. Alcohol

fixation was commonplace before the discovery of formaldehyde as a method for hardening

tissue samples so that they could be examined via microscopy. However, alcohol fixatives

are known to cause significant tissue shrinkage, meaning histological measures are unlikely

to be reflective of the in-vivo tissue [155].

3.2.1.1 Formaldehyde Fixation

By far the most frequently used chemical fixative is formaldehyde. The smallest member

of the aldehyde family, formaldehyde is a naturally occurring gaseous organic compound

that when dissolved in water creates a substance known as formalin. It is important that

the pH of the fixative solution is kept within the biological range, ideally neutral (pH 7.0)

[12, 156]. In order to achieve this, a buffering compound is added to the formalin (such

as phosphate buffered saline, PBS) to create the substance known as Neutral Buffered

Formalin (NBF) that is used to fix biological tissue [157].

Formaldehyde fixation works via a process called protein cross-linking, whereby the co-
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valent bonds form between the proteins within the tissue, trapping other molecules such

as carbohydrates and lipids in the process [158]. The proteins themselves consist of long

chains of amino acids (see 3.1).
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Figure 3.1: Structure of a typical protein

Formaldehyde readily bonds with amino acids such as Lysine through interaction with the

amide group. After a formaldehyde molecule has bonded to an amino acid attached to

a protein, it is possible for it to bond to an additional amino acid attached to a second

protein. This forms a chemical bridge between the two proteins, thus bonding them

together as shown in figure 3.2.
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Figure 3.2: Methylene Bridge

Where the CH2 molecule that links the two proteins is known as a Methylene bridge. When

thousands of these Methylene bridges form within tissue, the solubility of the proteins is

greatly reduced and the stiffness of the tissue increased.

The effect of formaldehyde fixation on the tissue microstructure has been a topic of fre-

quent investigation, although the majority of studies have focussed on assessing the effect

of fixation on various immunohistochemical staining protocols [159–162]. The effect of

fixation on the microstructural geometry of tissue has not been studied in the same level

of detail, due to the difficulty of quantifying the tissue microstructure both in-vivo and

ex-vivo. Some studies have found the diffusivity of fixed tissue to be significantly lower

than in-vivo. Changes in cell radius caused by aldehyde-based fixatives have been ob-

served, with one study measuring a small decrease in cell radius [163] and one finding a

slight increase in radius [156], however neither of these were statistically significant. It is

possible that any changes in cell size and tissue morphology could occur post-mortem due

to other factors such as changes in osmotic pressure.
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3.2.2 Temozolomide Therapy

Temozolomide is an orally-administered chemotherapy drug, used to treat certain brain

cancers. It is used as a primary treatment for glioblastoma, and a secondary treatment for

astrocytoma. First synthesised in 1984, the drug is a derivative of Dacarbazine. Temozolo-

mide is an alkylating agent, that works by methylating or alkylating the DNA within cells.

The damaged DNA can trigger apoptosis, or stop the cell from replicating [164]. Besides

inducing cell death within the tumour, in-vitro experiments have shown that glioma cells

exposed to temozolomide exhibit significant morphological changes, adopting a fusiform

shape and becoming smaller in size [165].

3.3 Study Outlines

As previously mentioned, the main objective of the work in this chapter was to demonstrate

VERDICT MRI for measuring changes in tissue microstructure. To this end, two separate

studies were performed.

3.3.1 Tissue Fixation Study

This study involved imaging subcutaneously-grown tumours pre- and post-fixation, to as-

sess which VERDICT parameters were sensitive to the changes in tissue structure. Follow-

ing in-vivo imaging with the VERDICT protocol, animals were perfusion and immersion

fixed with 4% PFA (Paraformaldehyde). The tumours were then imaged using the VER-

DICT protocol a second time. The VERDICT ’BallSphereStick’ and ’BallSphere’ models

were then fitted to the in-vivo and ex-vivo datasets, and the fitted parameters compared.

The goal of this study was to assess the performance of the VERDICT MRI framework,
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and investigate which of the parameters are sensitive to microstructural changes in the

tissue.

3.3.2 Temozolomide Study

The study presented in the latter part of this chapter, involving the administration of

temozolomide therapy was highly collaborative in nature. Dr Thomas Roberts was the

study leader, performing much of the study design and imaging experiments. I contributed

to the work by carrying out the imaging and experiments alongside Dr Roberts, and

performing the data analysis.

The data gathered during the study was published in a paper co-authored by myself and

Dr Roberts [166]. The paper presents an analysis of the VERDICT technique, compar-

ing the parameters of the VERDICT ‘BallSphereStick’ model to values measured from

histology and Optical Projection Tomography. The paper also presents an investigation

into the capabilities of the VERDICT model for detecting a response to temozolomide

therapy compared to established techniques such as the ADC. The temozolomide study

involved imaging mouse-brain glioma cells at multiple time points following administration

of temozolomide chemotherapy, to investigate whether the parameters of the VERDICT

model are more sensitive markers of treatment response than traditional DW-MRI metrics

such as the ADC. Glioma cells were implanted into the brains of mice, and allowed to de-

velop for a number of days. The treatment group were then given temozolomide therapy,

while the control group were given a saline bolus. Mice were imaged with VERDICT on

the day of therapy/bolus, and then repeat imaging timepoints performed at intervals of

3 days. A single VERDICT model - ‘BallSphereStick’, and ADC were fitted to the data,

to investigate whether VERDICT was able to detect therapeutic response at an earlier

timepoint than the ADC model.
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In this section of the chapter, an extension of the above-mentioned work is presented,

wherein the performance of two different VERDICT models - so called ‘BallSphereStick’

and ‘BallSphereAstrosticks’, for detecting a response to therapy is compared. These mod-

els differ in their representation of the vascular volume fraction, with the ‘BallSphereStick’

model representing the diffusion in the vascular volume as an anisotropically-constrained

tensor, while the ‘BallSphereAstrosticks’ model represents it as an isotropic diffusion model

[6].

3.4 Methods

3.4.1 Tissue Fixation Study

3.4.1.1 Animal Models

All in-vivo experiments were carried out in accordance with the local ethical review panel

and UK Home Office Animals Scientific Procedures Act 1986 (ASPA) under PPL 70/7309

’Targeted Cancer Therapies’. In addition the United Kingdom Co-ordinating Committee

on Cancer Research guidelines [167] were adhered to at all times. MF1 nu/nu mice were

used due to their limited immune response to human cancer cell-lines. A total of 6 female

MF1 mice between 6-8 weeks of age were used for experiments. All animals were kept

in UCL BSU facilities in individually ventilated cages (IVCs), with free access to food

and water and a 12-hour alternating day/night cycle. After admission to animal housing

facilities a 7-day acclimatisation period was observed before the commencement of any

experimental work in order to reduce stress. Procedures carried out on the animals in-

cluded restraint via scruffing, injection of substances (subcutaneous injection of cells) and

MRI imaging under anaesthesia. All procedures were performed by a suitably trained
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and competent person, with the necessary home office license (Modules 1-4). Daily checks

were performed to ensure the health and well-being of the animals, with weights being

recorded at least every 2 days. Baseline body-weights were recorded during the 7-day ac-

climatisation period. Any animal whose weight dropped by 10% of baseline was weighed

daily, and any animal whose weight dropped by 15% was terminated via schedule 1. This

was not necessary for any of the animals in this study, and all remained healthy until the

predetermined study end-point.

3.4.1.2 Tumour Development

The cell-line used for the subcutaneous tumour models was LS174T, a human caucasian

colon adenocarcinoma model known to be tumorigenic in nude mice. The cells used were

from stocks kept in-house and were handled under sterile conditions. Incubation was

carried out in vented flasks at 5% CO2, 37◦C. For subcutaneous injection a concentration

of 5 × 106 cells per 100µl of serum free media was prepared then injected into the right

flank of the animals. The injection was carried out in a sterile down-flow cabinet to reduce

the risk of exposing the animals to external contaminants. Daily checks for tumour growth

were carried out using callipers to ensure that none exceeded the maximum permissible

volume of 1.5cm3. Tumours took between 17-26 days to develop to a suitable size for

imaging.

3.4.1.3 Anaesthesia and Physiological Monitoring

Anaesthesia was induced with 4% isofluorane in 100% oxygen administered at a total

volume flow rate of 2L/min. Once appropriate depth of anaesthesia was established, it

was maintained using around 1.5% isofluorane in 100% oxygen at a rate of 1 L/min. The

concentration of isofluorane was adjusted depending on the breathing rate of the animal.
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During in-vivo MRI experiments the animals were continuously monitored. Body temper-

ature was monitured using a rectal thermometer (SA instruments, New York, USA), and

maintained using a warm water circulation system and warm air blower. Respiration rate

was monitored using a neonatal apnoea pad, and maintained by adjusting the isofluorane

concentration.

3.4.1.4 Perfusion/Immersion Fixation

Perfusion fixation was performed following a lethal dose of pentobarbital (Euthatal, Merial

UK) administered through IP injection. Once full depth of anaesthesia was established

(via non-existent paw-pinch reaction) the chest cavity of the animal was opened. A 27G

butterfly needle was inserted into the left ventricle of the heart, and an incision made

in the right atrium. Isotonic saline was then used to flush the circulatory system. This

was followed by 4% paraformaldehyde mixed with phosphate buffered saline. Following

perfusion fixation, the whole animals were immersed in 4% paraformaldehyde in order to

ensure the tissue was completely fixed. The full perfusion fixation protocol can be found

in the appendix.

3.4.1.5 MRI Protocol

In-Vivo MRI

All MR data was acquired using a 9.4T Varian horizontal bore scanner (Varian Inc. Palo

Alto, California USA) with a maximum gradient strength of 400mT/m, with 1000mT/m

gradient inserts, and a 39mm birdcage RF coil. Mice were anaesthetised as per the method

described above then placed onto the scanner bed. The physiological monitoring equip-
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ment was then attached, and the respiration rate and temperature checked. The tumour

was then secured in place with dental paste that cures to a stiff consistency, to help reduce

respiratory motion. The scanner bed was then placed into the bore of the 39mm birdcage

coil, which was in turn placed into the bore of the MRI scanner. A GEMS (Gradient

Echo Multi Slice) scout sequence (5 slices axial, saggital and coronal) was performed in

order to locate the mouse and tumour and help align the tumour with the isocentre of the

magnet. Once the tumour was aligned, a manual shim was performed using a 1D LASER

sequence. Following shimming, Fast Spin Echo Multi-Slice (FSEMS) sequences were used

to create a slice plan for the VERDICT acquisitions. Firstly, an axial scan with enough

slices to cover the entire tumour volume (slice thickness 0.5mm). This was followed by

an oblique scan, using the axial scan images to orient the slices so that they bisected the

tumour at 90◦ . The clearest five slices from the oblique scan were used as the slice plan

for the VERDICT scans.

180◦

Signal (echo)

∆

δ δ

TE/2 TE/2

90◦

ε

G G

Figure 3.3: A schematic showing the PGSE sequence used for the VERDICT acquisitions,
with the key sequence parameters labelled.
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For VERDICT acquisitions, a PGSE acquisition was used with in plane field-of-view

2.5cm × 2.5xm, slice thickness 0.5mm and data matrix 64 × 64. Diffusion-weighted im-

ages were acquired with 46 different b-values, each encoded in 3 orthogonal directions and

accompanied by a b0 image for normalisation. In addition to this, a 42-direction b1000

DTI acquisition was performed. TE was minimised for all acquisitions to maximise the

signal-to-noise ratio. The specific combinations of gradient parameters are shown in table

3.1. A corresponding b0 scan with the same TE as each combination of ∆ and G was

acquired, in order to normalise the data and account for T2 effects.

δ (ms) ∆ (ms) G (G/cm) b-value (s/mm2)

3 10/20/30/40 3.6 8/16/24/33

3 10/20/30/40 7.2 30/63/97/130

3 10/20/30/40 10.8 68/143/218/293

3 10/20/30/40 14.4 120/254/387/521

3 10/20/30/40 18.0 188/397/606/814

3 10/20/30/40 21.6 270/571/872/1173

3 10/20/30/40 25.2 368/778/1187/1596

3 10/20/30/40 28.8 481/1016/1550/2085

3 10/20/30/40 32.4 609/1285/1962/2639

3 10/20/30/40 36.0 752/1587/2422/3257

10 30/40 4.0 305/420

10 30/40 8.0 1221/1680

10 30/40 12.0 2749/3780

Table 3.1: The gradient parameters used for the VERDICT acquisitions in this study,
along with the corresponding b-value for each combination.

This study was attempted twice, during the first attempt no respiration gating was used -

making the total scan time 2.5 hours per animal. However, on inspection of the data, some

ghosting artefacts were noticed that were likely due to respiratory motion. Steady-state

respiration gating was then added to the sequence, that ensures the data is only acquired

during the relatively motion-free part of the breathing cycle. This pushed up the total

scan time per animal to around 5.5 hours.
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Ex-Vivo MRI

Between 20 and 24 days after fixation in-vivo imaging, the animals were scanned again. At

least 10 days prior to ex-vivo imaging the animals were removed from the PFA immersion

and washed with de-ionised water. The washing process was repeated 3-4 times before

imaging took place, to maximise the diffusion signal. The samples were scanned overnight

using the same experimental set-up as for the in-vivo scans. The temperature of the ex-vivo

tissue was raised to 38◦ by pumping warm water (constant temperature maintained via

water bath) through rubber tubing next to the sample, to equal the body temperature of

the in-vivo subjects. Temperature was monitored using a temperature probe to ensure the

temperature was stable prior to commencing scanning. The TR of the scans was increased

to 350ms and 6 averages were performed per acquisition. With the same combinations of

b-values and directions the total scan time was 8 hours 10 minutes per animal.

3.4.1.6 Model-Fitting

The acquired diffusion data was fitted in accordance with the procedures set out by Pana-

giotaki et al [6, 9]. The data (entire dataset including 42-direction DTI) was first nor-

malised using the accompanying b0 acquisitions and then fitted using the iterative maxi-

mum likelihood procedure that accounts implemented by the open-source Camino diffusion

MRI toolkit [168]. A MATLAB wrapper was implemented to make data handling, plot-

ting and visualisation easier. Camino implements the Levenburg-Marquardt algorithm

(LMA) for model fitting. The objective function rewards goodness-of-fit via a chi-squared

function, which is modulated by a noise term based on the Rician noise present in MRI

data:
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Lobj =
M∑
n=1

(S̃n(δ,∆, G)−
√
Sn(δ,∆, G)2 + σ2)2 (3.1)

Where M is the number of observations, Sn is the predicted signal by the model and

S̃n is the observed signal [6]. The LMA fitting algorithm requires an initial estimate of

the parameters that are to be fitted, in order to begin the iterative process. Unlike with

some other fitting techniques, these initial estimates can not be chosen randomly, as the

performance of the algorithm is sensitive to the presence of local minima. The presence

of these local minima depends on the complexity and number of parameters of the model

being fitted. To find estimates of the model parameters for the VERDICT models, the

toolkit uses a multi-stage approach, where the complexity of the model is built up in

stages. For example, when fitting the ’BallSphereStick’ model, the toolkit will first fit

simpler ’BallSphere’ and ’BallStick’ models, then use the fitted values of those parameters

as the initialisations for the final fitting process. The fitted parameters are also constrained

to lie within certain bounds, either depending on the nature of the parameter itself, or

based on the physiologically expected values. The constraints applied to the parameters

in this study are shown in table 3.2.

Parameter Constraint

Cell Radius, R 0.1µm ≤ R ≤ 20.1µm

Pseudo-Diffusion Coefficient P P ≥ 3.05µm2/ms

Compartment Volume Fractions 0 <v <1

Table 3.2: The constraints applied to the parameters during the model fitting process.

Models Fitted Four models were fitted to the diffusion-weighted data. The VERDICT

’BallSphereStick’ and ’BallSphereAstrosticks’ models were both fitted. As described above,

these models have identical compartment models for the intracellular and extracellular-

extravascular compartments but a different model for the vascular compartment. The
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’BallSphereStick’ compartment assumes that the vascular signal is anisotropic, whereas

the ’BallSphereAstroticks’ model allows for isotropic vascular signal. For ex-vivo data,

the ’BallSphere’ mode was used, that lacks a vascular compartment (due to the lack of

perfusion in post-mortem tissue). In addition, the ADC model was fitted, as a comparison.

3.4.1.7 Statistical Analysis

All statistical analysis was performed using the GraphPad Prism software (version 6.0).

For comparisons between in-vivo and ex-vivo parameters from the same animal, a two-

tailed Mann-Whitney U-test was used. The Mann-Whitney U test is non-parametric, and

can be applied on subject-matched datasets. Asterisk notation is used on graphs to denote

significant differences between groups.

3.4.2 Temozolomide Study

3.4.2.1 Animal Models

All in-vivo experiments were carried out in accordance with the local ethical review panel

and UK Home Office Animals Scientific Procedures Act 1986 (ASPA) under PPL 70/7309

’Targeted Cancer Therapies’. In addition the United Kingdom Co-ordinating Committee

on Cancer Research guidelines [167] were adhered to at all times. A total of 24 female

8-week old C57BL/6 mice were used for the study. All animals were kept in UCL BSU

facilities in individually ventilated cages (IVCs), with free access to water and a 12-hour

alternating day/night cycle. A 7-day acclimatisation period was observed before the com-

mencement of any procedures. All procedures were performed by a suitably trained and

competent person, with the necessary home office license (Modules 1-4).
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3.4.2.2 Tumour Development

The mice were injected with GL261 mouse glioma cells, into the right caudate nucleus.

Anaesthesia was induced using 4% isofluorane, mixed with 100% oxygen administered at

a flow rate of 2L/min. A stereotactic frame (David Kopf Instrument, Tujunga CA) was

used to hold the heads of the mice steady. While in the frame, anaesthesia was maintained

using 2% isofluorane, with 100% oxygen at 2L/min. Before the incision was made, the

head was sterilised using 4% chlorhexadine. The skull was then exposed by cutting the

skin with a sterile scalpel. Coordinates for the burr hole were found using a blunt syringe

(1mm anterior, 2mm to the right of the bregma). The burr hole was then created using

a 25G needle. A hamilton syringe (75N, 26s/2”/3, 5µ L), was then used to create a

small reservoir within the caudate nucleus, by inserting the syringe 4mm into the tissue

then retracting 1mm to form the reservoir. The GL261 cells were then administered in a

volume of 2µL over 2 minutes, a total of 2×104 cells were injected into each mouse. After

delivering the cells, the syringe was slowly removed at a rate of 1mm/min. The burr hole

was then closed using bone wax, and the wound sutured closed.

3.4.2.3 Anaesthesia and Physiological Monitoring

Anaesthesia was induced with 4% isofluorane in 100% oxygen administered at a total

volume flow rate of 2L/min. Once appropriate depth of anaesthesia was established, it

was maintained using around 1.5% isofluorane in 100% oxygen at a rate of 1 L/min. The

concentration of isofluorane was adjusted depending on the breathing rate of the animal.

During in-vivo MRI experiments the animals were continuously monitored. Body temper-

ature was monitured using a rectal thermometer (SA instruments, New York, USA), and

maintained using a warm water circulation system and warm air blower. Respiration rate

was monitored using a neonatal apnoea pad, and maintained by adjusting the isofluorane

concentration.
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3.4.2.4 Study Design

A total of 24 female 8 week-old C57BL/6 mice were inoculated with mouse glioma cells for

this study, using the method described above. Previous work using this model of glioma

has shown that the tumours usually take around 2 weeks to develop to a suitable size

for imaging. With this in mind, baseline imaging was carried out 13 days after tumour

cell innoculation. At this timepoint, the mice were randomly-assigned into two groups:

control and therapy. The therapy group were then administered with the first dose of

temozolomide mixed with vegetable oil via oral gavage (130mg/kg). The control group

were given an oral gavage of vegetable oil with the same volume. Treatments were repeated

on the following two consecutive days, bringing the total administered dose to 490mg/kg.

Meanwhile, the control group were given two further sham doses of vegetable oil. Further

imaging timepoints were performed at 3-day intervals, until the final timepoint 22 days

post injection. A schematic of the study timeline is shown in figure 3.4.

Figure 3.4: A schematic of the timeline of the Temozolomide therapy study, showing the
tumour innoculation day, imaging and therapy timepoints..
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3.4.2.5 MRI Protocol

MRI experiments were performed using a 9.4T Varian horizontal bore scanner (Varian

Inc. Palo Alto, California USA) with a maximum gradient strength of 400mT/m, with

600mT/m gradient inserts installed. A 72mm volume RF coil was used as the transmit

coil, with a separate 2-channel receiver head coil (RAPID biomedical, Ripmar Germany).

Mice were anaesthetised using the protocol described above and then positioned prone

onto the scanner bed. An MR-compatible head-holder with a bite-bar was used to hold

the mice in position. The head was kept secure and rigid within the holder using plas-

tic ear-bars, with local anaesthetic (Lidocaine) applied to minimise any discomfort. An

intra-peritoneal line was inserted, for administration of gadolinium contrast agent. The

physiological monitoring equipment was then attached, and the temperature and respira-

tion rate checked. The scanner bed was then inserted into the centre of the RF coil, and

into the scanner bore.

After tuning and matching, a GEMS scout sequence was used to ensure that the mouse

was correctly positioned within the isocentre of the magnet. Following manual shimming,

a structural T2-weighted FSEMS sequence was used to localise the tumour inside the

brain. VERDICT data was then acquired using a spin echo sequence with an EPI (Echo

Planar Imaging) readout, with a TR of 3 seconds, minimised TE, 3 shots, 20mm× 20mm

field of view, 0.5mm slice thickness, 5 slices, 2 averages and 64 × 64 data matrix. The

combination of b-values and gradient timings was identical to those used in the tissue

fixation study shown in table 3.1, including the 42-direction b-1000 DTI acquisition. Fol-

lowing the acquisition of VERDICT data, contrast-enhanced images were taken. Mice

were given intra-peritoneal injections of gadolinium-DTPA (dosage 0.6mmol/kg), which

was allowed 10 minutes to circulate before imaging with a T1-weighted spin-echo sequence

slice-matched to the VERDICT data.
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3.4.2.6 Data Analysis

Regions of interest (ROIs) were manually drawn around the tumours in a slice-by-slice

manner, using the roipoly function in MATLAB, based on the enhancing regions of the

gadolinium-enhanced MR images. The binary masks produced were then applied to the

diffusion data, then data analysis was performed on the voxels within these ROIs.

Model fitting was performed using the open-source Camino diffusion MRI toolkit [168],

using a MATLAB wrapper. Further details can be found previously in section 3.4.1.6.

Two different VERDICT models were fitted to the data, the ’BallSphereStick’ and ’Ball-

SphereAstrosticks’ models, as well as the ADC. Three parameters from the aforementioned

models were selected, the intracellular volume, extracellular volume and cell radius. The

performance of corresponding parameters between the two VERDICT models was com-

pared, to see if there was a difference in sensitivity between the two models. The sensitivity

of these parameters to the microstructural changes induced by the temozolomide therapy

were compared against the ADC. In order to improve the stability of the fitting process,

the intracellular and extracellular diffusivities were fixed at 9e− 10m2s−1 for both VER-

DICT models (Similar to the methods of the original VERDICT paper [9]). The fitting

process was identical to that of the tissue fixation study 3.4.1.

As a further comparison, the T2-weighted structural scans were segmented in order to

give a clinically-relevent estimation of tumour volume. The tumour volume was used as

an additional parameter to compare against the ADC and VERDICT parameters to see

which is the most sensitive predictor of therapeutic effect.
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In addition, to assess and compare the goodness-of-fit achieved by the two VERDICT

models, the final value of the objective function minimised during the fitting process was

output for each subject. The mean and standard deviations of the values were then

calculated so that the performance of the two models can be compared.

3.4.2.7 Statistical Tests

The comparisons made in this study were between control and treated animals imaged

at the same timepoint. In each case, a two-tailed Mann-Whitney U test was used to

determine statistically significant difference between the two populations. On graphs, a

single asterisk is used to denote timepoints where a significant difference was found. All

statistical analysis was performed using the GraphPad Prism software (version 6.0).

3.5 Results

3.5.1 Tissue Fixation Study

3.5.1.1 Cell Radius

Figure 3.5 shows the cell radius parameter values produced from fitting the two VERDICT

models to the in-vivo and ex-vivo data. On the left hand side are the results produced by

the ’BallSphereStick’ and ’BallSphere’ models. There was a significant difference between

the cell radius parameter fitted to the in-vivo and ex-vivo data (P < 0.0001), with the

in-vivo radii significantly larger. The mean cell radius parameter from the in-vivo fits was

5.18µm, compared to 4.29µm for the ex-vivo fits.
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Figure 3.5: Box & Whisker plots showing the values of the cell radius parameter produced
by the VERDICT models fitted to the in-vivo and ex-vivo data. LEFT: ’BallSphereStick’
and ’BallSphere’ models. RIGHT: ’BallSphereAstrosticks’ and ’BallSphere’.

On the right-hand side of figure 3.5 are the results produced by the ’BallSphereAstrosticks’

model. A significant difference was found between the cell radius parameter values from

the in-vivo and ex-vivo fits (P = 0.0011), with the in-vivo radii significantly larger. The

mean in-vivo cell radius was 4.8µm, compared to 4.28µm ex-vivo.

3.5.1.2 Intracellular Volume Fraction

The intracellular volume fraction values produced from fitting the the two VERDICT

models to the in-vivo and ex-vivo data are shown in figure 3.6. The ficvf values produced

by the ’BallSphereStick’ and ’BallSphere’ models are shown on the left-hand side. A

significant difference between the in-vivo and ex-vivo was found (P < 0.0001), with larger

intracellular volume fractions associated with the in-vivo data. The mean in-vivo ficvf was

0.498, compared to 0.377 ex-vivo.
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Figure 3.6: Box & Whisker plots showing the values of the intracellular volume fraction
produced by the VERDICT models fitted to the in-vivo and ex-vivo data. LEFT: ’Ball-
SphereStick’ and ’BallSphere’ models. RIGHT: ’BallSphereAstrosticks’ and ’BallSphere’.

The right-hand side of figure 3.6 shows the results achieved by fitting the ’BallSphereAs-

trosticks’ and ’BallSphere’ models. Similarly, a significant decrease in intracellular volume

was measured between the in-vivo and ex-vivo data (P < 0.0001). The mean intracellular

volumes were 0.499 and 0.377 for the in-vivo and ex-vivo datasets respectively.

3.5.1.3 VERDICT Diffusivity

Figure 3.7 shows the diffusivity values measured using the VERDICT framework. Shown

on the left are the results achieved by fitting the ’BallSphereStick’ model to the in-vivo

data, and the ’BallSphere’ model to the ex-vivo data. A significant decrease in diffusivity

was measured between the in-vivo and ex-vivo data (P < 0.0001). The mean values were

1.89× 10−9m2s−1 and 6.96× 10−10m2s−1 for the in-vivo and ex-vivo respectively.
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Figure 3.7: Box & Whisker plots showing the values of the diffusivity parameter produced
by the VERDICT models fitted to the in-vivo and ex-vivo data. LEFT: ’BallSphereStick’
and ’BallSphere’ models. RIGHT: ’BallSphereAstrosticks’ and ’BallSphere’.

The right-hand side shows the results applying the ’BallSphereAstrosticks’ model. Sim-

ilarly, a significant decrease with P < 0.0001 was detected between the in-vivo and ex-

vivo datasets. The mean in-vivo diffusivity was 1.32 × 10−9m2s−1, compared to 6.96 ×

10−10m2s−1 ex-vivo.

3.5.1.4 ADC

Figure 3.8 shows the ADC value calculated from the in-vivo and ex-vivo data. The ADC

values were found to be significantly lower in the ex-vivo data (P < 0.0001).
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Figure 3.8: Box & Whisker plots showing the values of the ADC fitted to the in-vivo and
ex-vivo data.

The mean values of ADC were 6.1×10−10m2s−1 and 4.39×10−10m2s−1 in-vivo and ex-vivo

respectively, with standard deviations of ±8.39× 10−11 and ±3.15× 10−11.

3.5.2 Temozolomide Study

3.5.2.1 VERDICT ’BallSphereStick’

Figure 3.9 shows the parameters produced by fitting the VERDICT ’BallSphereStick’

model to the data from the control and therapy groups at each study time-point. The

results show that the intracellular volume fraction parameter showed no significant dif-

ference at the 3 day time-point. A significant difference was found between the control

and therapy groups at the 6 and 9-day time-points with p-values of 0.007 and < 0.0001

respectively.
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Figure 3.9: The parameter values produced by the VERDICT ’BallSphereStick’ model.
(a) Intracellular Volume Fraction (b) Extracellular Volume Fraction (c) Vascular Diffu-
sivity (d) Cell Radius. On each plot, the values produced from fitting the model to the
control and therapy group data are shown, with error bars corresponding to the standard
deviations. Asterisks are used to denote time-points where a significant difference was
found between the control and therapy group.

A similar pattern was found for the extracellular volume fraction, with no significant

difference found between the control and therapy groups at either the 3 or 6 day post

therapy timepoints. However, a significant difference was found after 6 and 9 days, with

p-values of 0.0006 and < 0.0001 respectively. The vascular diffusivity parameter presented

a significant difference between the control and therapy groups across all four timepoints.

At 3 and 6 days post-therapy the vascular diffusivity of the control group was significantly

higher (p values 0.005 and 0.003), whereas at 6 and 9 days post therapy the therapy group

was significantly higher (p values 0.008 and 0.008). A significant difference was detected
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between the cell radius parameter a the 3 (p = 0.0002), 6 (p = 0.0142) and 9 (p = 0.0003)

day time points.

3.5.2.2 VERDICT ’BallSphereAstrosticks’

Figure 3.10: The parameter values produced by the VERDICT ’BallSphereAstrosticks’
model. (a) Intracellular Volume Fraction (b) Extracellular Volume Fraction (c) Vascular
Diffusivity (d) Cell Radius. On each plot, the values produced from fitting the model
to the control and therapy group data are shown, with error bars corresponding to the
standard deviations. Asterisks are used to denote time-points where a significant difference
was found between the control and therapy group.

Figure 3.10 shows the results from the VERDICT ’BallSphereAstrosticks’ model (with an

anisotropic vascular compartment model). The intracellular volume fraction showed no

significant difference between therapy and control at any of the study timepoints, with very

small intracellular volume values estimated across all datasets. The extracellular volume
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fraction exhibited similar results in that there was no significant difference between the

two groups at the 0, 3 or 9-day time points. The therapy group values were significantly

higher than the control group at the 6-day time point (p = 0.0017). The vascular diffusivity

parameter showed no significant difference at the 0 and 3-day time points. After 6 days the

therapy group demonstrated a significantly larger vascular diffusivity (mean 1.11 × 10−8

vs 8.56×10−9, p < 0.0001). The following 9-day time point showed a similar result, with a

higher diffusivity in the therapy group (p = 0.0005). There were no significant differences

between the cell radius parameters of the two groups up until the 9-day time point. At 9

days post-therapy, the therapy group was significantly larger than the control (p = 0.002).

3.5.2.3 ADC

Figure 3.11: The parameter values produced by the ADC model. Asterisks are used
to denote time-points where a significant difference was found between the control and
therapy group.

Figure 3.11 shows the results from fitting the ADC model to the temozolomide therapy

data. There was no significant difference between the control and therapy groups at day 0

or 3 days post therapy. At 6 days post therapy the ADC values of the therapy group were

significantly larger than the control group (mean 1.296×10−9 vs 1.139×10−9, p < 0.0001).

This difference increased in magnitude at the 9-day time point (mean 1.456 × 10−9 vs

1.163× 10−9, p < 0.0001).
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Days Post Injection
0 3 6 9Parameter

Control Therapy Control Therapy Control Therapy Control Therapy
BSS 0.540± 0.053 0.536± 0.059 0.504± 0.047 0.454± 0.081 0.397± 0.072 0.306± 0.054 0.369± 0.054 0.168± 0.040

Ficvf BSA 0.205± 0.067 0.219± 0.059 0.120± 0.077 0.140± 0.100 0.044± 0.038 0.013± 0.034 0.038± 0.041 0.000± 0.000
BSS 0.391± 0.051 0.387± 0.064 0.419± 0.048 0.461± 0.082 0.514± 0.058 0.621± 0.057 0.540± 0.041 0.762± 0.045

Fees BSA 0.450± 0.032 0.455± 0.035 0.477± 0.025 0.466± 0.032 0.476± 0.021 0.514± 0.022 0.483± 0.026 0.454± 0.038
BSS 12.907± 4.106 8.495± 2.26 9.791± 1.920 7.390± 1.22 8.333± 2.931 11.735± 1.59 9.083± 6.116 19.164± 5.35

Vascular Diffusivity (×10−9)
BSA 0.347± 0.073 0.478± 0.578 0.821± 0.049 0.202± 0.061 0.565± 0.004 1.154± 0.513 0.932± 0.061 3.434± 0.238
BSS 10.752± 0.627 10.516± 0.609 11.144± 0.590 9.969± 0.630 10.029± 0.779 9.104± 0.694 9.787± 0.660 4.831± 2.690

Cell Radius
BSA 9± 0.052 9± 0.097 9± 0.013 9± 0.031 9± 3 8± 5 7± 3 16± 5

ADC 0.996± 0.060 0.980± 0.062 1.051± 0.064 1.066± 0.106 1.140± 0.050 1.296± 0.080 1.163± 0.062 1.456± 0.036

Table 3.3: Mean and standard deviations of the various fitted parameters at each study
time point for the therapy and control groups. For the VERDICT models, the parame-
ter values from the ‘BallSphereStick’ (BSS)and ‘BallSphereAstrosticks’ (BSA) models are
shown.

3.5.2.4 Volumetric Measurements

Time (post baseline)
Tumour Volume (mm3 ± σ)
Control Therapy

0 8± 1 8± 1

3 20± 1 19± 2

6 47± 2 48± 4

9 89± 7 61± 8

Table 3.4: Mean and standard deviations of the volumetric tumour measurements calcu-
lated from manual segmentation of the structural (T2-weighted) images of the therapy
and control groups, for all time points.

Table 3.4 shows the tumour volume values calculated from the manual segmentations of

the T2-weighted images at each time point. At baseline, the therapy and control groups

had identical mean volumes. Over the following 6 days the tumours grew almost linearly

with time, with control and therapy groups increasing in size at an almost identical rate.

At 9 days following baseline, the therapy and control groups diverged, with the tumour

growth in the therapy group significantly slowing relative to the control (p = 0.029).
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3.5.2.5 VERDICT Model Performance Comparison

Figure 3.12: Side-by-side plots showing exemplary VERDICT data from one of the therapy
cohort animals. The symbols represent the measured data, and the lines represent the fits
from the two VERDICT models.

Figure 3.12 above shows an example VERDICT dataset taken from one of the therapy

cohort animals. The left-hand plot shows the fit produced by the ‘BallSphereStick’ model,

and the right-hand plot shows the ‘BallSphereAstrosticks’ model. Both models produced

a close fit across the full range of data. The ‘BallSphereStick’ model appeared to produce

more consistent fits across the different acquisition directions than the ‘BallSphereAstro-

sticks’ model.
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Figure 3.13: Therapy group: The final value of the maximum likelihood objective func-
tion achieved by the VERDICT ‘BallSphereStick’ (Solid line) and ‘BallSphereAstrosticks’
(Dashed line) models for each imaging time point post therapy, averaged across all study
subjects, with standard deviation across the subjects also shown.

Figure 3.13 shows the objective function (maximum likelihood) values achieved during the

fitting process for the therapy group data by the ‘BallSphereStick’ and ‘BallSphereAstro-

sticks’ models. As discussed previously, the objective function value is indicative of how

well the model is able to fit the measured data. In this case, a higher value indicates a

better fit to the data.

As can be seen looking at Figure 3.13, in general the ‘BallSphereStick’ (BSS) model was

able to achieve a closer fit to the data across all the study time-points, with an average value

of −1.2655e7, vs −1.9796e7 for the ‘BallSphereAstrosticks’ (BSA) model. The quality of

fit for both models showed little change between the 3rd and 9th day post-therapy, followed

by a considerable increase between the 9th and 12th day post-therapy. In particular, the

BSS model objective function increased by 1.975e6 between the 9th and 12th day, while

the BSA model objective function increased by 4.676e6.
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Figure 3.14: Control group: The final value of the maximum likelihood objective func-
tion achieved by the VERDICT ‘BallSphereStick’ (Solid line) and ‘BallSphereAstrosticks’
(Dashed line) models for each imaging time point post therapy for the control dataset,
averaged across all study subjects, with standard deviation across the subjects also shown.

Figure 3.14 shows the objective function (maximum likelihood) values achieved during the

fitting process for the control group data by the ‘BallSphereStick’ and ‘BallSphereAstro-

sticks’ models.

The results from the control group were broadly similar to those of the therapy cohort,

with the BSS model achieving a closer fit to the data across all study timepoints, with an

average value of −1.342e7 vs −2.218e7 for the BSA model. The values for both models

remained broadly consistent throughout the study, without the increase between the 9th

and 12th days post therapy seen in the therapy cohort data.
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3.6 Discussion

3.6.1 Tissue Fixation Study

The aim of this study was to apply the VERDICT MRI framework to in-vivo and fixed

tumour tissue, to assess the sensitivity of the fitted parameters to the changes in tissue

microstructure attributed to formaldehyde fixation. This was motivated by the clinical

need for imaging biomarkers that are sensitive to particular changes in tissue structure

caused by therapy, as opposed to the currently-used ADC which is influenced by a broad

range of tissue characteristics. To achieve the primary aim of this study, subcutaneous

tumours were imaged using the VERDICT acquisition scheme both in-vivo and post-

fixation. Two VERDICT models (‘BallSphereStick’ and ‘BallSphereAstrosticks’), as well

as their ex-vivo counterparts were fitted to the data, as well as the ADC. The resulting

fitted parameter values were compared to assess which parameters were sensitive.

The cell radius parameters of both VERDICT models were significantly reduced following

tissue fixation, this was supported and mirrored by a significant reduction in the intracel-

lular volume fractions. Interpretation of these parameters is difficult. According to the

mathematical model, a reduction in the cell radius parameter indicates a reduction of the

length scale over which diffusion within the tissue is restricted. This could be attributed

to a number of factors. For one, interpreting the cell radius parameter literally would

attribute it’s reduction in value following tissue fixation to a significant reduction of the

mean cell radius in the tissue. Such a significant change has not been reported in the

literature following histological analysis of fixed tissue - however these studies have not

had a reliable means of measuring the cell radius in-vivo. The reduction in the cell radius

parameter could also be consistent with the additional effects that formaldehyde fixa-

tion has on the microstructure of tissue. The formation of a dense matrix of cross-linked
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proteins could create a restrictive diffusion environment, trapping the water molecules in

position. The absolute values of the fitted cell radius ( 4-5 microns) are consistent with

the literature and previous histological analysis of the LS174T cell line. However, if the

diffusion coefficient of the tissue is assumed to be roughly 9 × 10−10m2s−1, the smallest

∆ of the VERDICT acquisition (10ms) would correspond to a diffusion length of 7.34µm.

The fact that this is larger than the fitted radius values introduces a degree of doubt over

their absolute accuracy. The diffusivity parameter from both models were also signifi-

cantly reduced following fixation. This is an unsurprising result, as the ex-vivo tissue is

so markedly different to the in-vivo, and was scanned at a different temperature.

A significant decrease between the ADC values of the in-vivo and ex-vivo tissue was also

found, with a p-value less than 0.0001. The ability to distinguish between living and fixed

tumour tissue is not a ground-breaking result in itself. However, the fact that the VER-

DICT model was able to do so with the same sensitivity as the ADC is a promising result.

The decrease in ADC value also supports the VERDICT results, as it is in agreement with

the decrease in the cell radius and intracellular volume fraction parameters. The changes

induced in the tumour microstructure by the fixation process would likely reduce the ra-

dius over which the thermal motion of water molecules is restricted, as discussed above.

Such a decrease in restriction radius would likely cause the observed decrease in ADC. The

advantage presented by the VERDICT framework in this case is that it provides greater

insight into what kinds of microstructural alterations have occurred within the tissue to

produce the change in signal.
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3.6.2 Temozolomide Study

The aim of this study was to apply the VERDICT MRI framework to a therapy study

administering temozolomide to treat a mouse model of glioblastoma, to test whether VER-

DICT was able to detect therapeutic response at an earlier time point than a the simpler

ADC model. Previous work by Panagiotaki et al [9] demonstrated the ability of VERDICT

to detect response to gemcitabine chemotherapy in a subcutaneous mouse model of human

colon adenocarcinoma. In this current study, glioblastoma tumours were established in 24

mice, then split into therapy and control groups following baseline imaging. Further imag-

ing time points were performed alongside administration of temozolomide therapy. Two

separate VERDICT models were fitted to the diffusion data from the therapy and con-

trol groups, as well as the ADC. The ’BallSphereStick’ (BSS) and ’BallSphereAstrosticks’

(BSA) models are identical apart from their vascular compartments (anisotropic for BSS,

isotropic for BSA). Four fitted parameters from each VERDICT model were investigated

and their performance compared with the ADC and tumour volume measurements.

Of the two VERDICT models, the ’BallSphereStick’ performed better with all four fitted

parameters detecting significant differences between the therapy and control groups. The

intracellular volume fraction decreased more rapidly in the therapy group than in the

control. At the 3-day time point, the therapy group intracellular volumes had decreased

relative to the control group to a greater degree than those of the ADC or tumour volume

measurements. The extracellular volume fraction supported the trend of the intracellular

volume, with the therapy group increasing more rapidly relative to the control group and

to a greater degree than the ADC and volume measurements. By the 6 day time point a

significant difference between therapy and control groups was found. The most sensitive

model parameter was the cell radius. By the 3 day time point the cell radius of the therapy

group had significantly decreased compared to the control, 3 days earlier than was achieved
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using the ADC and 6 days earlier than was achieved using bulk volume measurements.

Significant differences were also found at the 6 and 9 day time points.

The parameters of the ’BallSphereAstrosticks’ model did not prove as sensitive to the

particular microstructural changes. The intracellular volume fraction parameter did not

detect a significant difference between groups at any time point. The extracellular volume

fraction demonstrated a significant difference at the 6 day time point, but the trend was

reversed by the 9-day point making the significant difference at the earlier time point less

useful in a clinical setting. The vascular diffusivity was the most reliable at separating the

two groups, with significant differences after 6 and 9 days (greater significance at the 9 day

point). The cell radius parameter showed no difference between the groups at the 0, 3 and

6 day points. At the 9 day time point, the therapy group values were significantly larger

than the controls. Overall, only the vascular diffusivity and cell radius parameters were

as sensitive as or more sensitive than the bulk tumour volume measurements. Only the

vascular diffusivity parameter proved to be as sensitive as the ADC value as a biomarker

for therapy response.

The results demonstrated that the VERDICT framework was able to detect therapeutic

response at an earlier time point than the clinically-accepted techniques. In particular,

the ’BallSphereStick’ model was the most sensitive for determining therapeutic response,

with all parameters exhibiting a significant difference between therapy and control groups

at the 6-day time point. The cell radius parameter detecting therapeutic response after 3

days post therapy, which supports a decrease in cell size caused by Temozolomide therapy.

The ’BallSphereAstrosticks’ model was not as effective, with only the vascular diffusivity

demonstrating the ability to determine therapeutic effect after 6 days.

In addition, analysis of the fitting performance of both VERDICT models revealed that

the ‘BallSphereStick’ model is able to achieve a closer fit to the in-vivo data than the
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‘BallSphereAstrosticks’ model. This in itself is perhaps not a hugely surprising result,

since the ‘BallSphereStick’ model comprises 7 fitted parameters, compared to the 5 fitted

parameters of the ‘BallSphereAstrosticks’ model. Interestingly, towards the latter stages

of the study, the performance of the two models converged, as the ‘BallSphereAstrosticks’

model was able to produce a much better fit for the therapy data after the 12th day

post-therapy. This effect was not seen in the control data, where the performance of

both models remained consistent throughout the study duration. This suggests that the

change in model performance is driven by structural changes occuring within the tissue.

For example the triggering of apoptosis of the cells within the tumour tissue, resulting

in widespread cell death, would result in a more homogeneous and watery tissue which

may affect the fitting performance of the two models. Despite this, the results show that

the ‘BallSphereStick’ model was able to produce a closer fit to the data, and was more

sensitive to microstructural changes induced in the tissue caused by the administration of

temozolomide therapy.

One limitation of this study, that could be addressed in future work, is the lack of a

comparitive measure of perfusion. One option for future analysis would be to make use of

the contrast-enhanced acquisitions to obtain an independent measure of perfusion fraction.

Dynamic contrast-enhanced MRI has previously been applied to measure perfusion volume

and blood flow metrics in tumours and in the brain [169, 170].

In summary, this study compared the parameters produced by the VERDICT MRI frame-

work to the clinically-accepted MRI standards for assessing brain tumour therapy response.

This chapter builds upon the work presented in Roberts et al [166], which demonstrated

that VERDICT is more sensitive to microstructural changes caused by the administration

of temozolomide therapy than conventional techniques. The results presented in this study

confirmed by a parallel analysis that the VERDICT method provides increased sensitivity

for detecting response to the Temozolomide therapy in a mouse model of glioblastoma,
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with differences between therapy and controls detected with VERDICT 6 days before

changes in the bulk volume measurements. Further, the work in this chapter expanded on

the analysis presented in [166] by comparing the performance of the two commonly-used

VERDICT models - ‘BallSphereSticks’ and ‘BallSphereAstrosticks’, both in terms of their

sensitivity to microstructural tissue alterations and in terms of the quality-of-fit achieved

by both models. The results demonstrated that the ‘BallSphereStick’ model is both highly

sensitive (more so than the ‘BallSphereAstrosticks’ model), and produces a closer fit to

the data. The work presented in the following chapters undertakes a thorough validation

of both of these models, to investigate how their parameters correlate with tissue features,

and interrogate their sensitivity to experimental variables such as signal-to-noise.

3.7 Chapter Summary

The aim of this chapter was to assess the capability of the VERDICT framework to de-

tect changes in tissue microstructure. Firstly by determining whether the VERDICT

parameters can quantify changes in tumour microstructure induced by tissue fixation and

secondly by demonstrating that the parameters can serve as sensitive biomarkers for tu-

mour therapy response. The tissue fixation study successfully demonstrated the utility

of the VERDICT framework, and showed that the VERDICT parameters were able to

quantify the changes in cell radius, intracellular volume and diffusivity between the in-vivo

and fixed tissue. The same level of significance was found in the parameter changes for

the VERDICT models and the ADC. The temozolomide chemotherapy study presented a

more in-depth investigation into the potential clinical utility of the VERDICT framework.

The results discussed above showed that in this case the VERDICT model (in particular

the cell radius parameter of the ‘BallSphereStick’ model) was able to detect a significant

response to chemotherapy at an earlier time point (3 days post therapy vs 6 days) than the
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ADC and considerably earlier than the conventional bulk volume measurements. Further,

a comparison of the performance of two commonly-used VERDICT models (‘BallSpher-

eStick’ and ‘BallSphereAstrosticks’) was presented, showing that the ‘BallSphereStick’

model was the more sensitive, and produced a better fit to the data. These results are a

positive indication that the VERDICT framework may provide useful non-invasive cancer

biomarkers by providing a quantitative insight into the tumour microstructure. However,

one of the key challenges associated with the development of a complex technique such as

VERDICT is validation of the model parameters. Exploring the link between the fitted

parameter values and the actual tissue microstructure is vital if the technique is to be-

come further established in the clinic. The following chapter presents the development of a

Monte Carlo modelling framework designed to perform in-silico validation of VERDICT.
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Development and Application of a Monte

Carlo Model of Tissue Diffusion and Flow

4.1 Motivation

As previously mentioned, compartmental models such as VERDICT have the potential to

unlock access to histologic tissue features through mathematical modelling of the diffusion

MR signal. These complex models necessitate thorough validation to determine their

sensitivity and specificity to the tissue property they are trying to measure. Various studies

have focussed on validating diffusion models using numerical phantoms - namely Monte

Carlo models of diffusion. Monte Carlo models are by far the most popular approach for

modelling diffusion, as although they are computationally very expensive they allow for the

greatest flexibility in modelling diffusion in a wide-range of tissue geometries. However, to

date numerical approaches have widely neglected the effect of pseudo diffusion arising from

water molecules diffusing in the intravascular space. Only simple, non-branching vascular

structures have been implemented, generating synthetic signal deterministically. It has

been recognized that Monte Carlo methods incorporating the effect of water diffusion in

realistic intravascular spaces is a gap in the field that should be filled [135, 171].
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The aim of this chapter was firstly to develop a Monte Carlo simulation framework that

recreates the diffusion process of water in biological tissue, including water diffusion in

a realistic vascular structure, and generates synthetic diffusion MRI data based on this

motion. Secondly, to apply said framework as a validation tool for the mathematical

models used by the VERDICT technique and their associated parameters.

4.2 Introduction

Simple models such as the ADC have been successfully employed in the clinic for detecting

tumours and assessing response to tumour therapy. However, they are limited by the

fact that there are various factors that can affect their fitted parameters. This means it

is difficult to ascertain what physiological change has caused the corresponding change

in parameter value(s). Models such as VERDICT look to overcome this limitation by

using mathematical models that aim to reflect the structure of the underlying tissue. As

previously discussed in chapter 2 2 a similar approach has been successfully applied to

quantitative imaging of the brain, with multi-compartment models such as NODDI able

to extract histologic features of white matter such as axon diameter and inter/extracellular

volume fractions.

Along with the development of more sophisticated or complex diffusion models such as

VERDICT comes an increased necessity for thorough validation. It is vital to quantify the

relationship between the fitted parameters and the actual tissue microstructure. Previous

work on validation has been performed via a variety of methods including comparison

with histology, physical phantoms (including hardware and ex-vivo tissue samples) and

numerical methods. Each of these methods has it’s own associated advantages and disad-

vantages, as was discussed in chapter 2 2. Histology is a popular validation technique as

it allows for the direct visualisation of the imaged tissue sample. However, tissue samples
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must be removed from the subject via surgical resection, biopsy or ex-vivo dissection. This

is usually followed by a series of sample preparation steps, that may alter the structure

of the tissue itself. The necessity for removing the samples from the subjects also makes

it very difficult to perform subject-matched longitudinal studies. Phantoms provide an

alternative to histological validation, by providing a tangible yet simplistic representation

of the target tissue microstructure, where the corresponding properties of the phantom

can be finely adjusted and measured. Phantoms are however limited by their simplistic

nature, and in addition can be difficult and costly to manufacture. The most popular

alternative to physical hardware phantoms and histology is numerical validation.

As discussed in chapter 2 2, numerical phantoms are computer models that are constructed

to represent a physical object or phenomenon that allows the detailed testing and vali-

dation thereof. In this case the physical object is biological tissue, more specifically the

tumour microstructural environment. The computational nature of such phantoms im-

parts a great deal of flexibility, allowing for validation of biophysical models in tissue with

near-infinite combinations of physical properties and acquisition parameters.

The aim of the work presented in this chapter was firstly to develop a Monte Carlo mod-

elling framework that simulates the motion of water molecules diffusing within tumour

tissue and generates synthetic diffusion MRI data from said motion. Secondly, to apply

the aforementioned modelling framework as a validation tool for the mathematical models

of the VERDICT MRI technique, as well as validating the fitted parameter values of other

popular diffusion models such as the ADC and IVIM.
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4.3 Methods

4.3.1 Animal Models

A total of 5 female MF1 nu/nu mice were used to gather the in-vivo DW-MRI data. MF1

mice were used due to the fact that they are immunocompromised Animals were kept in

UCL BSU facilities in individually ventilated cages (IVCs), with free access to water and

food and an artificial 12-hour alternating day/night cycle. A 7-day acclimatisation period

before performing any procedures was implemented in order to help reduce any unneces-

sary stress on the animals. Procedures carried out after this period included restraint via

scruffing, subcutaneous injection of substances, and MRI under anaesthesia. All in-vivo

experiments were carried out in accordance with the local ethical review panel and UK

Home Office Animals Scientific Procedures Act 1986 (ASPA) under PPL 70/8421 ’Imag-

ing of Cell Therapy in Tumour Models’. The United Kingdom Co-ordinating Committee

on Cancer Research guidelines were also adhered to at all times. All procedures were

performed by a suitably trained and competent person with the necessary Home Office

license (PIL, modules 1-4).

The cell-line used for the development of subcutaneous tumours was LS174T, a well-

studied human caucasian colon adenocarcinoma model known to be tumorgenic in MF1

nu/nu mice. The cells were grown from stocks kept in-house, and were incubated in vented

flasks (5 C02, 37◦ C). A concentration of 5× 106 cells per 100µl of serum-free media was

prepared for each injections. The cells were injected into the right flank of each mouse,

then the mice were monitored daily to check for tumour growth. Tumours were measured

using callipers to ensure that none exceeded the permitted 1.5cm3 volume. On average,

tumours took 20 days to develop to a suitable size for imaging.
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4.3.2 Data Acquisition

All MR data was acquired using a 9.4T Varian 20cm horizontal bore scanner (Varian

Inc. Palo Alto, CA, USA) with a maximum gradient strength of 400mT/m, and a 39mm

birdcage RF coil. Mice were anaesthetised and placed in the bore of the RF coil, with the

tumour close to the RF centre. The RF coil was then tuned and matched to maximise

the detected signal. In order to confirm the optimal positioning of the animal in the

scanner a gradient-echo scout sequence was used to check that the tumour was properly

centred within the RF coil. Manual shimming was then performed to ensure that the

B0 field was as homogeneous within the sample as possible. Fast Spin-Echo Multi-Slice

sequences were used to create a slice plan for the VERDICT acquisition. Consecutive

slices through the tumour were chosen that were free of skin while still maintaining the

thickest cross-sectional area of tumour tissue.

VERDICT data was acquired using a Pulsed-Gradient Spin-Echo sequence, as previously

discussed. A full dataset consists of 46 different diffusion weightings, each applied in the

3 principle directions. Gradient separations of ∆ = 10, 20, 30, 40ms were used. Gradient

durations of δ = 3ms were used for all ∆, and δ = 10ms in addition for ∆ = 30, 40ms.

For each timing combination with δ = 3ms, the gradient amplitude was stepped from 40

to 400mT/m in steps of 40mT/m. For timing combinations with δ = 10ms the maximum

gradient strength was 120mT/m. The in-plane FOV was 2.5cm × 2.5cm with a 64 × 64

data matrix, and the slice thickness was 0.5mm. Steady-state respiration gating was

implemented in order to reduce the effect of motion artefacts. The tumours were also

given a generous coating of dental paste, in order to further reduce motion during scans.
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4.3.3 Monte Carlo Simulation Framework

The following section outlines the development and methods of the Monte Carlo simulation

framework that forms a significant portion of this PhD project as a body of work. The

development of the framework can be split into three main sections; the generation of the

simulation substrate, the development of the simulation dynamics, and the generation of

the synthetic diffusion MR data. Each of these sections have involved various stages of

development. Where possible, each of these stages will be presented and discussed.

4.3.3.1 Substrate Generation

The substrate of the Monte Carlo simulation framework represents the environment through

which the simulated walker molecules are propagated. Within the context of this project,

the aim is to create a simulation substrate that recreates the microstructural environ-

ment of tumour tissue as closely as possible. Biological tissue can broadly be described

as consisting of three discrete elements, interchangeably referred to as ‘compartments’.

Therefore, the development of the substrate generation element of the project addressed

each compartment separately, although the intracellular and extracellular spaces are in-

trinsically linked.

Intracellular/Extracellular Compartments

The first compartment is the intracellular space, and this represents the space within the

cells of the tissue. In reality, these cells can take a variety of forms depending on the

tissue.
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Figure 4.1: Left: H& E stained histology of a giant cell tumour (bone). Right: H & E
stained histology of a neurofibroma tumour. By Nephron - Own work, CC BY-SA 3.0,
https://commons.wikimedia.org/w/index.php?curid=14831566

Figure 4.1 shows two examples of the different cellular morphologies found within tumour

tissue. The left-hand side image shows a histology slice from a giant cell bone tumour,

while on the right is a histology slice from a neurofibroma tumour. The difference between

the cellular morphologies of these two tumours is apparent. The giant cell tumour exhibits

large ellipsoid-shaped cells, while the cells of the neurofibroma tumour are much more

elongate in nature. These differences are reflective of the healthy tissues from which the

tumours originate. The cells themselves are packed together in a chaotic fashion, separated

by the extracellular space. Typical intracellular volume fractions can range from 0.2 up

to around 0.7 depending on the tumour type [166, 172].

The aim when developing the intracellular compartment of the simulation substrate was

to create a representation of the cellular microstructure of tumours that was simple to

implement, while trying to capture as much of the complexity of the structure as possible.

The MATLAB function tissuemodel.m was written to generate the simulation substrates,

and includes the code for creating the intracellular, extracellular and, if required, the vas-

cular tissue compartments. In the early development stages the simulations were limited

to two compartment substrates without simulated vasculature.
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The tissuemodel.m function generates the intra/extracellular volume fraction using a

sphere-packing algorithm. The function takes the following user inputs:

• Intracellular Volume Fraction

• Extracellular Volume Fraction

• Vascular Volume Fraction

• X-dimension

• Y dimension

• Z dimension

• Diffusivity

• Cell Radius Parameters

These paramaters characterise the properties of the target simulation substrate, and are

used by the subroutines within the tissuemodel.m function. The cell radius parameters

define the distribution of cell radius values within the simulation substrate/voxel (for

example the mean and standard deviation)

Intracellular and Extracellular Volume Compartments

The first step in generating the intracellular compartment is to calculate the volume of

the substrate. This is simply calculated as the product of the three user-specified inputs:

Vtarget = Xdim × Ydim × Zdim (4.1)
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This is then used to determine the target intracellular volume:

Vic = ficvfVtarget (4.2)

A random cell-packing algorithm is then implemented. A flow-diagram of the algorithm

is shown in figure 4.2. After initialising the loop parameters the first random cell is

generated. In particular, a loop parameter that tracks the current intracellular volume of

the substrate is initialised (set to 0). Simulated cells within the substrate are represented

parametrically by a centre coordinate and a radius.

Set current vol
to 0

Generate Random
Cell

Does New Cell
Overlap?

Yes

No

Target volume
 fraction reached?

No
End

Begin

Figure 4.2: Flow diagram showing the algorithm used to pack spherical cells into the tissue
substrate.
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Random numbers between 0 and the size of the substrate along each cartesian coordinate

direction are generated. These three random numbers are used as the centre coordinate

of the cell. The radius of the cell is then calculated. The method for doing so depends

on the inputs provided to the tissuemodel.m function. The most commonly-used inputs

are a mean radius and standard deviation for the substrate cell population. In this case,

the cell radius is selected by sampling a normal distribution with the mean and standard

deviation specified. The current intracellular volume parameter is then updated:

Viccurrent = Viccurrent + Vcell (4.3)

When generating subsequent cells, the algorithm includes an additional step that involves

checking whether the new proposed cell would overlap any of the existing cells. After

the centre coordinate and radius is selected a separate function checks the proposed cell

against each of the previously generated cells to check if the proposed cell overlaps. An

illustration of this process is shown in figure 4.3.
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Figure 4.3: An illustration of the process of checking proposed cells for overlap.

If the proposed cell overlaps a previously generated cell, it is rejected and a new cell

is proposed using the methods described above. Otherwise, the new cell is accepted and

added to the simulation substrate. The volume of the new cell is then added to the current

intracellular volume fraction. At the end of each loop iteration (generating one new cell),

the current intracellular volume is compared with the target value. If the current volume

is greater than or equal to the target value then the process completes. Otherwise, the

algorithm will continue.
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Figure 4.4: An example output from the sphere packing algorithm described above. The
parameters used to generate the substrate shown were mean radius 10µm, standard devi-
ation 5µm. A large standard deviation was only used in order to give a clearer illustration
of the variation in cell radius that can be achieved using this algorithm.

Figure 4.4 shows an example substrate produced using the sphere-packing algorithm. In

this case, the substrate produced comprises two compartments: the intracellular and ex-

tracellular space. The extracellular space is defined by the tight spaces in between and

around the packed spheres, in which the extracellular water molecules will diffuse. As pre-

viously discussed, the majority of previous work in Monte Carlo simulations of biological

tissue have been limited to this two-compartment approach. The main goal of this project

was to extend this framework to account for the effect of water molecules diffusing/flowing

within the blood vessel and capillary network.
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Vascular Compartment - Part 1

The most challenging aspect of this project was developing a realistic representation of the

vascular structure. The aim was to capture both the complex structure of the capillary

bed and large feeder vessels, as well as the functional properties. The most important

functional property is the speed at which water molecules flow through the vessels as this

has the greatest influence on the resulting DW-MRI signal.

Part 1 of the development of the vascular substrate began with a random network generat-

ing algorithm, that joining together a randomly-generated cloud of seed points (vertices)

using a 3D Minimum Spanning Tree MST) algorithm.

The tissuemodel.m function is modified with an additional input ‘vesseldensity’, which is

a three-element vector that indicates the number of vessel vertex coordinates to be placed

along each of the substrate dimensions. It is therefore analogous to the density of the

resulting vascular network.

The first step of the network generation process is to generate a random cloud of points

within the simulation substrates, evenly distributed along each of the three dimensions.

The number of X,Y and Z coordinates are generated according to the vessel density pa-

rameter. These points will form the vertices of the vascular network, which will be joined

together using the MST algorithm. The algorithm was implemented using the TREES

toolbox developed by Hermann Cuntz et al [173]. The toolbox was originally created

to generate and analyse neuronal branching structures, however for the purposes of this

project, the implementation of the MST algorithm proved very efficient for generating

simulated vascular structures.
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The toolbox implements a greedy version of the MST algorithm. Firstly, a root point is

chosen (normally the origin of the simulation voxel [0, 0, 0]). The closest point to the any

part of the tree is then selected and connected to the tree according to two conditions:

1. The euclidean distance between the selected point and the point on the tree. 2. The

resulting path length from the point to the root point of the tree. A the cost function

used to select how to connect each subsequent point is a balanced sum of these two

factors, weighted accordingly by the ‘balancing factor’. A low balancing factor (bf ≈ 0.1)

will result in a highly compartmentalised tree structure, while a high balancing factor

(bf ≈ 1) will result in a direct connection between each vertex and the root. Figure 4.5

shows the resulting connected vessel structure.

Figure 4.5: A random vessel network generated using random seed points joined to-
gether using a MST algorithm. The figure shows a network produced using 1000 vertices
(vesseldensity = [1000, 1000, 1000], with root vertex at (0, 0, 0).

Once the vessel structure has been generated, the convex hull is calculated using the

hull tree.m function. The function defines a high-resolution three-dimensional grid of

points over the vessel structure, and then calculates the closest tree-point to each point in
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the grid, and stores the distance for each point. The MATLAB isosurface.m function is

then used to define a 3D contour that surrounds the vessel structure at a specified distance

(corresponding to the vessel radius). The 3D contour is then converted into a 3D mesh of

faces and vertices, that form the outer wall of the simulated blood vessels. An example of

the resulting simulated vasculature is shown in figure 4.6.

Figure 4.6: The resulting simulated vessel network produced from the vessel structure of
figure 4.5. The vessel radius in this case was specified as 5µm throughout the network.
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The methods for generating a simulated vessel network presented above allow for a great

deal of flexibility. By tuning the parameters used, vessel networks with a wide range of

properties can be created. The framework also allows for multiple networks to be generated

within a single simulation substrate:

Figure 4.7: Multiple vessel networks generated within a single simulation substrate, using
the methods described in part 1.

However, this vessel-generation approach was abandoned when a more physiologically

realistic approach became available using real segmented tumour vessel networks. The

second approach is described below, which is the approach used for the rest of the work

presented in this chapter.
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Vascular Compartment - Part 2

It became apparent during the development of the first method for generated simulated

vessel structures that calculating realistic flow-velocities within the resulting networks

would be a challenge. In addition, the tree-shaped structures are not necessarily repre-

sentative of the vascular morphology of real-world tumours. With this in mind, a new

approach for creating a realistic vascular was pursued.

Figure 4.8: Images showing the various processing stages involved in extracting the vessel
structures for use in the simulation framework. (a) A surgically resected LS174T human
colon adenocarcinoma tumour. The tumour was grown subcutaneously on the right flank
of an immunocompromised mouse. (b) The resected tumour following optical clearing
using the benzyl alchohol, benzyl benzoate (BABB) protocol [3]. (c) OPT image of the
cleared tumour, resolution 5−10µm. (d) Segmentation produced by Gaussian-subtraction,
Frangi filtering, thresholding and skeletonisation. (d) Schematic representing the conver-
sion of the segmented data into a 3D spatial graph format. (f) Resulting 3D graphical
representation of the full tumour vascular network.

The vessel structures are generated from optical projection tomography (OPT) data from

real subcutaneous tumours. During the perfusion fixation process by which the animals

are culled, a systemic injection of fluorescently conjugated lectin is administered which

binds to the walls of the blood vessels. The tumours are then resected and optically
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cleared so that they can be imaged with the OPT system [3, 174]. By using an optical

filter that matches the fluorescence wavelength of the fluorophore, it is possible to capture

a 3D image of the blood vessel network of the tumour, down to a resolution of 5− 10µm

[175]. The fluorescent signal from the vessels is segmented from the background noise by

subtracting a 3D Gaussian-filtered image (25×25×25 kernel), then applying a multiscale

Frangi filter to enhance the vessel structures [176]. The medial axis transform (MAT)

of the segmented vessels is then used to extract a skeletonised version of the structure.

The result of the skeletonisation process is then converted into a graph format (nodes

and segments), which can be used in the simulation to dictate the directions of walkers

diffusing within the vascular volume. An example of a fully-segmented vascular structure,

converted into graph format is shown in figure 4.9.

Figure 4.9: Segmented OPT data from an entire subcutaneous tumour, skeletonised and
converted into graph format. The vessel network has been overlaid on structural MR data
of the subcutaneous tumour on which the OPT imaging was performed.
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Once the vessel structure has been extracted using the processing framework described

above, the next step is to estimate the expected steady-state blood flow values throughout

the network. These blood flow values are necessary for determining the motion of the

walkers propagating through the vessel network during the simulation.

Blood flow values were estimated using the REAlistic Numerical Image-based Modelling

of biologicAl Tissue substratEs (REANIMATE) framework developed by D’Esposito,

Sweeney et al [4]. The framework (shown in figure 4.10)

Figure 4.10: Illustration of the REANIMATE modelling pipeline. The pipeline includes
the complete process for estimating the steady-state blood flow values for complete vessel
networks extracted from real tumours [4]

The framework implements a discrete network model for estimating the steady state volu-

metric blood flow throughout the network (at figure 4.10 stage (4)). The discrete network

model calculates flow values according to Poiseuille’s law:

Fvolume =
P1 − P2

R
(4.4)
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Where P1−P2 represents the pressure drop over the vessel segment, and R is the ’resistance

to flow’ which is dependant on the viscosity of whole blood and the dimensions of the

segment:

R =
8ηL

πr4
(4.5)

Where η is the blood viscosity, L and r are the length and radius of the vessel segment

respectively. By providing the boundary conditions to the simulation in the form of the

pressure drop at one of the inlet vessels, the resultant volumetric blood flow rate can be

calculated over the entire tumour network (see 4.11). Unknown boundary conditions are

estimated based on minimising the deviation of network pressures and wall shear stresses

from specific target values [177] The volumetric flow rate can be converted into a blood

flow velocity using the radius of the vessel segment.

Voxel-sized portions are cropped from the whole tumour network, and used to form the

vascular compartment of the simulation substrate. The simulation substrate is then packed

with virtual cells using the sphere-packing algorithm described previously. An example of

a completed simulation substrate is shown in figure 4.11.
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Figure 4.11: Left: A full simulated tumour vessel network, produced using the REANI-
MATE framework. Middle: 4 examples of voxel-sized portions cropped from the complete
tumour network, two from the middle of the tumour and two from the edge. Right: A
complete simulation substrate comprising spherical cells packed around the vessel network
from one of the example voxels.

Now that the simulation substrate is complete, the next step in the simulation framework

is to implement the simulation dynamics, that simulate how water molecules interact with

the representation of the tumour microstructure.

4.3.3.2 Simulation Dynamics

Walkers in the intracellular or extracellular space are propagated through the simulation

substrate following a random-walk procedure. Walkers within the vessel network are prop-

agated through the network at the blood flow velocity which is dependent on their current

vessel segment. The simultation dynamics are implemented in the tissuediffusion.m func-

tion, written in the MATLAB programming language. The basic structure of the code

takes inspiration from the ‘MCML’ code developed by Lihong Wang and Stephen Jaques

[178]. The method involves propagating one walker at a time, calculating the trajec-

tory step-by-step through the simulation substrate based until the elapsed simulated time

reaches the time duration specified by the user (specified to be at least as long as a DW-

MR acquisition). The total number of steps taken by each walker is determined by the
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time resolution of the simulation, specified by the user. The time resolution corresponds to

the length of time covered by a single step. For example, a typical duration of 0.2seconds

with a time resolution of 1 × 10−4seconds would result in each walker propagating 2000

steps through the substrate. The function takes the following inputs:

• Substrate structure - The output of the tissuemodel.m function.

• Numwalkers - The number of walkers to be propagated.

• Duration - The desired duration of the simulation.

• Temporal resolution - Time per step.

• Initialisation - Specifies the characteristics of the initial walker positions.

• Poolsize - The number of CPU cores to utilise for parallel processing.

• Nanremoveflag - A binary flag determining whether to scan the output for NaN

values (legacy code from when things were behaving strangely)

The first step is to initialise the walker within the substrate. The positions at which

the walkers are initialised are specified by the user and parsed to the function via the

‘initialisation’ variable described above. There are a number of possible options including:

• ‘random full’ - Walker positions are chosen at random within the substrate, can be

within intracellular, extracellular or vascular compartment, with relative numbers of

walkers in each compartment corresponding to the volume fractions of the substrate.

• ‘random quartile’ - Most common option. Walker positions are chosen at random

within the central region defined by the inner quartiles along each dimension. Walk-

ers can be within intracellular, extracellular of vascular compartment, with relative
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numbers of walkers in each compartment corresponding to the volume fractions of

the substrate.

• ‘random cells’ - Walkers are initialised at the centre coordinate of a random cell.

• ‘fixed cells’ - Walkers are initialised at the centre coordinate of cells, in the order

they were generated (repeatable).

• ‘vasc’ - Walkers are initialised at a random vessel node within the vascular structure.

• ‘vasc single seed’ - Walkers are initialised at a specified vessel node within the vas-

cular structure.

After initialising the remaining walker properties such as elapsed time and current step size

the initialised walker is propagated through the substrate. The initial walker propagation

direction is determined by the scatter.m function that performs both the initial direction

calculation and all subsequent direction determinations based on the walker’s compartment

and position within the substrate. The propagation direction of the walker is represented

by directional cosines ux, uy, uz, that represent the angles between the propagation vector

and the three coordinate axes.

If the walker is not in the vascular compartment, the new direction is chosen randomly

and can take any value. The directional cosines are first assigned random values between

−1 ≤ u ≤ 1. The values are then scaled to ensure that the sum of the squared directional

cosines is equal to 1. Accordingly:
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uxtemp ∈ U(−1, 1)

uytemp ∈ U(−1, 1)

uztemp ∈ U(−1, 1)

ux =

√∥∥∥∥ uxtemp
(‖uxtemp‖+ ‖uytemp‖+ ‖uztemp‖)

∥∥∥∥× sign( uxtemp
(‖uxtemp‖+ ‖uytemp‖+ ‖uztemp‖)

)
uy =

√∥∥∥∥ uytemp
(‖uxtemp‖+ ‖uytemp‖+ ‖uztemp‖)

∥∥∥∥× sign( uytemp
(‖uxtemp‖+ ‖uytemp‖+ ‖uztemp‖)

)
uz =

√∥∥∥∥ uztemp
(‖uxtemp‖+ ‖uytemp‖+ ‖uztemp‖)

∥∥∥∥× sign( uztemp
(‖uxtemp‖+ ‖uytemp‖+ ‖uztemp‖)

)

The step size is then calculated using the Einstein diffusion equation:

s =
√

6Dts (4.6)

Where D is the diffusivity of the substrate (assigned during the substrate generation), and

ts is the time per step (or ‘temporal resolution’) of the simulation.

If the walker is in the vascular compartment, the scatter.m function chooses the new

direction based on the walker’s current position within the vessel network. The next vertex

is then determined based on the closest network vertex downstream of the current vertex.

The flow direction at the current position in the network is calculated by the difference in

pressure between the current vertex and those either side. A positive pressure difference

indicates the direction of flow. In the case where the vessel network is bifurcating (the
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walker is currently at the bifurcation point), the next vertex is determined probabilistically

based on the relative pressure drops between the current vertex and the vertices of the

two bifurcations. The step size for walkers in the vascular compartment is calculated by

determining the blood flow velocity based on the vessel radius and the volumetric flow

rate at the current position.

Once the propagation direction and step size have been determined, the next step is to

update the walker position. However, before this is done it must be determined whether or

not the proposed step size and direction would cause the walker to hit a boundary within

the tissue. The three boundaries considered are the cell walls, blood vessel walls and the

edge of the simulation substrate. Each is handled in a simplistic manner: if the proposed

step would cause the walker to cross any of the above boundaries, the step is abandoned

and a new step generated.

If it is determined that the proposed step will not cause the walker to cross any boundaries

within the tissue, then the walker position is updated as follows:

walker.x = walker.x+ (walker.s ∗ walker.ux)

walker.y = walker.y + (walker.s ∗ walker.uy)

walker.z = walker.z + (walker.s ∗ walker.uz)

After updating the walker position, the elapsed time of the simulation is increased by the

time per step (according to the temporal resolution). A check is then performed to ensure

that the time elapsed is less than the desired simulation duration. If the elapsed time is

less than the desired duration, the process is repeated generating a new step and updating

the walker position. If the elapsed time is greater than the desired duration, the walker
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is marked as ‘dead’ and propagation finishes. After each walker has been propagated, the

walker trajectory is stored. The trajectory data contains a record of the walker position,

time elapsed, step number and step length for every step taken during the simulation.

Once the propagation of a single walker through the substrate has completed, the process

repeats for the next walker and so on until the specified number of walkers has been propa-

gated through the substrate. The computational cost of running Monte Carlo simulations

can be very high; a typical simulation can involve propagating tens of thousands of walkers,

resulting in long waiting times. To reduce the amount of time taken per simulation, the

code makes use of parallel processing. The MATLAB parallel-processing toolbox allows

for multiple walkers to be propagated on different CPU cores simultaneously, meaning the

time taken to run a simulation can be decreased by a factor depending on the number of

CPU cores available. On an 8-core processor, this allows a simulation propagating 10, 000

walkers to be completed in 7 minutes, as opposed to almost an hour when run on a single

core.

When all walkers have been propagates, the function exits and returns the large matrix

containing the trajectory data for each walker, as well as statistics about the simulation

including time taken, and the number of walkers propagated in each volume compartment.

The trajectory data is then used to generate synthetic DW-MR data.

4.3.3.3 Diffusion Data Synthesis

Synthetic data is generated using the scan function of the Camino diffusion MRI toolkit

[168]. The toolkit calculates the diffusion signal based on the positions of the walkers

within the substrate at each time point, for different acquisition parameters specified by

the user.
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The walker positions are read into the scan function in the form of a trajectory file (.traj

file). The data contained in the trajectory file comprises the position history of every

simulated walker at every time step of the simulation, stored in big-endian binary format.

Understandably given the nature of the data that they contain, trajectory files can be

very large - possibly tens of gigabytes per file.

A matlab function WriteTraj.m was written to convert the trajectory data output from the

random-walk simulation into a .traj file. The function starts by re-ordering the trajectory

data. Due to the walker-by-walker propagation approach of the simulation the trajectory

data output is ordered by walker index first, followed by time step and position. The

.traj format requires that the trajectory data is ordered by time step first, followed by

walker index and position. After re-ordering the data the function initiates a for-loop that

iterates through each time step of the trajectory data and writes the walker index and

other data to the .traj file as follows:

• Time Step - 64-bit double.

• Walker Index - 32-bit int.

• x-coordinate - 64-bit double.

• y-coordinate - 64-bit double.

• z-coordinate - 64-bit double.

The resulting .traj file is then parsed to the scan function along with a ‘scheme’ file

containing the acquisition parameters for the DW-MR acquisition protocol. For example,

for a 220-acquisition VERDICT scheme, the scheme file contains 220 rows, each containing

the gradient strength, direction, duration and separation and echo time corresponding to

each acquisition.
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After parsing the trajectory and acquisition scheme to the scan function, the synthetic

data is generated by calculating the acquired phase offset from each walker along each

gradient direction by:

φx = γ

∫ δ

0
Gx(t)x(t)dt

φy = γ

∫ δ

0
Gy(t)y(t)dt

φz = γ

∫ δ

0
Gz(t)z(t)dt

Where γ is the gyromagnetic ratio, Gxyz is the time-dependent gradient strength along

the x,y, and z-direction and x(t), y(t) and z(t) are the time dependent walker positions in

the x, y and z-direction. The total signal for each synthetic acquisition is then calculated

by:

S(G,∆, δ) = S(0,∆, δ)

∫ ∞
−∞

P (φ) cos(φ)dφ (4.7)

Where S(0,∆, δ) is the signal calculated with no diffusion weighting and P (φ) is the walker

phase distribution [179].

4.3.4 Model Fitting

Model fitting was performed using the Camino toolkit, see section 3.4.1.6 for details. The

VERDICT ‘BallSphereSticks’ and ‘BallSphereAstrosticks’ were both fitted to the synthetic

data generated using the simulation framework described above, along with the ADC and

IVIM models.
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4.3.5 Verification

The simulation framework itself was validated by generating synthetic DW-MR signal

using simple substrate geometries for which analytical models for the DW-MR signal have

also been derived. This is a popular approach for validating Monte Carlo models [135]. The

tissuemodel.m function was altered to generate a substrate with either uniformly-packed or

randomly-packed parallel cylinders. This substrate was used alongside the original packed

spheres for validation purposes.

Callaghan [137] derived the exact solutions for DW-MR signals arising from parallel cylin-

ders and spheres with impermeable, perfectly-reflecting walls. The analytically-calculated

diffusion signals for different acquisition parameters can be plotted against the signal gen-

erated from Monte Carlo simulations run on corresponding substrate geometries as a way

of validating the simulation dynamics.

Two validation experiments were performed, using signal calculated using two different

analytical models. Firstly, the tissuemodel.m code was modified to generate a substrate

comprising parallel packed cylinders with user-specified radius. The cylinders were either

arranged using cylindrical packing (a pseudo two-dimensional version of the spherical

packing algorithm), or were regularly arranged on a grid. For validation purposes, a

cylinder radius of 8µm was chosen, along with an intracellular volume fraction of 0.6, and

diffusivity of 10× 10−9m2s−1. Data was generated using a typical VERDICT acquisition

scheme of 220 acquisitions, with 46 b-values and 3 directions. The synthetically and

analytically-generated data was then normalised, and plotted in the order of increasing

b-value. The average relative difference between the two Monte Carlo models and the

analytical model were calculated.
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The process outlined above was then repeated using a simulation substrate comprising

packed spheres, with a sphere radius of 8µm, intracellular volume fraction of 0.4 and

diffusivity 10× 10−9m2s−1.

4.3.6 Application to Validation of Diffusion Models

The Monte Carlo simulation framework described above was applied as a tool for vali-

dating mathematical diffusion models, and investigating the sensitivity of their associated

parameters to different substrate characteristics. The parameters of four diffusion models

were validated; the ADC, IVIM and VERDICT ‘BallSphereStick’ (BSS) and ‘BallSphere-

Astrosticks’ (BSA) models.

4.3.6.1 VERDICT Validation

The primary objective of the simulation framework was to be apply the framework as a

tool for validating the mathematical models of the VERDICT MRI technique.

The first step of the validation process was to run multiple simulations, varying the pa-

rameters of the simulation substrate. The substrates were generated using a real blood

vessel network captured from an LS174T adenocarninoma tumour grown subcutaneously

on the flank of an immuno-compromised mouse, simulated using the REANIMATE meth-

ods described previously. Four voxel-sized portions of the full network were cropped out

to form the vascular volume compartment of the simulation substrates, shown in figure

4.11.

Voxels 1 and 2 were taken from the centre of the tumour, and voxels 3 and 4 were taken

from the edge of the tumour. Summary vascular parameters of each voxel, and the network
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as a whole, are shown in table 4.1.

Whole
Network

Voxel 1
(Centre)

Voxel 2
(Centre)

Voxel 3
(Edge)

Voxel 4
(Edge)

Blood Volume
Fraction

0.028 0.025 0.017 0.080 0.026

Mean Vessel
Radius

6.96± 4.53 5.6± 4.2 5.6± 4.1 8.0± 5.2 7.6± 4.1

Mean Blood
Flow

4.82± 34.8 0.07± 0.40 0.15± 0.89 22.9± 59.0 9.43± 25.60

Table 4.1: Table showing the summary vascular parameters of each voxel cropped from
the network, as well as the overall parameters of the network as a whole.

Diffusion-weighted MR data was then generated from each simulation run, in accordance

with the methods described above. A scheme file representing a typical in-vivo VER-

DICT 46 b-value, 3-direction acquisition was used to generate the synthetic data with 220

acquisitions in total.

After generating the synthetic data, the two VERDICT models were fitted to the data

using the Camino toolkit. The model parameters corresponding to the fits were then plot-

ted against the corresponding substrate parameter (for example, the cell radius parameter

plotted against the cell radius of the simulation substrate). A positive correlation be-

tween the substrate parameter and fitted parameter value would indicate that the model

parameters are truly representative of the microstructural properties that they aim to

measure.

A line of identity was added to the correlation plots, as this represents the ideal case where

the substrate parameter and the fitted parameter correlate 1-1. Linear regression was then

performed on the correlation data to fit linear lines of best fit. ANCOVA was then used to

compare the gradients of the resulting linear models with the line of identity to evaluate

whether they are statistically significantly different.
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The substrate parameters were varied according to table 4.2 below. As discussed pre-

viously, the intracellular walker fraction and vascular walker fraction represent the pro-

portionate number of walkers propagated through the intracellular and vascular spaces

respectively.

Parameter Name Range Step Size

Cell Radius 5µm− 15µm 1µm

Intracellular Walker (Volume) Fraction 0 - 1 0.05

Vascular Walker (Volume) Fraction 0 - 1 0.05

Table 4.2: Table showing the ranges over which the substrate parameters were varied.

As well as correlating the substrate parameters with their corresponding model param-

eter (i.e. Intracellular walker fraction with intracellular volume fraction), each model

parameter was also plotted against the other varied substrate parameters. This was done

to investigate whether any of the VERDICT model parameters are cross-correlated with

other substrate parameters. The presence of such cross-correlation could adversely affect

the usefulness of the parameters as biomarkers for detecting changes in the microstructural

properties of tissue.

4.3.6.2 ADC and IVIM

The validation process above was then repeated for two diffusion models that are widely

used in a clinical setting: the ADC and IVIM models. This was in order to investigate

how their associated fitted parameters are correlated with different characteristics of the

tissue microstructural environment. The same batches of simulations were run as for the

VERDICT model validation experiment, varying the substrate cell radius, intracellular

walker fraction and vascular walker fraction. The two models were then fitted to the

resulting synthetic signal, and the correlation between each fitted model parameter and
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the varied substrate parameter were plotted. The ADC has a single fitted parameter of the

same name. The IVIM model has 3 main parameters: D (Diffusion), D* (Pseudo-diffusion)

and Fv (Pseudo-diffusion volume fraction).

When fitting the ADC model, b-values below 100 were ommitted from the fitting process.

This is routinely performed in clinical applications of the ADC model [180].

4.3.6.3 Effect of Blood Flow

The results of the VERDICT validation experiments prompted a further investigation

into the effect of the mean blood flow on the resulting correlation between vascular walker

fraction and the fitted value of the vascular volume fraction. This was done by repeating

the methods of the VERDICT validation experiment above for the vascular volume fraction

parameter a number of times. For each repeat, the blood flow values of the substrate vessel

network were multiplied by a scalar factor. The scalar factor was varied between 0 and 2,

in intervals of 0.1.

The substrates were generated from a single selected voxel (voxel 3) using the same meth-

ods described previously, but with the blood flow velocities scaled up or down by the

constant scaling factor. The simulations were then run, increasing the vascular walker

fraction (the relative number of walkers propagated through the vascular space, analogous

to the vascular volume) from 0 to 1. The synthetic signal was then generated for each

run, and the two VERDICT models were fitted to the resulting data. The resulting fitted

values of vascular volume fraction were plotted against the specified values of vascular

walker fraction, for each set of simulations run with increasing mean blood flow velocity.
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4.3.6.4 Noise Sensitivity

A further aspect of diffusion modelling that can be explored using a Monte Carlo validation

approach is the robustness of the mathematical models to noise. Mathematical models

that can measure intricate details of biological tissue are rendered useless in a clinical

setting if the performance of the models is too sensitive to a decrease in SNR of the MR

signal.

To assess the robustness of the VERDICT models to signal SNR, signals were generated

from the same simulation substrate with varying SNR values. The generated signals were

then fitted with the two VERDICT models, and the accuracy of the resulting cell radius

parameter for each SNR value was compared. The cell radius parameter in particular was

chosen as this is the main parameter that has been investigated as a potentially promising

biomarker for cancer imaging.

A substrate was generated with 8µm cell radius, and other substrate parameters assigned

typical values. High SNR signal (SNR ≈ 100) was generated by propagating a large

number of walkers through the substrate (500,000 walkers, resulting in a .traj file of 50Gb

in size). The resulting signal was then corrupted with Rician noise of varied amplitude, to

produce signals with SNR values of 50, 40, 30, 20, 17.5, 15, 12.5 and 10. Multiple signals

were generated for each SNR value.

The two VERDICT models were then fitted to the synthetic data. The fitting process itself

is repeated multiple times for each signal, initialising the model parameters at different

starting values to reduce the chances of the minimisation process finding a local minimum.

For each signal and for each SNR, the difference between the fitted cell radius value and

the actual value was calculated then a mean value calculated accross all the signals at

each SNR value.
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The resulting accuracy vs SNR data can then be plotted to investigate how the models

behave as the SNR decreases, and assess the overall robustness of the models at clinically

realistic SNR levels.

4.4 Results

In the following section, the results from the various simulation-based experiments outlined

above will be presented.

4.4.1 Validation of Monte Carlo Framework

The first validation experiment performed was to generate synthetic diffusion signal from

a substrate comprising packed parallel cylinders. Synthetic signal was generated using

the Monte Carlo framework of the current project and the framework included with the

Camino diffusion MRI toolkit. Further signal for comparison was then calculated using a

corresponding analytical model. The three signal curves are shown in figure 4.12.
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Figure 4.12: Validation of the Monte Carlo simulation framework performed by generating
synthetic diffusion-weighted signal from a substrate comprising parallel cylinders (radius
8µm), then comparing the synthetic diffusion-weighted signal with signal generated using a
corresponding analytical model. Also shown is synthetic signal generated using the Monte
Carlo simulation tool included in the Camino diffusion toolkit, using a parallel cylinders
substrate (radius 8µm).

Looking at figure 4.12, it can clearly be appreciated that both the Monte Carlo simulation

frameworks produce synthetic signal that is closely aligned with the signal calculated from

the analytical model. Further quantitative analysis showed that the signal produced by

the presently-developed Monte Carlo simulation framework differed from the analytical

model by an average of 3.9%, compared to 8.4% for the Camino toolkit.
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The validation experiment was then repeated for a simulation substrate comprising packed

spheres with radius 8µm. The corresponding three signal curves are shown below in figure

4.13.

Figure 4.13: Validation of the Monte Carlo simulation framework performed by generating
synthetic diffusion-weighted signal from a substrate comprising packed spheres (radius
8µm), then comparing the synthetic diffusion-weighted signal with signal generated using
a corresponding analytical model. Also shown is synthetic signal generated using the
Monte Carlo simulation tool included in the Camino diffusion toolkit, using a spherical
mesh substrate (radius 8µm).

The results shown above show an even closer relationship between the two Monte Carlo

models and the analytical gold standard. The presently-developed Monte Carlo framework

differed from the analytical model by an average of 4.8%, compared to 3.2% for the Camino

toolkit.
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In both validation experiments, the Monte Carlo models differed from the analytical model

to a greater extent at higher b-values.

4.4.2 VERDICT Validation

4.4.2.1 Intracellular Walker (Volume) Fraction

The results of the intracellular volume fraction validation experiments are shown below in

figure 4.14.

Figure 4.14: Parameter correlation plots for the intracellular walker fraction plotted
against fitted model parameters produced using the VERDICT ‘BallSphereStick’ model
(top row) and ‘BallSphereAstrosticks’ model (bottom row). The plots show the ground
truth values (x-axis) taken from the simulation, plotted against the fitted parameter val-
ues produced by the VERDICT models. From left to right: Intracellular walker fraction
vs intracellular volume fraction, intracellular walker fraction vs cell radius, intracellular
walker fraction vs vascular volume fraction. The four different colours represent the four
voxels cropped out of the vessel network (Dark blue - voxel 1, light blue - voxel 2, orange
- voxel 3, red - voxel 4). The solid black line shows the 1-1 correlation line. The dashed
black line is the line of best fit fitted to the average of the four voxels.
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Shown above in the top row of figure 4.14 are the results from the ‘BallSphereStick’ (BSS)

model (with anisotropic vascular diffusion compartment).

All four voxels show a correlation between intracellular walker fraction and the fitted

intracellular volume fraction. ANCOVA revealed that the best fit line gradients of three

of the four voxels (1, 2 and 4) were not significantly different to the 1-1 model (p < 0.001).

Voxel 3 exhibited a weaker correlation than the other 3 voxels, and diverges both from the

best case and the other three voxels. Despite this, the best fit line of the mean data does

not differ from the ideal best case (p < 0.001), but slightly overestimated the intracellular

volume fraction by an average of 0.11. There was no correlation found between intracellular

walker fraction and cell radius or vascular volume fraction.

The bottom row of figure 4.14 shows the results from the ‘BallSphereAstrosticks’ (BSA)

model, with an isotropic vascular diffusion compartment.

All four voxels exhibit a strong correlation between the intracellular walker fraction and

the fitted intracellular volume fraction. ANCOVA revealed that all four voxels achieved

a correlation that was not significantly different to the 1-1 model (p < 0.01). The same

was true for the best fit line of the mean data, which was statistically identical to the 1-1

model at the 1% significance level. Similarly to the BSS model, the BSA results slightly

overestimate the intracellular volume fraction, by an average of 0.06. Again, there was

no correlation between the intracellular walker fraction and either the fitted cell radius

parameter or the fitted vascular volume parameter.
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4.4.2.2 Cell Radius

The results of the cell radius validation experiments are shown below in figure 4.15.

Figure 4.15: Parameter correlation plots for the substrate cell radius plotted against fitted
model parameters produced using the VERDICT ‘BallSphereStick’ model (top row) and
‘BallSphereAstrosticks’ model (bottom row). The plots show the ground truth values
(x-axis) taken from the simulation, plotted against the fitted parameter values produced
by the VERDICT models. From left to right: Substrate cell radius vs fitted cell radius,
substrate cell radius vs intracellular volume fraction, substrate cell radius vs vascular
volume fraction. The four different colours represent the four voxels cropped out of the
vessel network (Dark blue - voxel 1, light blue - voxel 2, orange - voxel 3, red - voxel 4).
The solid black line shows the 1-1 correlation line. The dashed black line is the line of
best fit fitted to the average of the four voxels.

The top row of figure 4.15 shows the results from the BSS model. All four voxels achieved

a strong correlation between the substrate cell radius and the fitted cell radius parameter

(mean R = 0.99, p ¡ 0.00001). ANCOVA further revealed that voxels 2 and 4 were not

significantly different to the 1-1 best case model (p = 0.08996, p = 0.0757 respectively).

However, a significant difference was found between the mean data (dashed black line)
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and the ideal case. The fitted cell radius parameter underestimated the actual substrate

cell radius by an average of 1.12µm. There was no significant correlation found between

the substrate cell radius and the fitted intracellular volume fraction or the fitted vascular

volume fraction.

The bottom row of figure 4.15 shows the results from the BSA model. There was no

significant difference between the cell radius (substrate) vs cell radius (fitted) correlations

achieved with the BSS and BSA models. Moreover, there was again no significant corre-

lation found between the substrate cell radius and the fitted intracellular volume fraction

and vascular volume fraction parameters. Similarly to the BSS model, the BSA model

underestimated the cell radius value by an average of 1.11µm.
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4.4.2.3 Vascular Walker (Volume) Fraction

The results of the vascular walker fraction validation experiments are shown in figure 4.16.

Figure 4.16: Parameter correlation plots for the substrate vascular walker fraction plotted
against fitted model parameters produced using the VERDICT ‘BallSphereStick’ model
(top row) and ‘BallSphereAstrosticks’ model (bottom row). The plots show the ground
truth values (x-axis) taken from the simulation, plotted against the fitted parameter values
produced by the VERDICT models. From left to right: Vascular walker fraction vs fitted
vascular volume fraction, vascular walker fraction vs intracellular volume fraction, vascular
walker fraction vs fitted cell radius. The four different colours represent the four voxels
cropped out of the vessel network (Dark blue - voxel 1, light blue - voxel 2, orange - voxel
3, red - voxel 4). The solid black line shows the 1-1 correlation line. The dashed black
line is the line of best fit fitted to the average of the four voxels.

The top row of figure 4.16 shows the results from the BSS model. Each of the four voxels

showed a correlation between the substrate vascular walker (volume) fraction and the fitted

vascular volume fraction value, though the correlations were weak. As can be seen looking

at the top-left plot, all four voxels significantly underestimated the vascular volume of the

substrates. This result was confirmed by ANCOVA, which unsurprisingly found that all of
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the voxels demonstrated a correlation significantly different to the 1-1 ideal model. There

was also a noticeable variation in the correlation gradients between each voxel, with voxel

3 (orange) demonstrating a more positive correlation than voxels 1 and 2. There was no

correlation found between the vascular walker fraction and the fitted intracellular volume

fraction. Suprisingly, there was a slight negative correlation found between the vascular

walker fraction and the fitted cell radius value.

The bottom row of figure 4.16 shows the results from the BSA model. These results were

broadly consistent with those of the BSS model, but the correlations between the sub-

strate vascular walker fraction and fitted vascular volume parameters were much stronger.

The correlation demonstrated by voxel 4 was statistically identical to the 1-1 ideal case

(p < 0.0001). The remaining three voxels were strongly correlated but were significantly

different to the 1-1 ideal model. Similarly to the BSS results, there was a noticeable varia-

tion in the correlation slopes between the voxels. Again, there was no correlation between

the vascular walker fraction and the fitted intracellular volume fraction parameter. Mean-

while, there was no significant correlation between the vascular walker fraction and fitted

cell radius.

4.4.2.4 ADC and IVIM models

As previously mentioned, the methods of the VERDICT model validation experiment for

which the results are presented above were repeated for the ADC and IVIM models. Both

of these, and in particular the ADC, are widely used in a clinical setting so understand-

ing what tissue characteristics can potentially influence their parameter values is of key

importance.
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The results for the ADC model are shown below in figure 4.17.

Figure 4.17: Parameter correlation plots for the ADC model. From left to right: Cell
Radius vs ADC, Intracellular Walker Fraction vs ADC, Vascular Walker Fraction vs ADC.
The four different colours represent the four voxels cropped out of the vessel network (Dark
blue - voxel 1, light blue - voxel 2, orange - voxel 3, red - voxel 4). The dashed black line
is the line of best fit fitted to the average of the four voxels.

The left-hand plot of figure 4.17 shows the correlation between the ADC value and sub-

strate cell radius. The ADC increased showed a strong correlation with substrate cell

radius for all four substrate voxels (mean R = 0.91). There was little variation between

the four voxels, with ANCOVA showing the correlation gradients of all four voxels were

not statistically significantly different (Significance level 0.05). The opposite was true for

the intracellular walker fraction vs ADC, where a strong negative correlation was found

for all four substrate voxels (mean R = −0.94). As with the cell radius results, there was

little variation between the four voxels, with no significant difference between the correla-

tion gradients of the four voxels. The right-hand plot of figure 4.17 shows the results for

the vascular walker fraction. All four voxels demonstrated a strong negative correlation

between vascular walker fraction and ADC (mean R = 0.86). As can be seen, there was

a large degree of variation between the four voxels. There was no significant difference

between the correlation gradients of voxels 1 and 2. Voxels 3 and 4 had much shallower

correlation gradients.
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The results for the IVIM model are shown below in figure 4.18.

Figure 4.18: Parameter correlation plots for the IVIM model. Top row from left to right:
substrate cell radius vs D, substrate cell radius vs D*, substrate cell radius vs pseudo-
diffusion volume. Middle row from left to right: intracellular walker fraction vs D, in-
tracellular walker fraction vs D*, intracellular walker fraction vs pseudo-diffusion volume.
Bottom row from left to right: vascular walker fraction vs D, vascular walker fraction vs
D*, vascular walker fraction vs pseudo-diffusion volume. The four different colours repre-
sent the four voxels cropped out of the vessel network (Dark blue - voxel 1, light blue -
voxel 2, orange - voxel 3, red - voxel 4). The dashed black line is the line of best fit fitted
to the average of the four voxels.

The top row of figure 4.18 shows the results for the experiments with varied substrate cell

radius. The left-hand side plot shows the correlation between substrate cell radius and

diffusivity. A strong positive correlation was found for all four voxels (mean R = 0.86).
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There was a slight variation between the four voxels, with ANCOVA revealing voxels 3

and 4 exhibiting a steeper correlation than voxels 1 and 2, though a significant difference

was only found between voxels 1 vs 3 and 1 vs 4 (significance level 0.05). The middle

plot shows the correlation between substrate cell radius and pseudo-diffusion coefficient

(D∗). A strong negative correlation was found for all four voxels (mean R = 0.92). There

was no significant different difference between the correlation gradients of the four voxels.

However, as can be seen the pseudo-diffusion coefficient values for voxel 3 were considerably

higher than the values from voxels 1, 2 and 4. The right-hand plot shows the correlation

between substrate cell radius and psuedo-diffusion volume fraction. A strong negative

correlation was found for all 4 voxels (mean R = 0.88). There was a significant difference

between the correlations of voxel 3 and voxels 1, 2, and 4.

The middle row of figure 4.18 shows the results for the substrate intracellular walker

fraction. A negative correlation can be seen between the intracellular walker fraction and

diffusivity. It appears that the relationship between the two is not linear in nature, with

the diffusivity dropping rapidly between an intracellualr walker fraction of 0 and 0.3, then

a more gradual decrease between 0.3 and 1. Visual inspection of the plot shows that all

four voxels demonstrated a broadly similar trend. The middle plot shows the correlation

between intracellular walker fraction and pseudo-diffusion coefficient (D∗). All four voxels

exhibit a positive correlation. Similar to the diffusivity results, the results from all four

voxels show a different trend between intracellular walker fraction values from 0 to 0.3,

compared to between 0.3 and 1. Voxels 1, 2 and 4 showed very similar results, with no

significance between their correlation gradients between intracellular walker fraction values

of 0.3 and 1. The D∗ values for voxel 3 were significantly different, though the correlation

gradient for intracellular walker fraction values above 0.3 was statistically indistinguishable

from the other three voxels.
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The bottom row of figure 4.18 shows the results for the substrate vascular walker frac-

tion. The left-hand side plot shows the correlation between vascular walker fraction and

diffusivity. As can clearly be seen, there was a significant degree of variation between

the results from the four simulation substrate voxels. Voxels 1 and 2 exhibited a strong

negative correlation (R = 0.89 and R = 0.87 respectively). Meanwhile, voxels 3 and 4

exhibited a more complex relationship. The diffusivity values for voxel 3 increased slightly

for vascular walker fractions below 0.25, then decreased for values above 0.25. A similar

relationship was found for voxel 4, but with the diffusivity values peaking for a vascu-

lar walker fraction of 0.75. The middle plot shows the correlation between the substrate

vascular walker fraction and the pseudo-diffusion coefficient (D∗). A positive, non-linear

correlation was exhibited by all four substrate voxels. The results of voxels 1, 2, and

4 were broadly consistent with a gradual increase in (D∗) up to a vascular fraction of

around 0.8, then an almost exponential increase for vascular fractions above 0.8. Voxel 3

showed a steeper increase for lower vascular fractions, but with a closer to linear increase

in (D∗) from vascular fractions of around 0.6 and above. The right-hand plot shows the

correlation between substrate vascular walker fraction and pseudo-diffusion volume. The

results show a strong positive correlation for all four voxels up to a vascular walker fraction

of 0.5 (mean R = 0.96), with ANCOVA no significant difference between the correlation

gradients of all voxels. Above a vascular volume fraction, the results of voxels 1, 2, and 4

remain the same, while the results of voxel 3 diverge and the pseudo-diffusion values are

roughly constant with increasing vascular fraction.

4.4.3 Effect of Blood Flow Velocity

The results of the vascular volume fraction validation experiment shown above prompted

a further investigation into the possible cause of the variation in correlation gradient

observed. It was hypothesised that the mean blood flow velocity within the vessel network

175



could by some mechanism affect the fitted value of vascular volume fraction, and hence

the correlation achieved by the VERDICT models. The results of the blood flow velocity

experiments are shown below in figure 4.19.

Figure 4.19: Parameter correlation plots for the substrate vascular walker fraction plot-
ted against the fitted vascular volume fraction parameter produced using the VERDICT
‘BallSphereStick’ model (left) and ‘BallSphereAstrosticks’ model (right) for substrates
with scaled blood flow velocities. The substrates were all generated from voxel 3, from the
VERDICT validation experiments previously described. The colours represent the blood
flow velocity scaling factor (Blue = 0, Red = 2)

As shown in figure 4.19, the results achieved by the VERDICT BSS (left) and BSA (right)

models show similar trends. The slope of the correlation between the substrate vascular

walker fraction and the fitted value of vascular volume fraction changes as a function of

the blood flow velocity. In particular, the slope of correlation increased as a function of

increasing blood flow velocity. As previously described, the correlations achieved by the

BSA model were closer to the 1-1 ideal model than those of the BSS model. In both

models, when the blood flow scaling factor became close to zero, the behaviour of the

vascular volume parameter became less predictable. This can be seen more clearly in

the results from the BSA model, where the relationship between vascular walker fraction

and fitted vascular volume fraction becomes noticeably more random at lower blood flow

values (shown in dark blue).
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4.4.4 Noise Sensitivity

As discussed previously, a further aspect of diffusion modelling that can be tested using

the developed Monte Carlo framework is the sensitivity of diffusion models to signal noise.

The results of the noise sensitivity investigation experiments are shown below in figures

4.20 and 4.21.

Figure 4.20 below shows the results produced by the VERDICT BSS model.

Figure 4.20: SNR sensitivity results produced by the VERDICT ‘BallSphereStick’ (BSS)
model. Top left: A bar graph showing the signal SNR value plotted against the mean
absolute error of the fitted cell radius parameter. Remaining plots: Show the fits of the
VERDICT BSS model to the synthetic data. Each plot shows gradient strength plotted
against signal amplitude for the synthetic VERDICT data corrupted with various levels
of noise. The points (stars, squares, triangles) show the synthetic data and the lines show
the analytically calculated signal calulated from the parameters of the BSS model fitted
to the data.
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The top-left hand plot of figure 4.20 shows the syntethic (simulated) signal SNR plotted

against the mean absolute error. To re-cap, the ‘mean absolute error’ is the average

amount by which the fitted cell radius model parameter overestimates or underestimates

the substrate cell radius. The performance of the BSS model was stable from an SNR of 50

(error 1.15×10−6m) down to an SNR of 17.5, with an increase in the mean absolute error

of 0.34× 10−6m between the two. Below an SNR of 17.5, the mean error increased, up to

2.58× 10−6m at a signal SNR of 10. A qualitative analysis of the fits appears to support

this result, with model appearing to fit the data well until the SNR reaches drops down as

far as 17.5. At SNR levels of 15 and below, the synthetic (simulated) data appears almost

randomly scattered, and the BSS model is unable to produce a sensible fit.
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Figure 4.21 below shows the results produced by the VERDICT BSA model.

Figure 4.21: SNR sensitivity results produced by the VERDICT ‘BallSphereAstrosticks’
(BSA) model. Top left: A bar graph showing the signal SNR value plotted against the
mean absolute error of the fitted cell radius parameter. Remaining plots: Show the fits
of the VERDICT BSA model to the synthetic data. Each plot shows gradient strength
plotted against signal amplitude for the synthetic VERDICT data corrupted with various
levels of noise. The points (stars, squares, triangles) show the synthetic data and the lines
show the analytically calculated signal calulated from the parameters of the BSA model
fitted to the data.

The results achieved by the BSA model were broadly consistent with those of the BSS

model. The top left hand plot of figure 4.21 shows the synthetic (simulated) signal SNR

plotted against the mean absolute error. As with the BSS model, the performance of

the BSA model was stable from an SNR of 50 (error 1.07 × 10−6m) down to an SNR

of 17.5. The increase in error was considerably smaller than that of the BSS model at

0.02× 10−6m. Below an SNR of 17.5, there was a step-change in the mean absolute error,
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which was 1.81×10−6m at an SNR of 15. The error continued to increase to 2.46×10−6m

at an SNR of 10. Overall, the mean error achieved by the BSA model was lower than

that of the BSS model by an average of 0.24 × 10−6m. A qualitative analysis of the fits

shows the same result as that of the BSS model, with the BSA model capable of providing

a good fit to the synthetic data down to an SNR of 17.5, after which the data loses any

recognisable structure and the performance of the BSA model deteriorates.

4.5 Discussion

The aim of this body of work was to develop a Monte Carlo model of water diffusion in

biological tissue that includes the effect of water diffusing/flowing in the microvascular

network. Further, to apply the developed model to a validation study of the mathemati-

cal models that form an intrinsic part of the VERDICT diffusion MRI framework. This

was motivated by the need for thorough validation of diffusion models, in particular for

diffusion models that are applied in tissues that are well perfused, such as those found in

tumours. In these tissues, the effect of water molecules diffusing/flowing in the microvas-

culature is much more significant. It was therefore appreciated that a validation method

that takes this effect into account would help in the translation of emerging diffusion MRI

techniques into the clinical setting.

4.5.1 Validation of Monte Carlo Framework

The purpose of the first set of simulation experiments was to validate the Monte Carlo

framework itself, to ensure that the synthetic signal generated was representative of the

chosen substrate geometry. The first validation experiment involved generating signal

from a substrate comprising uniformly-packed parallel cylinders with zero permeability.
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The synthetic signal generated by the Monte Carlo framework developed for this work was

compared with signal calculated using an analytical signal model of parallel cylinders, and

signal generated using an established Monte Carlo diffusion simulation framework included

in the Camino diffusion toolkit. The results from this experiment demonstrated that the

Monte Carlo framework generated synthetic signal that was consistent with the signal cal-

culated using the analytical model. Furthermore, the developed framework outperformed

the Camino toolkit diffusion simulation framework, in that the signal generated by the

developed framework was closer on average to the analytical model, with an average 3.9%

difference vs 8.4% for the Camino toolkit.

In the second experiment, the process was repeated but in a simulation substrate com-

prising packed spheres with zero permeability. The results from this experiment show

that both the developed framework and the Camino toolkit were closely matched to the

analytical model with average differences of 4.8% and 3.2% respectively. The results fur-

ther demonstrated that the difference in performance between the developed framework

and the Camino toolkit was smaller. In this case, the Camino toolkit outperformed the

developed framework with the generated signal being closer on average to the analytical

model.

In both experiments, the signal generated from the developed framework was greater in

magnitude than those of both the analytical model and the Camino toolkit. One possi-

ble explanation for this is the way in which the developed framework handles boundary

interactions. As previously discussed, if a generate step would cause a walker to cross a

boundary the step is rejected and a new step generated. This method is discussed in the

comparison paper by Xing et al [181]. Handling boundary interactions in this way can

cause the boundaries themselves to possess an effective ‘thickness’, wherein walkers can

be reflected from the boundaries from a maximum of 1 step length away. In the substrates

used for the validation, this would shrink the effective size of the cylinders or spheres in
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which the walkers were diffusing. The average signal loss for those populations of walkers

would then be lower, causing the slight increase in overall signal seen.

Overall however, the results of the validation experiments demonstrate that the diffusion

characteristics of the developed Monte Carlo framework are accurate, and the framework

itself produces synthetic signal that is consistent with the gold standard analytical case

and an established MC modelling framework. However, one of the limitations of this vali-

dation work was the lack of validation for the microvascular flow aspect of the simulation.

The challenges of validating flow-sensitive measurements have been discussed previously

[135], with no currently available physical phantoms providing a suitably controllable and

reproducible solution. The results from the VERDICT parameter validation sections of

this chapter go some way towards validation by demonstrating that the microvascular

flow characteristics of the simulation are at least correlated with flow-sensitive parameters

fitted by the VERDICT models. Future work on the validation of this framework should

focus on more thoroughly and explicitly validating the flow element of the framework.

4.5.2 VERDICT Validation

The purpose of the VERDICT validation experiments was to apply the developed sim-

ulation framework as a tool for validating the compartmental diffusion models of the

VERDICT technique. In addition, the performance of two popular VERDICT models -

the ‘BallSphereStick’ and ‘BallSphereAstrosticks’ models were compared.

Some of the experiments were focussed on validating the intracellular volume fraction

parameter. The results showed that the fitted value of intracellular volume fraction was

strongly correlated with the intracellular walker fraction of the simulation for both models,

with an almost 1-1 exact correspondence between the measured and actual values. The
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‘BallSphereAstrosticks’ performed slightly more consistently accross the different simu-

lation substrates, particularly for correlations between intracellular walker fraction and

intracellular volume fraction. Overall, correlations of both models were virtually identi-

cal. Furthermore, both models demonstrated that there is no apparent correlation between

either the substrate cell radius or vascular walker fraction and the fitted intracellular vol-

ume fraction. These results are encouraging, as they suggest that the intracellular volume

fraction parameter of both VERDICT models is sensitive to changes in the substrate in-

tracellular walker fraction, but is not influenced by changes in the substrate cell radius or

vascular walker fraction.

Another VERDICT parameter that has shown promise as a biomarker for cancer devel-

opment and therapy response is the cell radius measurement. The results showed that

the measured value of cell radius was strongly correlated with the substrate cell radius

value, with close to a 1-1 correspondence found. Meanwhile there was no correlation found

between the intracellular walker fraction and the cell radius. However, a weak negative

correlation between the vascular walker fraction and cell radius was found. There was

reassuringly almost no noticeable difference in performance between the ‘BallSphereStick’

and ‘BallSphereAstrosticks’ models, showing that both are equally sensitive to changes in

the substrate cell radius, and equally specific.

One possible reason for this is a significant number of vessel segments within the vascular

substrates had very low flow velocities. A current limitation of the simulation framework

is the fact that walkers propagating in the vascular compartment do so at the blood-flow

velocity, neglecting the effects of diffusion. In segments where the blood flow velocity is

very low, this could cause the walkers to become almost stationary, rather than following

a conventional random walk within the blood vessel as would be expected. The limited

motion of these near - stationary walkers in the vascular compartment could appear the

same as restricted diffusion of walkers within the cells.
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Some of the in-vivo work in recent years has suggested that the VERDICT parameters

associated with the vascular compartment can behave unpredictably, and are less reliable.

This was one of the main motivating factors for developing the diffusion and flow validation

framework presented in this chapter. The results outlined above were a very positive

indication of the potential of the vascular compartment parameters. Both VERDICT

models exhibited a strong positive correlation between the vascular volume fraction and

the corresponding substrate vascular walker fraction. This was coupled with a lack of

correlation with the substrate cell radius or intracellular volume fraction for both models.

Although the two VERDICT models exhibited similar behaviours in terms of achieving

strong correlations, the vascular volume values of the BSA model were generally higher.

Furthermore, the correlation slopes of the BSA model were steeper. One possible reason

for this is the different way in which the BSS and BSA models fit the diffusion signal from

the vascular compartment. As previously discussed, the BSS model assumes the vascular

signal is anisotropic, whereas the BSA model makes no assumptions of anisotropy. Because

of this the isotropic vascular diffusion model of the BSA model can achieve a better fit,

and this is then reflected in higher vascular volume values.

This is the first time that the vascular model parameters have been properly validated in

such a way, and suggests that these parameters may have some potential for use as disease

biomarkers. However, the significant variation between the different subvoxels used as the

vascular substrate warranted further investigation.

Another limitation of the simulation framework is that the simulation dynamics do not

account for the permeability of membranes between the intracellular/extracellular space,

or intravascular/extracellular space. In real biological tissue, water molecules can perme-

ate through cell membranes and vessel walls. Vessel wall permeability is a particularly

significant effect in tumour tissue, where blood vessels are known to become ‘leaky’ [182].

A possible effect of this on the synthetic data is a higher vascular volume fraction than
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would be expected, since the simulated water molecules flowing in the blood vessels cannot

diffuse out into the extracellular space.

4.5.3 Other Diffusion Models

Unsurprisingly, the ADC value demonstrated strong correlations with all of the substrate

parameters. This is not surprising as the ADC is a summary value that is meant to

represent the general freedom with which water in tissue can diffuse. As discussed, the

value of the ADC is influenced by many factors, a statement which is supported by the

experimental results presented.

The results achieved by the IVIM model were similar, with all three model parameters

influenced by the changes in value of all three varied substrate parameters. Promisingly,

the perfusion fraction (pseudo-diffusion volume) was strongly positively correlated with

the vascular walker fraction. However, it’s value was also influenced by the intracellular

walker fraction and substrate cell radius.

The fact that the ADC value, and the values of the IVIM model parameters are influenced

by a combination of substrate properties suggests that their values may be more difficult

to interpret. In a clinical setting, the sensitivity to multiple factors makes the models less

reliable. Despite the fact that both models are widely applied in a clinical setting, the

results of this chapter provide further evidence that the absolute values of their parameters

should be interpreted with caution. This result further encourages and supports the

development of more advanced diffusion models that aim to separate out the various

contributions to the overall diffusion signal.
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4.5.4 Effect of Blood Flow Velocity

In view of the results of the validation experiments focussed on the vascular compartment

parameters, further simulations were run to investigate the observed variability in vascular

volume correlation between the different simulation substrates.

The results showed that the blood flow velocity within the substrate has a significant

effect on the correlation between vascular walker fraction and the fitted value of vascular

volume. Faster blood flow velocities caused an increase in vascular volume fraction values.

On the other hand, when mean blood flow velocities approached zero, the behaviour of

the model became unstable and there was no strong correlation between vascular walker

fraction and vascular volume fraction.

The exact mechanism behind this is unclear. However, one possible explanation links back

to the significant number of vessel segments within the segments with very low blood flow

velocity values. Due to the fact that the simulation dynamics do not include the effect of

diffusion for walkers within the vasculature, when the blood flow velocity approaches zero

the behaviour of the water molecules becomes unrealistic. When the blood flow velocity in

a given segment is zero, the walker will remain stationary rather than undergoing a random

walk as would be expected. This could explain why, when the blood flow velocity factor

was small, the behaviour of the model became unstable since some of the segments within

the vessel network would have blood flow velocities of effectively zero. When the blood flow

velocity of the substrate is increased by a constant factor, these velocity values increase and

the motion of the walkers is then fast enough to be fitted by the vascular compartment

models. This could then be reflected in an increase of the calculated vascular volume

fraction, and an increase of the correlation slope general. Likewise when the blood flow

velocity became extremely low, the motion of the walkers within the vascular compartment
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became indistinguishable from diffusion, making it difficult for the vascular models to fit.

The results of the increased blood flow velocity experiments are not conclusive proof that

the observed effect would occur when fitting in-vivo data. Multiplying all of the blood flow

velocity values throughout the vessel network is unlikely to give a realistic representation of

how the flow velocity values would change throughout a vessel network given an increase

or decrease of blood flow. A more realistic approach could be to increase the pressure

drop boundary conditions of the finite element blood flow model, to generate a whole

blood vessel network with increased overall blood flow.

Despite the limitations of the current simulation framework, the results still provide a

valuable insight into the behaviour of the VERDICT diffusion models. Promisingly, the

vascular volume fraction always exhibited a strong correlation with the vascular walker

fraction. Changes in blood flow velocity may affect the overall fitted values, yet the strong

correlation remains present.

4.5.5 Noise Sensitivity

The final set of simulation experiments performed as an application of the developed

Monte Carlo diffusion and flow framework were focussed on assessing the sensitivity of the

VERDICT models to signal noise.

The signal-to-noise ratio (SNR) is a value that reflects the magnitude of the MR signal

compared to the magnitude of the background noise. A low value of SNR indicates that

a signal is very ”noisy” i.e. that the magnitudes of the useful signal and noise are similar.

Typically, SNR values are higher for MR scanners with a greater B0 field strength. Pre-

clinical scanners with a 9.4T field strength can achieve SNR values of around 50 for

a typical pulsed-gradient spin echo sequence. Meanwhile, clinical scanners often have

187



a weaker static field (typically around 3T as I write this), though higher-field strength

scanners are becoming increasingly popular. Typical clinical SNR values are difficult to

come by, though estimates of ¿25 are common.

It is crucial that diffusion models are robust to noise if they are to be applied in a clinical

setting. If a diffusion model performs well at the high SNR values found in pre-clinical

imaging, but then cannot achieve comparable results on a clinical scanner, the translation

of the model into clinical use becomes a more significant problem.

The ‘BallSphereStick’ model experienced a slight decrease in accuracy between a high SNR

of 50 and low SNR of 17.5. However, the performance of the BSS model only appeared

to drop off below an SNR of 17.5. The ‘BallSphereAstrosticks’ model performed better,

showing no significant decrease in accuracy from an SNR of 50 to 17.5, with a significant

decrease in accuracy below an SNR of 17.5.
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These results suggest that the performance of both VERDICT models is stable at SNR

values typically encountered during both pre-clinical and clinical imaging. The results

were further supported by the plots of the fits to the synthetic data, showing that the

models were able to achieve good fits to the data above an SNR of 15. On the other hand,

the results also suggest that care should be taken when adjusting imaging parameters in

order to reduce acquisition times at the cost of signal.

Despite the promising results presented in this chapter, future work should focus on further

investigation into the robustness of the VERDICT models to noise. Further experiments

could look into the accuracy of additional parameters, and quantitatively assess the quality

of the fits to the synthetic data. Additional work could also investigate other potential

VERDICT models, with diffusion compartments taken from the taxonomy by Panagiotaki

et al [6].

4.6 Chapter Summary

The aim of this chapter was to firstly to develop a Monte Carlo simulation framework

that includes the effects of diffusion and flow. The simulation aims to recreate the motion

of water molecules within both the intravascular and extravascular spaces. Secondly, to

apply the developed Monte Carlo framework as a tool for validating various mathematical

models of diffusion including the ADC, IVIM and VERDICT models.

The first half of the chapter was focused on the development of the simulation framework,

which itself was split into three main sections and represents a significant portion of this

thesis. The three main aspects of the framework development were the substrate gener-

ation, simulation dynamics and signal generation. The results presented in this chapter

demonstrate that the resulting simulation framework is a valuable tool for investigating

the performance and behaviour of diffusion models in detail.
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The application of the simulation framework as a validation tool successfully demonstrated

that the parameters produced by the VERDICT model are sensitive to the microstructural

properties that they are intended to represent. Furthermore, analysis of the sensitivity

to noise showed that the VERDICT models are highly robust and perform well over the

SNR ranges typically encountered during pre-clinical or clinical imaging.

The approaches demonstrated here have a number of limitations. The simple spherical

representation of the cells in the simulation substrate is clearly a vast oversimplification

of the intracellular and extracellular space of actual tumour tissue. Walkers propagating

within the simulated cells are restricted to move within a certain distance in any direc-

tion. The perfectly isotropic restriction within the cellular space is not representative of

tumour tissue where the cells can have more chaotic shapes, and the intracellular space

can exhibit anisotropically-restricted diffusion akin to that found in brain tissue. This

could affect the performance of the models used to fit to the data, which both assume

isotropically-restricted intracellular diffusion. Another limitation caused by the simplistic

representation of cells as packed spheres is that it is impossible to achieve realistic in-

tracellular volume fractions of the simulation substrate. Instead, as discussed previously

the higher intracellular volume fraction is achieved by propagating more walkers through

the intracellular space. However, this does not truly recreate the conditions that water

molecules would experience in real tumour tissue. For walkers diffusing in the extracellular

space, their motion will be much less hindered by the packed spheres since these cannot

be packed as closely together as real cells. The effect this may have on the resulting syn-

thetic signal, particularly for acquisitions with long diffusion times, is an artificially higher

extracellular diffusion coefficient.

The simplistic substrate model could be further developed by introducing non-spherical

cell shapes. The introduction of 3D high-resolution datasets such as those produced us-

ing High Resolution Episcopic Microscopy (HREM) presents the opportunity to generate
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cellular substrates that are based on segmented images of real tumour tissue. This would

further enable higher intracellular volume fractions to be reached without the need for

the more artificial approach used during this work. Realistic cellular substrates, coupled

with the real vascular structures implemented in this work would represent a significant

step towards a truly realistic simulation substrate for tumour tissue. Aside from these ge-

ometrical considerations, the effects of membrane permeabilities, T2 values and different

diffusion coefficients between the different compartments could also be explored. Various

aspects of the walker dynamics could also be investigated, such as interactions between

the walkers themselves, and more realistic interactions between the walkers and tissue

membranes.

A further significant limitation of this study is how to thoroughly validate the microvas-

cular flow aspects of the walker dynamics. The fact that increasing the fraction of walkers

flowing in the vessels is reflected in an increase in the vascular volume fraction of the

various relevent diffusion models is reassuring. However, if Monte Carlo simulations of

well-perfused tumour tissue are to be explored further future work must focus on proper

physical validation of the motion of the walkers within the blood vessels.

All the limitations outlined above will affect the accuracy of the generated synthetic signal,

making is less representative of diffusion-MRI signal from real tissue samples. These

limitations will therefore affect the results achieved in the following chapter, where the

synthetic data is used to train a neural network to learn tissue parameters from diffusion

data. The limitations of the simulation framework will limit the performance of the neural

network when the trained network is applied to real diffusion MRI data.

Despite the limitations outlined above, the simulation framework presented in this chapter

has already produced some valuable insights into the behaviours and performances of

diffusion models. The approach used here is a useful foundation upon which future work
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should build, and has highlighted the areas where there is significant room for additional

research such as development of realistic biological tissue simulation substrates.

A further potentially powerful application for the synthetic signal generated using simula-

tion frameworks such as the one presented in this chapter is the field of machine learning.

This is an area of research that as seen an explosion in popularity in recent years, with

ever-increasingly complex techniques being developed at an ever-increasing rate. Tech-

niques such as neural networks and deep learning have enormous potential to revolutionise

medicine (as well as every aspect of our day-to-day lives). One thing that the vast ma-

jority of machine learning methods have in common is their voracious appetite for vast

quantities of training data. Therefore, being able to generate synthetic MR data from

substrates with near-infinite combinations of microstructural and biophysical properties

could prove vital to future work in these fields. An initial exploration of the potential

application of synthetic data to machine learning is presented in the following chapter.
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Application of Machine Learning to Real

and Synthetic MR Data

5.1 Brief Overview of Machine Learning

Over the last 20 years, human beings have moved into the age of so-called ‘Big Data’.

This refers to the huge amounts of digital information that is being produced every second

around the world. According to the Economist in 2011 from the dawn of time until 2005,

it is estimated that human beings have produced around 130 Exabytes of data. That’s

1.3×1020 bytes worth of books, films, music and other stored information [183]. However,

just 5 years later that number had increased to roughly 1227 Exabytes, and is predicted

to reach 40000 Exabytes by 2020. Currently, the majority of the data generated is unused.

Machine learning is an area of technology that aims to harness this data as a resource and

put it to use in a wide range of applications.

The term ‘Machine learning’ is broadly defined by the ability of a machine to alter its

own structure, program or data, based on its own inputs or external stimuli, in such a

manner that its expected future performance improves. More narrowly, machine learning

is a term commonly used to refer to algorithms within the field of computer science that

perform complex tasks by iteratively changing parameters of their associated models based
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on continuous assessment of their performance. These tasks can cover a broad range

of disciplines and include recognising objects within still images or videos, diagnosing

diseases based on medical images, predicting the long-term behaviours of financial markets,

detecting speech or controlling robots.

Algorithms that fall under the umbrella term of machine learning can be further divided

into three main categories: ‘Supervised learning’, ‘Unsupervised learning’ and ‘Reinforce-

ment learning’. Supervised learning algorithms construct mathematical models that pre-

dict the mapping function that maps the inputs and outputs of a pre-labelled dataset

referred to as a ‘training set’. Popular types of supervised learning algorithm are classi-

fication algorithms and regression algorithms. Classification algorithms are characterised

by their outputs being categories such as classifying incoming emails as “spam” or “not

spam”, or classifying voxels of MRI data as “healthy” or “disease” [184]. Examples of clas-

sification algorithms include: Support Vector Machines, Logistic Regression, K-Nearest

Neighbours, Kernal SVM, Naive Bayes, Decision Tree Classification, Random Forest Clas-

sification. Regression algorithms are characterised by their outputs comprises values such

as finding the relation ship between input “square feet” and “house price” or “MRI signal”

and “diffusivity”. Examples of regression algorithms include: Simple Linear Regression,

Multiple Linear Regression, Polynomial Regression, Support Vector Regression, Decision

Tree Regression, Random Forest Regression.

Unsupervised learning algorithms construct mathematical models that aim to represent

a dataset that contains only inputs and no corresponding outputs. The goal of an un-

supervised learning algorithm is to find underlying structure within the data. Popular

types of unsupervised learning algorithm are clustering algorithms and association algo-

rithms. Clustering algorithms aim to discover inherent groups within the input data, such

as grouping pixels by colour value. Examples of clustering algorithms include: K-means,

Fuzzy C-means and Heirarchical Clustering. Association algorithms aim to find rules that
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link different inputs of the dataset, such as determining that customers who buy one

type product being more likely to buy another type of product. Examples of association

algorithms include apriori and Eclat intuition. Reinforcement learning algorithms are de-

signed to improve their performance of a particular task based on continuous feedback in

the form of rewards/penalties for good/bad decisions. Examples of reinforcement learning

algorithm include: Upper Confidence Boundary and Thomson Sampling. Popular em-

bodiments of reinforcement learning applications are algorithms that learn to play games

such as chess, video games or more recently the AlphaGo algorithm developed by Google

Deepmind that beat the world’s best at the gold standard of strategy games - ‘Go’ [185].

As outlined above, there are various different algorithms associated with each of the cate-

gories discussed above. A detailed analysis of each of those algorithms is beyond the scope

of this thesis. However, there is further type of algorithm that can fit into any of the

categories above and can be applied to almost any problem. The name of that algorithm:

Artificial Neural Networks (ANNs). The work presented in this chapter was focused on

utilising an artificial neural network to learn microstructural tissue parameters directly

from synthetic diffusion MRI signal, then apply the trained neural network to real in-vivo

diffusion data. In view of this, a more detailed analysis of neural networks is presented

below.

5.2 Artificial Neural Networks

5.2.1 Brief Historical Background

The theoretical underpinnings of neural networks can arguably be traced back to the

work of Bain [186] and James [187] in the late 19th Century. Both men hypothesised that

195



interactions between individual neurons within the brain were responsible for thoughts and

actions. In particular, Bain theorised that different subsets of neurons were responsible for

individual thoughts and actions, and that the physical links between the neurons within

these subsets became stronger over time as a function of their use. Until the 20th century,

the theory behind the interaction between neurons in the brain was mostly biological in

nature. It was McCulloch and Pitts [188] who first developed a mathematical algorithmic

representation of neural networks. The theory, named threshold logic, aimed to capture

broad concepts from specific perceptions and a simple mathematical representation of the

biological neuron.

The computational representations of the individual biological neurons are often referred

to as ‘computing elements’, ‘units’ or ‘nodes’. In accordance with the current state of the

art, ‘node’ will be used throughout this chapter. Put simply, nodes can be thought of as

individual functions, taking inputs x1,2,...,n and producing an output value.

Figure 5.1: A graphical representation of the most simple embodiment of a neural network
unit. Shown are Inputs x1, x2...xn, and output function f [5].

Generally, it was considered advantageous to use a primitive function at each node, that

takes a single input, and produces a single output. With this in mind, nodes are split in

half - an integration function and an activation function.
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Figure 5.2: A graphical representation of a neural network node, showing the integration
function g and activation function f [5].

The role of the integration function is to output a single value reflective of the n inputs to

the node. The activation function then takes the output value of the integration function

and maps it to a single output that reflects the degree to which the node is ‘active’.

The threshold logic model developed by McCulloch and Pitts implemented a very simplistic

node architecture. The inputs and outputs to each node are purely binary. The nodes

aim to recreate the behaviour of human neurons by including both excitatory inputs and

inhibitory inputs. Each node also has an associated threshold θ. The output of each

node is determined by a comparison of the sum of the excitatory inputs x1 + x2 + ...+ xn

with the threshold value θ. If the sum exceeds the threshold, the node is ‘active’ and

the output of the node is 1, otherwise the output is 0. If any of the inhibitory inputs to

the node are 1, then the node is deactivated and the output becomes 0. Despite their

basic architecture, networks comprising multiple McCulloch/Pitts nodes are capable of

synthesising any Boolean logic function. This makes them a powerful computing tool [5].

Following on from the work of McCulloch and Pitts, in the 1950s and 1960s Frank Rosen-

blatt developed the perceptron [189]. Similarly to the nodes developed by McCulloch and

Pitts, perceptrons take multiple inputs and produce a single, binary output. However,

Rosenblatt introduced the concept of weighted inputs, whereby each input to the percep-

197



tron has an associated weight. The output is determined by a comparison of the weighted

sum of the inputs and a predetermined threshold. If the weighted sum is less than or

equal to the threshold, the output is 0. Otherwise, the output is 1. To draw a direct

comparison with the McCulloch/Pitts model, the ‘integration function’ of the perceptron

is the weighted sum of the inputs while the ‘activation function’ is a step function with a

value of 1 above the predetermined threshold and zero below. Alternatively, the activa-

tion function can be defined using the dot product of a vector of weights and a vector of

inputs. Bernard Widrow adapted the threshold approach to use an equivalent ‘bias’ value

[190]. The threshold value is converted into a bias, which is added to the result of the dot

product. If the resulting value is less than 0 the perceptron is less than 0, and 1 otherwise.

Taken alone, a perceptron is a basic mathematical model of a simple decision-making

process. Their full potential is only realised when they are combined together. Perceptrons

(and other types of neurons/nodes, as discussed), can be combined to form interlinked

networks with multiple layers that are capable of making more subtle decisions based on

multiple inputs.

Figure 5.3: A schematic showing a network comprising multiple layers of perceptrons.

Shown in figure 5.3 is an example of a typical layer of perceptrons comprising multiple

layers. The inputs are fed in to the first layer, with each perceptron in the layer activating
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or remaining dormant based on the weighted sum of the inputs. The outputs from the first

layer are then fed into the perceptrons in the second layer as weighted inputs. Finally,

the output of the network is determined by the weighted sum of the outputs from the

second layer. The multi-layer structure allows the network to make complex and detailed

decisions.

The basic structure shown in figure 5.3 is universally familiar, as it is the basic structure

adopted by the majority of recently developed neural networks. The problem that remains

is how to choose the values for the weights and thresholds/biases for each neuron and

input? For a small network solving a simple problem, it may be straightforward to select

the weights and biases by hand. However, when networks get significantly larger, this

becomes infeasible. The solution is to introduce learning algorithms. These are what

give the field of Machine Learning its name, and allow the weights and biases of a neural

network to be tuned automatically, allowing the network to ‘learn’ how to solve a given

problem.

However, a problem arises when applying learning algorithms to a network comprising

perceptron neurons. Namely, a small change to the weights on the inputs to a particular

neuron may not cause any change to the output of the neuron, since this is either a 0 or

1. On the other hand, a small change may be enough to make be enough to change the

output from a 0 to a 1, or visa versa, in turn causing significant changes to the behaviours

of consequent neurons. The problem with this is that a small change to the inputs to the

network could cause a large change in the output. To overcome this, computer scientists

introduced the sigmoid neuron.
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5.2.2 Sigmoid Neurons

To avoid the difficulty encountered with perceptrons, a more sophisticated model of neuron

is required. One of the most popular of these is the sigmoid neuron. The structure of

sigmoid neuron is similar to that of a perceptron, but the inputs and outputs are no longer

binary. The inputs can take any value between 0 and 1, and the output of the neuron is

given by:

sout = σ(w.x+ b) (5.1)

Where w is a column vector of the input weights, x is a vector of the inputs and b is the

‘bias’ on the neuron (how easily the neuron becomes activated). The σ represents the

‘sigmoid’ function, from which the form of neuron gets its name. The sigmoid function is

represented by:

σ(x) =
1

1 + e−x
(5.2)

The sigmoid function may look more complex than the simple threshold model imple-

mented by McCulloch and Pitts, but on inspection the shape of the two functions are in

fact fairly similar:

The sigmoid function equation can be combined with 5.1 to give the function that computes

the output from the neuron for any given set of inputs, weights and bias:

sout =
1

1 + e−
∑

i=1 wixi−b
(5.3)
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Figure 5.4: A graph showing a comparison between a typical threshold (dotted line) and
corresponding sigmoidal (solid line) activation function.
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As can be appreciated looking at figure 5.4, the behaviour of the sigmoid function at very

large positive or negative numbers is the same as the threshold function, i.e. it outputs a 1

or a 0. At smaller magnitudes however, the behaviour of the two functions diverges. The

key difference being that the sigmoid function outputs values between 0 and 1, as opposed

to 0 or 1 exclusively. The crucial advantage of the sigmoid function over the threshold

function for applications to learning algorithms is the smoothness of the function. The

reason that a smooth function is advantageous is that having a small change in output

resulting from a small change in input allows the network to learn.

5.2.3 Neural Network Structure

The individual neurons can be seen as the building blocks, that are combined to form the

overall structure of a neural network. As previously mentioned, neural networks are formed

of multiple layers of neurons. The dimensions of each layer can be chosen arbitrarily by

the user, according to the problem to be solved. The neurons in each layer are joined

to neurons in adjacent layers via connections, each with their own associated weights. In

most cases, data passes through the layers of the network in one direction only, which

is known as a feedforward network. Alternative configurations such as Recurrent Neural

Networks (RNNs) allow for time-varying activations and feedback loops [191–193], but a

discussion of these types of network is beyond the scope of this preliminary chapter.
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Figure 5.5: An illustration showing the fully-connected representation of a typical feedfor-
ward neural network, comprising an input layer with 10 nodes, two 9-node hidden layers
and a 5-node output layer.

An example of a typical neural network architecture is shown in figure 5.5. The rep-

resentation shown is a typical way of illustrating neural network structures known as a

‘fully-connected representation’ - due to the fact that all nodes are shown with all their

possible connections to all consequent nodes. Networks are commonly illustrated with a

left-to-right data flow, with nodes within the same layer aligned vertically to form columns

of nodes. The left-most layer shown in figure 5.5 is the input layer. As the name would

suggest, this layer takes the data input to the network - for example a list of parame-

ters characterising a house. The right-most layer is the output layer, which concordantly
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represents the output values from the network for example the predicted house price, or

classification of an object in an image. Between the input and output layers are the ‘hid-

den’ layers. The term ‘hidden’ denotes the fact that the activation values of the neurons

in the hidden layers are usually just passed to the consecutive layers, or to the output

layer.

The properties of an individual neural network can generally be described by five param-

eters [194]:

• Size: The total number of nodes.

• Width: The number of nodes in a given layer.

• Depth: The number of layers in the network.

• Capacity: The types of function that can be represented by the network.

• Architecture: The arrangement of the layers in the network, and the nodes in the

layers.

The dimensions of the individual layers, and the number of layers of the network can all

be chosen by the user. There is, at the time of writing of this thesis, no accepted general

rule-of-thumb for choosing the number of layers or the dimensions. However, there are

some generally accepted guidelines for choosing the architecture of a neural network.

The first of these is using experimentation. By defining a range of possible depths, widths

and re-training the network with every possible combination of these within the specified

ranges, then evaluating which combination gives the best model performance. This is

an expensive method in terms of computational time, but will reliably determine which

architecture is best for a specific dataset and problem.
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In some cases, it may be possible to use intuition to choose the network architecture. If

the user has a great deal of understanding of the problem to be solved, it may be possible

to choose the depth and width of the network to reflect this. In general, if it is appreciated

that a given problem may be expressed in terms of a number of underlying factors, which

in turn may be expressed in terms of simpler underlying factors and so on, such a problem

may be more suited to a neural network with greater depth [195].

Goodfellow et al [195], asserted that in the majority of problems, the performance of a

neural network model is at least loosely correlated with the network depth, i.e. the deeper

the network, the better it performs. It is worth noting however, that using a deeper

network results in a significant increase in training time for any given dataset.

Another possible method for making an initial selection of network architecture is to use

previously published examples. If the problem to be solved is one that has been solved

previously, it may be possible to use previous examples as a prior when choosing initial

values for the network depth and properties.

Once the architecture for the network has been selected, the network must somehow learn

how to solve the problem.

5.2.4 How Neural Networks ‘Learn’

As mentioned above, once the number of layers, number of nodes etc. of the neural network

have been selected, the network must now somehow learn how to solve a given problem -

by tuning the parameters of the network to figure out the function that maps the inputs

to the correct outputs.
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The first ingredient in the learning process is the dataset. The dataset not only defines

the problem to be solved, but also provides the data on which the network is to train.

Typically, the data is split into two discrete sets: the ‘training set’ and the ‘test set’. A

large portion of the overall dataset is reserved for the training of the model - allowing

the model to tune and adjust the weights and biases of the model to improve the model

performance. Then a small portion of the dataset is held back, and used to evaluate the

performance of the model. The reason for doing this is to test the model performance on

data that hasn’t been seen before during the training process. Neural networks are not

intuitive - given a set of data to train on they will learn the optimal function that maps

the inputs of that data to the output. However, this is not the desired solution, as any

dataset is typically only a sample of the whole population of possible inputs, therefore the

performance of the model should only be evaluated on data that hasn’t yet been seen by

the model during the training process.

For supervised learning models, such as those used during the work presented here, each in-

stance of the dataset comprises a number of inputs and the corresponding correct outputs.

In order to measure the performance of the model for any given set of model parameters, a

single value is calculated that reflects the difference between all of the outputs calculated

by the model and the correct values from the training set. This is done by computing the

‘Cost Function’.

5.2.4.1 Cost Function

As discussed above, the cost function is a measure of how well a neural network has

performed with respect to the training dataset and the outputs calculated by the network.

The value of the cost function is typically therefore influenced by the expected output

values, correct output values, as well as in some cases the parameters of the network
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itself. Importantly, the cost function calculates a single value, not a vector of values

corresponding to all instances of the training set. This single value is reflective of the

overall performance.

There are many different types of Cost Function, but in order to be compatible with

the most common learning algorithm ‘Backpropagation’ (discussed below), cost functions

must adhere to two key criteria[196]:

1. The cost function must be able to be expressed as an average value over all the

entries of the training set:

C =
1

n

∑
x=1

Cx (5.4)

This is necessary, as it allows the gradient of the cost function to be calculated,

which is key to training the network using ‘Gradient Descent’ (as discussed below).

2. The cost function must not depend on neuron output values from any layer in the

neural network except the output layer. This is due to the way in which ‘Back-

propagation’ works by calculating the weight updates on the output layer, then

propagating these back through all the layers of the network.

The choice of cost function is very much dependent on the problem to be solved. For

regression problems, one of the most commonly-used functions is the Mean Squared Error

(MSE):

C(w, b) =
1

2n

∑
x=1

‖ax − y(x)‖2 (5.5)

Where w is the collective weights of the network, b is the collective biases, n is the number

of instances in the training set, ax is the calculated outputs from the model, and y(x)
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is the correct output from the training set. The ‖‖ notation indicates the modulus of

difference values - which is always positive. The value of the MSE is thereby always

positive, and becomes very small when the difference between the calculated and actual

outputs becomes small, and very large when the difference is large [196].

The aim of the learning algorithm will therefore be to tune the parameters of the network

such that the difference between the calculated outputs and correct outputs is as small as

possible. The goal is therefore to minimize the cost function.

The problem to be solved is how to work out what changes need to be made to the network

parameters in order to minimize the cost function. The algorithm that solves this problem

is known as ‘Gradient Descent’.

5.2.4.2 Gradient Descent

For convex functions with few input variables, finding the minimum point is possible by

differentiating the function and finding the points where the differential is zero. However,

the cost function of a neural network typically has thousands, millions or even billions of

inputs - the weights and biases of the neurons in the network. This means that an explicit

calculation of the cost function minimum is impossible.

A more flexible approach is to choose an initial set of input values at random, and deter-

mine the direction in which those inputs should step in order to decrease the value of the

cost function. Specifically, by calculating the gradient of the function at a given point:

and stepping each variable in the direction in which the gradient is most negative.
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To achieve this, for a given step, a good starting point is to investigate how the value of

the cost function changes for a given change of the input variables. This is given by:

∆C ≈ ∂C

∂w1
∆w1 +

∂C

∂b1
∆b1 +

∂C

∂w2
∆w2 +

∂C

∂b2
∆b2 + ...+

∂C

∂wn
∆wn +

∂C

∂bn
∆bn (5.6)

It can be appreciated, looking at equation 5.6 that the changes in weights given by ∆w1,

∆w2 etc. are the changes that we wish to make to the weights (and also biases) in order

to decrease the cost function - they are what we need to calculate. It can also be seen

that the value of each of these will depend on the partial derivative of the cost function

with respect to that input variable [196].

Equation 5.6 may be rewritten using vector notation as:

∆C ≈ ∇C.∆w (5.7)

Where ∇C is the vector of partial derivatives of the cost function:

∇C = (
∂C

∂w1
,
∂C

∂b1
...,

∂C

∂wn
,
∂C

∂bn
) (5.8)

Therefore it is possible to choose a value for ∆w such that ∆C is always negative, for

instance:

∆w = −α∂C
∂w

(5.9)
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Where α is a scalar multiplier used to define the length of step taken during the gradient

descent algorithm, and is known as the ‘learning rate’. When substituted into 5.7, and for

the purposes of simplicity assuming that the biases are constant (∂C∂w = ∇C)this gives:

∆C ≈ −α∇C.∇C (5.10)

≈ −α ‖∇C‖2 (5.11)

Where because ‖∇C‖2 is always positive, ∆C is always negative. Therefore, if the changes

to the weights (and biases) are made according to equation 5.9, the cost function is guar-

anteed to decrease. This holds true when the biases are not constant, as ∇C denotes the

partial derivatives with respect to each weight and bias.

The gradient descent algorithm then repeats the process, calculating the cost function

gradient, and updating the weights/biases in order to ‘step’ in the direction in which that

gradient is most negative. The algorithm continues, until it finds a minimum of the cost

function. Figure 5.6 shows an illustration of the gradient descent algorithm, minimizing a

simple cost function with a single parameter.
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Figure 5.6: An illustration showing the steps of the gradient descent algorithm on a
simplified function with a single parameter. Starting at a random parameter value, the
algorithm determines the gradient of the cost function at that point, and then updates
the parameter according to equation 5.9, then repeats the process until the minimum is
found.

An advantage provided by updating the weights/biases according to equation 5.9 is that

the length of the step taken is proportional to the gradient of the cost function. This

means the algorithm takes smaller steps when the cost function approaches a minimum.

As a result, it is less likely that the algorithm will ‘over-shoot’ the minimum.

However, there is a further problem that can be encountered when applying gradient

descent to cost functions with many parameters. The shape of the cost function may no

longer be the simple, smooth curve such as that shown in figure 5.6. Even though the

cost function is a quadratic function of each weight/bias, the high-dimensionality of the
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function can cause it to become non-convex, resulting in multiple minima, into which the

gradient descent algorithm may fall.

Figure 5.7: An illustration of the gradient descent algorithm being applied to a non-
convex function. When the algorithm initialises at the left-hand point, it converges to a
local minimum. When the algorithm initialises on the right-hand point, it finds the global
minimum.

Figure 5.7 illustrates the problem presented by high-dimensionality cost functions. There

is a strong possibility that the algorithm will find a false, local minimum rather than the

true global minimum.

One way to increase the chance of finding the true global minimum is simply to run

the gradient descent algorithm multiple times, initialising at different combinations of

parameters each time. Although this approach becomes less effective on larger networks,

as the sheer number of different combinations of network parameters makes it impossible

to sample a significant portion of the whole parameter space.
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A more popular method for improving the performance of the standard gradient descent

algorithm is called Stochastic Gradient Descent (SGD). The SGD algorithm differs

from the general gradient descent algorithm in that instead of calculating the cost function

based on the average of all the training set instances (this is sometimes referred to as

Batch Gradient Descent, (BGD)), the cost function is calculated on a single instance at

a time. The weights/biases are then updated based on this single instance, then the

algorithm repeats. The advantages of SGD are that it is faster to run (despite involving a

larger number of steps, the memory requirements are much lighter), and importantly, the

fluctuations in cost function value are greater. This additional ‘noise’ in the trajectory

of the cost function means it is more likely to avoid local minima, and find the true

global minimum. One disadvantage of the SGD algorithm, is that it (by definition) is

non-deterministic. Whereas the BGD algorithm is deterministic. A possible compromise

between BGD and SGD is known as ‘Mini-Batch Gradient Descent’ (mBGD), where a

small ‘batch’ of training set instances are used to calculate the cost function and update

the weights at each step. In this case, equation 5.9 becomes:

∆w = − α
m

m∑
j=1

∂Cj
∂w

(5.12)

Where the sum is over the m instances within the mini-batch.

The last vital step in implementing gradient descent for training a neural network is how

to calculate the gradient of the cost function ∇C, in order to determine the changes to the

weights and biases. For functions with few variables, this is a trivial problem that can be

solved using basic calculus. For neural network cost functions with thousands or millions

of weights and biases however, this is infeasible. To accomplish this, an algorithm known

as ‘Backpropagation’ can be implemented [196].
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5.2.4.3 Backpropagation

The backpropagation algorithm was originally developed in the 1960’s and 1970’s. In 1970,

Seppo Linnainma published a method for differentiating connected networks of differen-

tiable functions [197], which Paul Werbos then adapted and applied to artificial neural

networks in 1982 [198]. However, the algorithm only gained widespread popularity in

1986 following the publication of a famous paper by David Rumelhart, Geoffrey Hinton,

and Ronald Williams [199]. They found that the backpropagation algorithm provided

significant advantages in a variety of neural network architectures, vastly speeding up the

learning process [196]. Neural network research tailed off in the 1990s and early 2000s, due

to the limitations of the computing hardware of the time. In the 2010s, neural network

research exploded once again, with the gradient descent and backpropagation algorithms

providing the backbone to the vast majority of the state of the art research.

At a fundamental level, the backpropagation algorithm is a method for finding the partial

derivatives of the cost function with respect to both the weights w and biases b of a

network:

∂C

∂w
,

∂C

∂b
(5.13)

These expressions represent the way the weights and biases of the network influence the

cost function, and in turn the performance of the network.
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For the sake of conceptual simplicity, consider a network with a single neuron in each

layer:

Figure 5.8: A simple network with one neuron in each layer, with the layer number
indicated by L. Each neuron has an associated activation, a, and an associated bias, b.
The neurons in consecutive layers are connected by weights w, which belong to the layer
to which they connect.

The network shown in figure 5.8 contains 4 layers, the input, two hidden layers, and the

output. Each layer L consists of a single neuron, with an associated activation aL and

bias bL. The consecutive layers are connected by weights wL, which by convention are

assigned to the layer to which they connect. The activation function of each neuron in

this network is the sigmoid function.

The cost function of the network above therefore is a function of the three weights and

three biases of the network:

C → C(wL−2, bL−2, wL−1, bL−1, wL, bL) (5.14)

The value of this cost function for a single training instance is determined by the activation

of the output layer and the desired output from a single instance of the training set:

C0(wL−2, bL−2, ...) = (aL − y)2 (5.15)

Where y is the desired output from the training set. The activation of the neuron in the
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final layer is determined by the weighted sum of the activations in the previous layer and

the bias on the output neuron, and the activation function of the neuron:

aL = σ(wLaL−1 + bL) (5.16)

= σ(zL) (5.17)

For notational simplicity, the weighted sum of activations and the biases are combined into

a single variable zL, which is known as the ‘input’ to the neuron. Given that C0 ∝ aL,

and in turn aL ∝ zL and ZL is a function of wL, aL−1 and bL. It is possible to use the

chain rule to write an expression for ∂C
∂wL and ∂C

∂bL
:

∂C

∂wL
=
∂zL

∂wL
∂aL

∂zL
∂C0

∂aL
(5.18)

Where:

∂C0

∂aL
= 2(aL − y) (5.19)

∂aL

∂zL
= σ′(zL) (5.20)

∂zL

∂wL
= aL−1 (5.21)
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Therefore, for a single training instance:

∂C0

∂wL
= aL−1σ′(zL)2(aL − y) (5.22)

A similar equation can also be found for the biases:

∂C0

∂bL
=
∂zL

∂bL
∂aL

∂zL
∂C0

∂aL
(5.23)

=
∂aL

∂zL
∂C0

∂aL
(5.24)

= σ′(zL)2(aL − y) (5.25)

Where the quantity ∂zL

∂bL
= 1. The above expressions can then be averaged over all training

instances:

∂C

∂wL
=

1

n

n−1∑
k=0

∂Ck
∂wL

(5.26)

∂C

∂bL
=

1

n

n−1∑
k=0

∂Ck
∂bL

(5.27)

These two expressions determine the rate of change of the cost function with respect to

any particular weight or any particular bias within the network. These results can then be

expanded to networks with multiple neurons, where the cost function is given by equation

5.5. Equation 5.18 then becomes:

∂C

∂wljk
=

∂zlj

∂wljk

∂alj

∂zlj

∂C0

∂alj
(5.28)
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Where wljk indicates the weight connecting the kth neuron in the l − 1th layer to the jth

neuron in the lth layer. Where

∂alj

∂zlj
= σ′(zlj) (5.29)

∂zlj

∂wljk
= al−1

j (5.30)

And a similar approach using the chain rule can be used to find a relation for ∂C
∂aLj

:

∂C

∂aLj
=

nl+1−1∑
j=0

wl+1
jk σ′(zl+1

j )
∂C

∂al+1
j

(5.31)

Combining equations 5.28 and 5.31 gives the rate of change of the cost function with

respect to any given weight in the network. Importantly, it can be seen from equation

5.31 that the gradient of the cost function with respect to a given weight in a given layer

is dependant on the activations in the next layer (in a forward direction). This is where

the idea of ‘Backpropagation’ comes from.

When implemented, the backpropagation algorithm starts at the output layer, then works

backwards through the remaining layers calculating the partial derivatives of the cost

function with respect to each weight and bias throughout the network. The weights and

biases in the network are then updated according to the gradient descent algorithm. This

then allows the weights and biases of the network to be updated such that the cost function

decreases and the network performance improves.
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The process then repeats for the next training instance or batch of instances until all of

the training data has been used. Once the end of the training data is reached, the training

process is said to have completed one ‘epoch’. The whole process is then repeated, starting

from the first training instance/batch, for as many epochs as required to fully train the

network.

5.2.5 Application to Medical Imaging

In recent years, the medical imaging sector has become an increasingly-ideal candidate

for the application of neural networks. The majority of work to date has been focussed

on a number of key areas: image segmentation, image registration and, predominantly,

computer-aided diagnosis or detection (CAD) [200].

Image segmentation is a key part of the image processing pipeline for a wide variety of

image analysis techniques. Often, image segmentation is used to extract key regions of

interest from the whole image field-of-view. Segmentation may also be used to extract

volumes from whole image stacks. Traditional image segmentation techniques usually rely

on edge detection by convolving the 2D images with a feature detection kernel such as

a Sobel filter. More advanced edge detection techniques such as the Canny edge detec-

tion algorithm use combinations of filtering, non-maximum supression and hysteresis to

improve the detection of edges in the image [201]. Other image segmentation techniques

work by grouping pixels with similar intensities.

Various groups have applied neural networks to the problem of image segmentation. Lin

[202] applied a form of Recurrent Neural Network called a Hopfield Network to the seg-

mentation of MRI images. Kobashi et al [203] used a feed-forward ANN to classify volume

regions of Magnetic Resonance Angiography (MRA) data. Milletari et al [204] trained a
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CNN to segment the prostate from MRI data, including generating additional synthetic

training instances by applying non-linear transformations to existing training data. More

recent work has moved toward the used of Deep Learning techniques. Liu et al [205] used

a Deep Neural Network (DNN) to segment the prostate from CT images.

Image registration involves the application of rigid, affine and non-rigid transformations

to images to align them into a common space. Typically this is performed as part of an

integrated image analysis pipeline, where subsequent analysis steps require the different

images to be mapped into the same coordinate system. Image registration is of particular

importance when comparing images produced using different modalities, such as MRI and

X-ray CT. Traditional image registration algorithms typically involve applying iterative

transformations to a ‘floating’ image in order to align it with a ‘fixed’ image. The transfor-

mations are usually calculated using a gradient descent algorithm that aims to minimise a

cost function that is dependent on the correlation of regional intensities or image features.

A large volume of research focussed on the application of machine learning algorithms to

image registration have applied the ‘Self Organising Maps’ (SOM) algorithm, which is a

type of ANN that implements competitive learning - an alternative to gradient descent

and backpropagation in it’s training. Shang et al [206] used a SOM to calculate the first

principle direction and centroid of CT and MRI images in order to align them. Other more

recent approaches have shown that convolutional networks may be well suited to image

registration problems. For example, de Vos et al [207] used a CNN-based approach to

calculate the spatial transformation parameters for rapid alignment of Cardiac CINE-MR

images.

One of the key areas where neural networks have shown great promise is in the field of

computer-aided detection/diagnosis (CAD). CAD algorithms aim to assist clinicians in

the detection of abnormalities and pathologies in medical image data. There have been
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numerous studies demonstrating the ability of various neural network architectures in the

detection of tumours in the breast [208], brain [209–211], gut [212] and even eye [213].

There has, to date, been very limited research into the application of neural networks (or

machine learning algorithms in general) to the quantification of tissue microstructure. The

main reason for this is the lack of reliable ground truth data with which to train a model.

Golkov et al [214] trained neural networks on human diffusion MR data, using parameters

(Kurtosis, and NODDI parameters) measured using conventional model fitting as ground

truth values for the model training set. They found that the trained networks were then

able to measure the same parameters as the fitted models, but were able to do so on

diffusion data that was much more sparse. This enabled a 12-fold decrease in scan time,

while still achieving good agreement with the fitted models that were fitted to data from

the full acquisitions. Nedjati-Gilani et al [215] used synthetic data generated from Monte

Carlo simulations of water diffusing in the intra and extra-axonal spaces to train a random

forest machine learning model. The trained model was able to extract microstructural

parameters from diffusion data for which there exists no explicit mathematical model

(such as water residence time in the axons).

The preliminary work presented in this chapter takes a similar approach to that of [215],

using the Monte Carlo simulation framework developed in the previous chapters to gen-

erate synthetic diffusion-MR data, on which to train a neural network. The aim being to

train the neural network to extract microstructural tissue properties such as cell radius

from in-vivo diffusion data without needing to fit complex mathematical models.
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5.3 Study Overview

The aim of the work presented in this chapter was to investigate the potential applications

of artificial neural networks in learning to extract microstructural features from diffusion-

weighted MR data.

To achieve this, the Monte Carlo simulation framework presented in the previous chapter

was used to generate synthetic diffusion data from simulation substrates with various

properties. The synthetic data and ground truth parameters from the simulations were

then used as the training dataset for the neural network. The trained neural network was

then used to calculate microstructural parameters from in-vivo diffusion data of LS174T

tumours.

The work presented in this chapter is preliminary in nature, and is intended to show the

potential for applying a combination of synthetic data generation and machine learning

within the field of diffusion MRI modelling, and MRI in general.

5.3.1 Methods

5.3.1.1 In-Vivo Data

In-Vivo diffusion MRI data was captured from a subcutaneous tumour grown on the flank

of a female MF1 nu/nu mouse. The tumour cell line used was LS174T - a human caucasian

colon adenocarcinoma model known to be tumorigenic in nude mice. All experimental

procedures and methods were the same as those used for the tissue fixation study in

chapter 3. The tumours were scanned with the full VERDICT acquisition, with 46 b-

value and 3 directions, 220 acquisitions in total. One slice of in-vivo data was selected as

the test dataset, to which the trained neural network was applied.
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The in-vivo data was then fitted with the VERDICT ’BallSphereAstrosticks’ model, using

the same fitting procedures detailed in chapters 3 and 4. The fitting was performed on a

voxel-wise basis, as opposed to fitting the averaged signal from an ROI.

5.3.1.2 Synthetic Data

A total of 3676 sets of synthetic diffusion MR data were generated using the Monte Carlo

simulation framework presented previously. Random-walk simulations were run on simu-

lation substrates with varied substrate parameters. The substrate parameters were varied

as follows:

Parameter Name Range

Cell Radius 5µm− 15µm

Intracellular Walker (Volume) Fraction 0 - 1

Vascular Walker (Volume) Fraction 0 - 1

Extracellular Walker (Volume) Fraction 0 - 1

Blood Flow Velocity Factor ×0−×2

Each of the five parameters listed above were selected by via a random sampling within the

corresponding parameter range. The remaining substrate parameters were kept constant,

with diffusivity fixed at 9× 10−10m2s−1.

The synthetic data was then generated from the walker trajectories of each simulation. The

data was generated using the full VERDICT acquisition scheme - 46 b-value, 3-directions

with 220 acquisitions in total. The resulting dataset comprised 3676 signal vectors, each

with a length of 220.

To create the training and testing dataset, these signal vectors were appended with the

corresponding substrate parameters (cell radius, intracellular walker fraction, vascular

walker fraction, extracellular walker fraction and blood flow velocity factor). The signal
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vectors make up the input to the network, with the parameters forming the target values

for evaluating the network performance and computing the cost function during network

training. The total dataset was then split into the training and testing datasets, with a

ratio of 80:20.

To improve the performance of the neural network, feature scaling was applied to the

inputs and outputs, this normalises the inputs and outputs to lie within common ranges.

This is especially important for the outputs, as the cell radius values are around six orders

of magnitude smaller than the volume fractions.

5.3.1.3 Artificial Neural Network Development

The artificial neural network was developed using the Keras neural network API, running

with a Tensorflow backend on Python 3.5.

The width of the network hidden layers was chosen as the average between the width of

the input layer (220 neurons) and the output layer (4 neurons). This is a popular method

for selecting network width, as outlined in the book ‘Introduction to neural networks in

Java’ by Jeff Heaton [216].

As discussed previously, at the time of writing this thesis there is no accepted method

for choosing the number of layers of the neural network. The basic motivation when

selecting the number of layers for the network (the number of hidden layers) is a trade-off

between training accuracy and training time. Increasing the number of hidden layers has

been shown, empirically, to improve the training accuracy of the network [195]. A neural

network with a greater number of layers is able to extract a greater number of features from

the data, to a certain extent. Too many layers can increase the chances of ‘overfitting’ the

data, which usually manifests in the form of good training dataset performance and poor
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test dataset performance. Furthermore, increasing the number of layers in the network

increases the amount of computing time required to train it.

For the present study, the number of network layers was determined through systematic

experimentation. The network was repeatedly trained for 50000 epochs on the synthetic

data while iterating the number of hidden layers, and the final test dataset accuracy

recorded for each network.

Figure 5.9: Plot of number of network hidden layers vs final test dataset error. Each
network was trained on 2941 instances of synthetically generated VERDICT MRI data,
and tested on 735 instances of synthetic data. Each network comprised an input layer of
220 neurons, an output layer of 4 neurons, and a number of hidden layers each with 112
neurons. Each network was trained for 50000 epochs.

Figure 5.9 shows the final test dataset error achieved by varying the number of hidden

layers in the network. The error value drops sharply between 1 and 3 hidden layers, from

0.723 to 0.1077. For networks with 3 or more hidden layers the error decreases more

gradually, dropping to 0.0746 with 5 hidden layers. For networks with 5 hidden layers or

above, the error remains almost constant, decreasing only slightly to 0.0653 for 8 hidden
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layers. In view of this, a neural network with 5 hidden layers was selected to provide a

balance between performance and training time.

The chosen architecture of the network is shown below in figure 5.10. As described pre-

viously, the input layer contained 220 nodes, corresponding to the 220 acquisitions of the

synthetic diffusion data. The network comprised 6 layers (not including the input), with

5 hidden layers and an output layer. The width of the hidden layers was 112, and the

output layer had a width of 4. Even though there were 5 varied parameters in the training

data, one of the volume fractions can be removed to avoid overfitting, due to the fact the 3

volume fractions must sum to 1. The width of the hidden layers was chosen as the average

of the input layer and output layer widths.

Figure 5.10: A schematic showing the neural network architecture that was trained on
synthetic diffusion MRI data. The network has 5 layers (not including the input layer),
with dimensions 108, 108, 108, 108, 4. The input layer comprised 220 nodes.
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The activation function chosen for each node of the network was the ‘ReL’ function, or

‘Rectified Linear’ function. This is a popular activation function for large networks as it

avoids issues associated with the sigmoid activation function such as saturation [195].

The network was trained on the training dataset using the ‘Adam’ optimisation algorithm,

implemented in the Keras neural network API. The Adam algorithm is an extension of the

stochastic gradient descent algorithm, that assigns a separate learning rate parameter α to

each of the nodes in the network, and allows each learning rate to be adjusted during the

learning process. The network was trained over 50000 epochs, with the training process

sped up using GPU parallelisation with the CUDA toolkit 9.0.

5.3.1.4 Applying the Trained Network to In-Vivo Data

Once the network had been trained on the synthetic data, the trained network was applied

to the in-vivo VERDICT data from the LS174T tumours. The resulting parameters from

the neural network were used to generate parameter maps, which were then compared

to parameter maps generated by conventional fitting of the VERDICT ‘BallSphereAstro-

sticks’ model.
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5.4 Results

In the following section, the results from the various simulation-based experiments outlined

above will be presented. Each learned parameter is presented separately.

5.4.1 Intracellular Volume Fraction

Figure 5.11: A side-by-side comparison showing the intracellular volume fraction param-
eter maps produced by: LEFT - Fitting the VERDICT BallSphereAstroSticks model,
RIGHT - Output from neural network trained on synthetic data.

Figure 5.11 above shows a side-by-side comparison between the ficvf parameter maps

produced by model fitting vs by using the trained neural network. The left-hand side

figure shows the parameter map from the model fitting method. The ficvf values are

spread across the full range from 0 to 1. In the bottom-right portion of the slice, many

of the parameter values hit the upper bound during the fitting process. The average
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ficvf value from the model fitted map was 0.64. The right-hand side figure shows the

parameter map from the trained neural network. The ficvf values range from 0.23 to 0.5,

with a mean value of 0.37. Similarly to the fitted case, the bottom-right portion of the

slice shows slightly higher values. Looking at both figures, some common features can be

seen between the two parameter maps. In the upper-right portion of the slice, a region of

higher ficvf values in the fitted map corresponds closely to a region of lower ficvf in the

learned parameter map.

Figure 5.12: Histogram showing the ficvf value distributions for both the fitted and learned
results.

Figure 5.12 above shows the ficvf value distributions for both the fitted and learned

maps. The values achieved by the model fitting method followed a much broader distri-
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bution than the learned values. Ignoring the voxels in which the fitting method hit the

upper bound, the median value for the fitted method was 0.57, vs 0.37 for the learned

case.

5.4.2 Extracellular Volume Fraction

Figure 5.13: A side-by-side comparison showing the extracellular volume fraction param-
eter maps produced by: LEFT - Fitting the VERDICT BallSphereAstroSticks model,
RIGHT - Output from neural network trained on synthetic data.

Figure 5.13 shows the side by side comparison for the extracellular volume fraction pa-

rameter (fees). The left figure again shows the results from the model fitting approach.

It can clearly be seen that a large proportion of the voxels within the slice hit the lower

parameter bound during the fitting process and therefore returned a value of 0. The values

ranged from 0 to 0.79. The mean value of the fitted fees map was 0.17, or when ignor-

ing the voxels that hit the lower bounds 0.31. It is difficult to discern any appreciable

structure within the fitted map, though there does appear to be some higher extracellular
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volume fraction values closer to the centre of the slice. The right hand figure shows the

fees parameter map produced by the trained neural network. The learned map appears

more homogeneous than the fitted map. The values in the map range from 0.14 to 0.49.

The mean value of the learned fees map was 0.39. Similarly to the fitted results, the

learned map shows some higher values of fees towards the middle of the slice, though the

difference is minor.

Figure 5.14: Histogram showing the fees value distributions for both the fitted and learned
results.

The histograms of the two maps show that, similarly as for the intracellular volume fraction

parameter, the fees values for the model fitting method follow a much broader distribution

than those of the neural network. Interestingly, the distribution of fees values for the neural

network method appears to contain two distinct peaks at ≈ 0.35 and ≈ 0.45.
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5.4.3 Vascular Volume Fraction

Figure 5.15: A side-by-side comparison showing the vascular volume fraction parameter
maps produced by: LEFT - Fitting the VERDICT BallSphereAstroSticks model, RIGHT
- Output from neural network trained on synthetic data.

The comparison between the parameter maps for the vascular volume fraction produced

similar results to those of the extracellular volume fraction. The left-hand plot of figure

5.15 shows the fvasc parameter map produced via model fitting. Similarly to the extracel-

lular volume fraction results, the fitting process hit the lower bound in a large proportion

of the voxels within the slice. The fitted vascular volume fraction values ranged from 0

to 0.99, with a mean value of 0.19 (which increased to 0.32 when ignoring the 0-value).

Generally, it appears that the fitted vascular volume values were lower towards the central

portion of the image slice. The right-hand plot shows the fvasc parameter map produced

by the neural network. Again, the map is much more homogeneous in nature, with values

ranging from 0.12 to 0.42, with a mean value of 0.23. The map produced by the neural

network also showed lower values of fvasc towards the central portion of the image slice.
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Figure 5.16: Histogram showing the fvasc value distributions for both the fitted and learned
results.

The histograms of the fitted and learned maps show the same trend as the other parame-

ters, with the fitted values following a much broader distribution than the learned values.

Similarly to the extracellular volume fraction results, the distribution of values from the

neural network method exhibited two peaks at ≈ 0.18 and ≈ 0.34. In addition, ignoring

the fitted values that hit the lower bound during the fitting process, the distribution of

values from the model fitting method also exhibited two peaks at ≈ 0.08 and ≈ 0.46.
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5.4.4 Cell Radius

Figure 5.17: A side-by-side comparison showing the cell radius parameter maps produced
by: LEFT - Fitting the VERDICT BallSphereAstroSticks model, RIGHT - Output from
neural network trained on synthetic data.

The cell radius parameter maps shown above in figure 5.17 show a correspondence between

the fitted map and the learned map. The fitted values ranged from 0.1 × 10−6m to

17.5× 10−6m, while the learned values ranged from 7.86× 10−6m to 12.5× 10−6m. The

mean fitted value was 6.4×10−6m vs 10.96×10−6m for the learned value. Overall therefore,

the values achieved by the model fitting process were lower than those achieved by the

neural network. However, a visual analysis of the two maps shows common features in

both. Both maps show a region of higher cell radius in the lower middle portion of the

slice. In addition, both maps show a patch of lower cell radius values in the upper-right

portion of the slice.
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5.4.5 Blood Flow Parameters

Figure 5.18: A side-by-side comparison showing the blood-flow related parameter maps
produced by: LEFT - Fitting the VERDICT BallSphereAstroSticks model, RIGHT -
Output from neural network trained on synthetic data. The left-hand plot shows the
vascular diffusion coefficient Dv, and the right-hand plot is the mean blood flow velocity
output from the neural network (cms−1).

The left-hand plot of figure 5.18 shows the vascular diffusion coefficient parameter map

produced using the model fitting method. The Dv parameter did not perform in a stable

manner, with many voxels hitting both the upper and lower bounds during the fitting

process. The right-hand plot shows the mean blood flow velocity parameter output from

the trained neural network. The blood flow velocity values range from 0 to 4×10−3cms−1.

Looking at the velocity map, a clear trend can be seen showing higher blood flow velocities

near the edge of the tumour, and lower velocities in the interior.
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5.5 Discussion

The purpose of the preliminary study presented above was to investigate the possibility of

applying a neural network trained on synthetically-generated diffusion MRI data to real-

world in-vivo data, to extract microstructural features without the need for an explicit

model-fitting approach.

The results presented above showed the potential for a machine-learning based approach

to microstructural imaging using diffusion MRI. The trained neural network was able to

produce parameter maps of the intracellular, extracellular and vascular volume fraction, as

well as the cell radius and mean blood flow velocity parameters. The volume fraction maps

showed similarities between the fitted and learned results, though the maps produced by

the neural network generally contained a much smaller range of values compared to those of

the model fitting approach. Notably, the vascular volume fraction parameter output from

the neural network performed with much greater stability than that of the model fitting

approach, producing a believable vascular volume map while the model fitting process

failed in a large proportion of the slice voxels. The machine-learning approach therefore

showed promise in as far as it was able to produce sensible parameter maps for the volume

fractions, but further investigation is needed to ensure that the absolute volume fraction

values are realistic and consistent.

The cell radius map produced by the neural network showed a strong resemblance to that

produced by the model fitting procedure, with corresponding regions of high and low cell

radius. However, the absolute radius values were generally higher, and again followed a

much narrower distribution than those of the model-fitting case. This is a similar case to

the results for the volume fraction parameters. The reason for the difference in absolute

value, and decrease in the range of values is unknown. Future work should focus on
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validating the actual parameter values using histology and alternative in-vivo imaging

techniques such as two-photon imaging.

A promising result was the ability of the neural network to output a parameter map of the

mean blood-flow velocity throughout the image slice. On the other hand, the model-fitting

approach was unable to produce a parameter map of the vascular diffusion coefficient, with

many of the voxels hitting the upper bound during the fitting process. Promisingly, the

voxels in which the neural network output a low blood flow velocity correspond to the

voxels in which the network also output a lower vascular volume fraction, and higher

intracellular volume fraction and cell radius. Future work is needed to validate these flow

measurements, using flow-sensitive MR techniques such as phase contrast MRA (Magnetic

Resonance Angiography), or alternative flow-sensitive in-vivo imaging techniques.

However, the results presented in this chapter are merely an initial proof-of-concept for

the application of synthetic data and machine learning to the field of diffusion MRI. One

of the major limitations of this study was the small quantity of training data. Although

close to 4000 instances of synthetic data were generated in order to train the neural

network, this still represents a significant undersampling of the parameter space. With

five parameters being randomly selected per simulation run, to generate synthetic data

with every combination of parameters sampling each parameter 10 times would require

10000 simulation runs. This limited parameter sampling may therefore explain why the

trained neural network appeared to output more discrete, rather than continuous values.

In order to properly train the network, it is likely that orders of magnitude more training

data would be required. It may be possible to make use of computer clusters, or web-

distributed computing services, to generate sufficient samples of training data to properly

train the network.

The results achieved for the mean blood flow and vascular volume fraction parameters
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may have been influenced by the blood flow dynamics of the simulation framework. As

discussed previously, when the blood flow velocity of a vessel segment approaches zero,

the simulation dynamics become less realistic due to the fact that the simulation neglects

the effects of diffusion within the vasculature. This may have effected the neural network,

having been trained on data synthesized from the simulation framework. In particular, the

vascular contribution of synthesized data from simulations with low blood flow velocity

would appear more like stationary water. The trained neural network may therefore

incorrectly categorise highly restricted diffusion as low blood flow velocity.

Furthermore, the vascular volume fraction parameter may have been influenced by the

fact that the simulation dynamics neglect the effects of membrane permeability. This is

unrealistic since in real tumour tissue, with high vessel permeability, the water molecules

in the vessels are able to pass through the permeable vessel walls and into the extracellular

space. Neglecting this effect in the simulation, and hence the synthetic data used as the

training data may effect the performance of the neural network for the vascular parameters.

5.6 Chapter Summary

The aim of this chapter was to investigate a novel neural-network based approach for

extracting microstructural tissue features from diffusion MRI data without the need for

complex diffusion compartment models or an explicit model-fitting process. One of the

key novel features of this approach is the use of synthetically-generated diffusion MRI

data to train the neural network. Therefore, the key question to be answered was: Can a

neural network trained on synthetic data extract useful features from real in-vivo data?

The first part of the experiment was the development of the neural network. The theory

behind neural networks and how they ‘learn’ was set out in the artificial neural networks

section. The training dataset for the network was then generated using the Monte Carlo
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simulation framework developed in chapter 4. The network dimensions and parameters

were selected based on the dimensions of the training data, and the network was then

trained on the synthetic data.

The neural network was then applied to in-vivo data from real-world tumours, and the

parameter maps produced using the conventional model fitting approach and the machine

learning based approach were compared. The results showed that the machine learning

based approach was able to generate sensible parameter maps for the parameters of the

VERDICT BallSphereAstroSticks model. However, despite the evident correspondence

between the learned and fitted parameters, the absolute values of the learned parameters

were consistently different to the fitted parameters. The reason for this discrepency is

not known, and future work should focus on validation of the absolute parameter values

output from the network. One promising result was the ability of the network to out-

put parameters relating to the blood flow in the tissue. This has never been attempted

previously due to the challenges of generating synthetic data that includes the effects of

diffusion and flow, or compiling enough ground truth blood flow measurements to create

a training dataset of suitable size.

The work presented in this chapter is only intended to demonstrate the potential for a

machine-learning based approach to microstructural imaging, and as such the methods

presented herein have many associated limitations and shortcomings. The lack of valida-

tion of the neural network outputs when applied to the in-vivo data means it is difficult to

assess whether the network performed better or worse than the conventional model fitting

based approach. The other limitations discussed above relating to the limited number of

synthetic datasets, and in chapter 4 in relation to the simplistic nature of the monte carlo

simulation framework itself must also be taken into account when assessing the results

of this chapter. However, despite these limitations, the work presented demonstrates the

potential role that synthetic data and machine learning could play in the field of diffusion
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MRI.

Future work should focus on properly validating the neural network output parameters

using histology and other flow-sensitive in-vivo imaging techniques. However, overall the

results presented above show that machine-learning has huge potential in the field of

microstructural imaging, and the wider field cancer imaging in general.
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Final Summary and Conclusions

In the UK alone, it is estimated that there are currently between 2.5 and 3 million people

living with diagnosed cancer [217]. This figure is expected to rise to 4 million by the year

2030. As the social and economic burden of cancer continues to grow, it is imperative

that new therapies and treatments continue to be developed. Alongside the development

of these novel therapies, it is crucial that new diagnostic and prognostic methods are

developed that are sensitive to the pathophysiological changes caused by newly-developed

therapies. To this end, medical imaging techniques play a vital role in providing effective

biomarkers for disease progression and therapeutic response. One of the main advantages

of medical imaging based methods is that they are non-invasive and repeatable, compared

to conventional methods that require a tumour biopsy to be performed. MRI has come

to the forefront of cancer imaging, due to it’s excellent soft tissue contrast, and ability

to be sensitised to different tissue properties. In the field of cancer imaging, diffusion-

weighted MRI has gained particular success, due to its sensitivity to the microstructure

of tissue. Many hallmarks of cancer are related to the changes in cellular structure of

the tissue. Diffusion-weighted MRI has therefore cemented its place as a powerful tool for

quantifying and studying cancer. Its utility has been greatly improved by the introduction

of advanced modelling and analysis techniques such as VERDICT and NODDI, and many

others that build on the success of the established techniques such as IVIM or ADC.

These new techniques have demonstrated great potential for enabling access to a wealth
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of information about the microstructure of tissue without the need for invasive biopsy.

These new metrics such as the cell radius and compartmental volume fractions could

prove to be invaluable biomarkers for both disease prognosis and therapy response. The

overall aim of the research in this thesis was to aid in the development of novel non-invasive

biomarkers for cancer therapy. In particular, to aid in the validation of advanced diffusion

modelling techniques such as VERDICT. In addition, to investigate the potential for

machine-learning based techniques that may soon revolutionise the field of microstructural

diffusion imaging. This chapter summarises the studies carried out throughout the thesis,

discusses some of the successes and limitations of each study and outlines potential avenues

for future development.

In chapter 3, a novel diffusion-weighted MRI method for measuring microstructural prop-

erties of tumour tissue, known as Vascular, Extracellular and Restricted Diffusion for

Cytometry in Tumours (VERDICT) was used to detect changes in tumour microstructure

caused by tissue fixation and administration of temozolomide therapy. The VERDICT

technique was able to quantify changes in cell radius, intracellular volume and diffusivity

between the in-vivo and fixed tissue. The same level of significance was found in the

parameter changes for the VERDICT models and the conventional ADC. The VERDICT

technique was also able to detect changes in the cell radius parameter in response to

the temozolomide therapy at an earlier time point than either the ADC, or bulk volume

measurements. The studies were therefore successful in demonstrating the capabilities of

the VERDICT framework, and the utility of the parameters associated with it as cancer

therapy biomarkers. The results of the experiments also showed that the performance of

the VERDICT technique is influenced by the choice of compartment models. The pa-

rameters of the ‘BallSphereAstroSticks’ model (with an isotropic vascular compartment)

were generally not as sensitive to the changes in tissue microstructure as those of the

‘BallSphereStick’ model (anisotropic vascular compartment). This was likely due to the
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reduced number of fitted parameters in the ‘BallSphereAstroSticks’ model, which also

called into question whether the ‘BallSphereStick’ model may be overfitting the data.

An informative future study would be to investigate whether the early detection of mi-

crostructural changes using VERDICT corresponds to a better long-term prognosis. This

would help to answer the question as to whether the VERDICT parameters can truly be

considered useful biomarkers for therapy response.

In chapter 4, the development of a Monte Carlo simulation that incorporates the effects

of diffusion and flow was presented. Following this, the framework was applied as a tool

for validating the mathematical models of the VERDICT technique. In the first part of

the chapter, the underlying methods for the simulation framework were presented in three

main parts: the creation of the substrate, the development of the walker dynamics and

the generation of synthetic data. The simulation was then validated by comparing the

synthetic signal generated by the framework to the gold standard signal calculated using

analytical models of diffusion in parallel cylinders and packed spheres. The results showed

that the framework was able to generate realistic synthetic MRI signal compared to the

analytical gold standard. In addition, the simulation framework performed on par with

another publicly available simulation framework. One of the main limitations of this part

of the study was the lack of validation of the flow dynamics. Future work in this area

should aim to validate the dual flow and diffusion dynamics, using a suitable phantom or

by developing an analytical solution. Additional limitations are related to the simplistic

nature of the simulation substrate, for example, representing the cells as simple non-

permeable spheres. Further development of the simulation framework should also focus

on creating more advanced and realistic substrates, preferably based on real biological

tumour tissue. In the second part of the chapter, the simulation framework was applied

as a tool for validating the mathematical models of the VERDICT framework, as well as

other clinically relevant models such as ADC and IVIM. The validation was performed
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by generating signal from simulation substrates with varied substrate parameters such

as cell radius and tissue volume fractions. The results showed that the parameters of

both VERDICT models were generally well correlated with their intended microstructural

property, and generally did not correlate with other substrate parameters. The promising

results suggest that the parameters of the VERDICT framework may indeed be able to

provide reliable access to microstructural tissue properties. However, due to the simplistic

nature of the simulation framework, it is difficult to predict whether the model parameters

truly correlate with the microstructural tissue features they are intended to measure.

Further developments to the Monte Carlo simulation framework relating to the complexity

and sophistication of the tissue substrate may assist in drawing more concrete conclusions.

In addition, the results for the clinically-accepted models showed that their parameters

tended to correlate with a wider range of substrate parameters, thus making it difficult to

determine, without prior knowledge, which substrate parameter caused a given change in

the model parameter value. This result suggests that, when they are properly validated,

more complex compartmental diffusion models such as VERDICT may be beneficial in

a clinical setting. Future work should focus on the development of more sophisticated

in-silico validation methods, combined with in-depth histological validation.

In chapter 5, an investigation into the potential applications for machine learning

within the field of diffusion MRI modelling was presented. The aim was to investigate

whether a neural network could replace the explicit model-fitting process and output use-

ful microstructural tissue metrics based solely on the raw signal. The Monte Carlo simu-

lation framework from chapter 4 was used to generate a large training dataset on which

to train the neural network. The trained network was then applied to real world in-vivo

data of subcutaneously grown tumours, to generate parameter maps of ‘learned’ tissue

features that broadly correspond to the parameters of the VERDICT ‘BallSphereAstro-

Sticks’ model. A comparison of the ‘learned’ vs fitted parameter maps showed that the
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machine-learning approach was able to generate sensible parameter maps, that loosely cor-

respond to those generated through model fitting. However, the absolute values measured

by the neural network were consistently different to the fitted values. The study success-

fully demonstrated the huge potential for machine learning in the field of microstructural

imaging, and further outlined an additional useful application of in-silico diffusion mod-

elling techniques for the generation of large training datasets for machine learning models.

There is a huge amount of further work to be done in this field, and endless avenues to

be explored. One such avenue is the use of other machine learning algorithms such as

random forrests, that enable the ‘importance’ of each model input to be measured. This

could allow sequences to be fine-tuned to remove unnecessary measurements, and help to

reduce scan time without sacrificing accuracy.

To conclude, in this thesis the capabilities of advanced diffusion models such as VERDICT

have been demonstrated, and validated using a sophisticated simulation framework. In ad-

dition, the potential applications of machine learning as an alternative to explicit diffusion

modelling were investigated. As an increasing number of advanced cancer therapies be-

come more readily available , the ongoing development, validation and exploration of new

ways to understand and measure the microstructural environment of tumours is crucial.

It is my belief that diffusion-MRI will continue to play a vital role in cancer imaging, due

to it’s inherent sensitivity to the tissue microstructure. It is therefore my hope that the

work presented in this thesis can benefit the future development of diffusion MRI analysis

techniques.
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Perfusion-Fixation Protocol

Materials:

• 0.07ml sodium pentobarbital (Euthatal, obtained from Merial UK) diluted with
heparinized NaCL up to 2ml.

• 0.9% saline solution.

• 4% PFA (Paraformaldehyde).

• Perfusion Pump.

• Heparin.

• 27G butterfly needle.

• Scissors, 2 clamps, round-ended tweezers.

• 50ml falcon tube.

Methods:

• Terminally anaesthetise the animal via IP (intraperitoneal) injection of Euthatal.

• Check for depth of anaesthesia using paw-pinch reaction, and secure animal in pros-
trate position on collection tray.

• Open the chest with a V-shaped incision using scissors.

• Use scissors to cut ribs, and clamp xiphoid process and ribs back.

• Carefully puncture diaphragm, will cause lungs to collapse.
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• Manoeuvre beating heart into position to enable easy access to left ventricle.

• Start perfusion pump and insert butterfly needle into left ventricle (2mm penetration
to prevent perfusion of pulmonary circuit). Snip right atrium to allow blood to drain.

• Perfuse with around 25ml saline (37◦C) at a rate of 3ml/min. Pour distilled water
on torso to remove blood and help prevent clotting.

• Once the circulatory system has cleared, perfuse with 30ml PFA at 3ml/min.
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