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Abstract
The normal microstructure of the heart is fundamental to its healthy mechanical
and electrical function. In diseases such as hypertrophic cardiomyopathy or
myocardial infarction there is remodelling of the microstructure which can lead
to heart dysfunction and even death. Diffusion MRI measures the magnitude
and direction of the diffusion of water molecules within tissue, and can therefore
be used to infer structural information about biological tissue. There remains
some uncertainty about the relationship between cardiac microstructure and
the diffusion MRI signal that it produces. Monte Carlo models can be used
to increase the understanding of this relationship as well as to design optimal
MRI sequences and propose image biomarkers related to specific microstructural
changes. This Thesis presents a computational framework for the simulation
of diffusion MRI in cardiac tissue, including an anatomically realistic model
of cellular geometry, a Monte Carlo method to simulate the diffusion of water
molecules and the calculation of diffusion MRI signals. The model is shown to
simulate diffusion MRI results which correspond well with experimental data
from five ex vivo rat hearts over a range of gradient strengths and diffusion
times. Neither introducing membrane permeability nor increasing the diffusivity
in the extracellular space compared with that within the cells showed a marked
effect. The introduction of type IB disarray into the model, as commonly found in
hypertrophic cardiomyopathy, caused the diffusion to become less anisotropic while
the amount of diffusion remained constant. This model will allow the investigation
of the relationship between different types and degrees of remodelling and the
diffusion MRI signal, which will further the use of diffusion MRI as a clinical tool
in the detection and quantification of cardiac remodelling in disease.
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Abstract

The normal microstructure of the heart is fundamental to its healthy mechanical and
electrical function. In diseases such as hypertrophic cardiomyopathy or myocardial
infarction there is remodelling of the microstructure which can lead to heart
dysfunction and even death. Diffusion MRI measures the magnitude and direction
of the diffusion of water molecules within tissue, and can therefore be used to infer
structural information about biological tissue. There remains some uncertainty
about the relationship between cardiac microstructure and the diffusion MRI signal
that it produces. Monte Carlo models can be used to increase the understanding of
this relationship as well as to design optimal MRI sequences and propose image
biomarkers related to specific microstructural changes. This Thesis presents a
computational framework for the simulation of diffusion MRI in cardiac tissue,
including an anatomically realistic model of cellular geometry, a Monte Carlo
method to simulate the diffusion of water molecules and the calculation of diffusion
MRI signals. The model is shown to simulate diffusion MRI results which correspond
well with experimental data from five ex vivo rat hearts over a range of gradient
strengths and diffusion times. Neither introducing membrane permeability nor
increasing the diffusivity in the extracellular space compared with that within the
cells showed a marked effect. The introduction of type IB disarray into the model,
as commonly found in hypertrophic cardiomyopathy, caused the diffusion to become
less anisotropic while the amount of diffusion remained constant. This model will
allow the investigation of the relationship between different types and degrees of
remodelling and the diffusion MRI signal, which will further the use of diffusion MRI
as a clinical tool in the detection and quantification of cardiac remodelling in disease.
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1
Introduction

1.1 The problem

Most people with hypertrophic cardiomyopathy (HCM) will live normal, healthy

lives, but some will die from sudden cardiac death. Implantable defibrillators can

be used to detect and stop the lethal arrhythmias, but for many patients the risk

of surgery will outweigh the potential benefits. At the moment, some of the risk

factors for sudden death have been identified, but these cannot completely reliably

decide who should have a defibrillator implanted.

An additional risk factor or biomarker could be the extent or degree of myocardial

disarray. Disarray has been found in HCM and has been linked with mechanical and

electrical problems, but currently it can only be measured in post-mortem histology.

Diffusion MRI (dMRI) has been proposed as a way of measuring this disarray as

it is sensitive to the amount and direction of water diffusion in the tissue and can

therefore infer information about the underlying structure. To be able to use dMRI

to measure disarray, we need to understand the relationship between the disarray

and the signal changes that this produces. A computer model is a useful tool for

1



2 1.2. Contributions

this research as it allows us to make controlled changes in the microstructure and

determine how this affects the dMRI signal. There are several computer models of

diffusion MRI available for the brain, but the structure of the heart is very different,

as are the changes in disease, so we need a new model for the heart.

The aim of this work is therefore to create a model of cardiac tissue and the

diffusion MRI signal it produces.

1.2 Contributions

The contributions of this work are:

• The development of a flexible model of diffusion MRI in cardiac tissue, and

its validation by comparison with experimental acquisitions at a range of

gradients and diffusion times. This model will streamline MRI sequence

optimisation and exploration of parameter space beyond experimental limits.

• The investigation of the impact of parameter changes on the model outputs,

determined by a sensitivity analysis. This shows that the diffusivity has the

most marked effect on the diffusion MRI results, followed by the cross-section

of the cells (both cross-sectional area and aspect ratio of the cross-section).

• The investigation of the effects of extracellular vs intracellular diffusivity, as

well as membrane permeability, in the diffusion measurements as predicted by

the model.

• The introduction of myocardial disarray into the model to quantify the effects

of varying degrees and extents of type IB disarray on the output of diffusion

MRI. This preliminary work demonstrates the use of the model to facilitate

investigation of the effect of pathological changes in cardiac microstructure

on the diffusion MRI signal.
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• The introduction of blood vessels into the model to quantify the effect of the

microvasculature on diffusion MRI results in the healthy heart.

Additionally, I made an attempt to validate the model with a specific geometry

through the use of a phantom, which proved challenging due to practical difficulties

related to phantom design and manufacture.

1.3 Thesis plan

In Chapter 2, I summarise the literature regarding heart microstructure, remodelling

of the microstructure in disease, cardiac diffusion MRI, and modelling of diffusion

MRI in biological tissue.

In Chapter 3, I introduce my Monte Carlo model of cardiac diffusion MRI. I

explain the reasoning behind the modelling choices and the parameters chosen,

with reference to the literature on myocardial tissue structure. I then carry out a

sensitivity analysis of the model to investigate which of the input parameters have

the largest effect on the diffusion MRI outputs, and which are less important.

In Chapter 4, I carry out two validations of the model compared with experimental

data. Firstly, I compare the model results with experimental diffusion MRI data

from five ex vivo rat hearts carried out at a variety of gradient strengths and

diffusion times. This is to determine whether the model gives comparable results

to the experimental data, and whether the results change in a similar way as the

MRI sequence is changed. Secondly, I create a model of a cardiac fibre phantom

and compare the model results with experimental data from the phantom. As for

the heart data, this is done for a range of diffusion times and gradients strengths.

In Chapter 5, I investigate whether some of the differences seen between the model

results and ex vivo heart data in Chapter 4 can be explained by changing two

parameters: membrane permeability and extracellular diffusivity. These parameters
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were chosen because membrane permeability has been shown in previous modelling

work to have an effect on model results, while the sensitivity analysis in Chapter

3 showed diffusivity was the most important factor.

In Chapter 6, I introduce myocardial disarray into the model to investigate the

effects of the degree and extent of type IB disarray on diffusion MRI results. This is

the first step in understanding the effect of pathological changes on diffusion MRI

and how diffusion MRI could be used to detect these changes in vivo.

In Chapter 7, I introduce small blood vessels into the model to determine whether

these long thin capillaries affect the diffusion MRI results, which could be significant,

especially in disease.

In Chapter 8, I summarise the findings and suggest directions for future work.

Figure 1.1: Illustration of the heart, by Leonardo da
Vinci from c. 1511-13. Royal Collection Trust/cO Her Majesty
Queen Elizabeth II 2016



2
Background

In this chapter I summarise the structure and function of the healthy heart, and

how this is affected by disease. I explain how diffusion MRI (dMRI) works and how

it has been used in the heart. Finally, I summarise the literature on computational

modelling of dMRI in biological tissue.

2.1 The healthy heart

The heart pumps blood around the body, providing oxygen and nutrients to all

the body’s cells and removing waste products. The heart has four chambers: the

left and right atria and ventricles. Oxygenated blood flows from the lungs to the

left atrium (LA), through the mitral valve to the left ventricle (LV), then through

the aorta to the vascular system throughout the body. Deoxygenated blood flows

from the body through the vena cava to the right atrium (RA), then through the

tricuspid valve to the right ventricle (RV) then to the lungs. Ventricular contraction

is called systole and forces the blood out of the ventricles and into the aorta and

pulmonary artery. Ventricular relaxation is called diastole and corresponds to the

5
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time when blood flows from the atria to the ventricles. A diagram of the heart

chambers, and the blood flow through them, can be seen in Figure 2.1.

Figure 2.1: Anatomy of the heart. LV/RV = left/right ventricle; LA/RA = left/right
atrium; PA = pulmonary artery. Arrows illustrate the direction of blood flow in normal heart
function. Reproduced from Garside et al. [1], with permission.

The longitudinal axis of the LV is defined as pointing from the apex to the base

of the LV. The radial-circumferential plane (or short-axis) is perpendicular to this,

with the radial direction in this plane and pointing away from the longitudinal

axis. The circumferential axis is perpendicular to both the longitudinal and radial

axes. These can be seen in Figure 2.2.

Figure 2.2: Axes of the heart. (a) Long axis view of the LV. (b) Short-axis / radial-
circumferential plane view of the LV.
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2.1.1 The structure of the myocardium

The LV wall of the heart is, by volume, predominantly composed of heart muscle cells

(myocytes), along with connective tissue, fat, vasculature and nerves [2]. Capillaries

are predominantly parallel to the myocyte orientation [3].

The orientation of the myocytes within the wall of the LV is complex; a visualisation

of the 3D orientation of the myocytes in shown in Figure 2.3. Myocyte orientation

can be described by its rotation from the radial-circumferential plane, where an

anti-clockwise or right-handed rotation from the radial-circumferential plane is a

positive helix angle and is shown in Figure 2.4.

Figure 2.3: Myocyte orientations in the heart. Clockwise spiral orientations are in purple,
horizontal parts of the fibres are in white; anticlockwise spiral orientations are in turquoise.
Reproduced from Zhukov et al. [4] cO IEEE

The orientation of the myocytes undergoes a gradual transition from a left-handed

helical arrangement in sub-epicardial layers (those nearest the outer surface), to a

circumferential alignment in mid-myocardium, to a right-handed helical direction

in sub-endocardial tissue. The myocyte orientation is usually described by three

angles [5]: the helix angle is the angle between the long axis of the myocyte

and the radial-circumferential plane, the transverse angle is that between the

projection of the long axis of the myocyte onto radial-circumferential plane and

the circumferential axis, and the sheet angle is that between the sheets (described

later) and the radial-circumferential plane. The relative directions of the helix

and transverse angles are illustrated in Figure 2.4.
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Figure 2.4: Helix and transverse angles in the heart. Axes are in brown, circ. =
circumferential. Primary eigenvector marked in pink.

Streeter et al. [6] first analysed myocyte angles in dogs using histological slices cut

from a section of the free wall of the heart (Figure 2.5). They found that helix

angles ranged from −60° at the epicardium to 60° at the endocardium, although

they believed that the true range may be closer to ±90° but found difficulties in

measuring the angles at the epicardium and endocardium. In the healthy human

heart, Lombaert et al. [7] used diffusion tensor (DT) MRI to investigate myocyte

orientations and found that the helix angle varied linearly from (−41± 26)° at the

epicardium to (66± 15)° at the endocardium. The transverse angle was (7± 31)°

and varied less with location, although it was highest and more variable at the

endocardium than at the midwall. When dividing the LV into the American

Heart Association segments [8], there was more variation in the angles at the

apex than elsewhere in the LV.

During systole the LV shortens, the cavity narrows and its volume decreases, the

wall thickens radially, the LV twists, and myocytes shorten along the long axis

and become spaced closer together [2, 9]. Using DT MRI to compare myocyte

orientation in systole and diastole in rat hearts, Hales et al. [10] found that the wall

thickness increased by (31± 9)%. Myocyte density and the distribution of myocyte

angles also changed. During contraction, the number of left-handed myocytes
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(a) (b)

Figure 2.5: Helix angles in the heart. (a) Typical sequence of photomicrographs showing
fibre angles in successive sections parallel to the epicardial plane. Fibre angle is 90° at the
endocardium, running through 0° at the midwall to −90° at the epicardium. The sequence of
numbers refers to deciles of wall thickness. (b) Fibre angles for four sampling sites from a heart in
diastole are plotted as a function of percent wall thickness. Zero percent of wall thickness implies
the endocardial surface. M represents the mean of the data at these four sites. Reproduced from
Streeter et al [6], with permission.

decreased, the number of right-handed myocytes increased, and the intersection

angles between sheets increased. Streeter [6] also found that the helix angles

increased slightly in systole compared with diastole, and that the largest changes

were at the epicardium and endocardium.

Changes in myocyte thickness during contraction cannot fully explain the increase

in LV wall thickness without some myocyte rearrangement [9]. It has therefore

been suggested that myocytes are arranged in sheets with cleavage planes between

the sheets, which allow the myocytes to slide over each other. LeGrice et al. [5]

used histology to show the presence of sheets in ex vivo dog hearts, and found that
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they were four to six myocytes thick. Takayama et al. [11] investigated the role

of sheets in dog hearts in systole and diastole. They found that the sliding and

extension of the sheets accounted for approximately 90% of the wall thickening

in the LV free wall. They also found that the changes in sheet architecture were

dependent on the location within the LV.

Initially these sheets were shown by histology, which has the problem that they

may be caused, or at least enhanced, by the fixation methods carried out for the

histology [2]. Gilbert et al. [12] used high spatial resolution contrast enhanced MRI

to show the existence of the sheets in rat hearts. They found that the sheets were

smoothly continuous through most of the myocardium but there are some regions

where the sheets intersect at close to 90°. The advantage of using this method

is that it is non-destructive (unlike histology) and direct (unlike dMRI), but it is

limited in resolution and cannot be performed in vivo.

2.1.2 Cardiac myocytes

Cardiac myocytes are elongated cells, typically 100 µm to 150 µm long and 20 µm

to 35 µm wide [13]. A single myocyte can be seen in Figure 2.6A, and a section of

cardiac tissue showing many myocytes in Figure 2.6B. Myocytes have intercalated

discs at their ends, made from a thickening of the cell membrane (sarcolemma),

which connect longitudinally with neighbouring myocytes; they also branch in a

variable manner to connect laterally with adjacent myocytes [14, 15].

Myocytes are formed primarily from myofibrils, which consist of repeating units

called sarcomeres, which themselves are made of the contractile myofilaments actin

and myosin, and are divided by Z discs [13–15]. Myofibrils are surrounded by the

sarcoplasmic reticulum, which stores and releases calcium ions for contraction [14].

The striations seen in Figure 2.6A are due to the alternating actin and myosin

filaments [13, 15]. The parts of a myocyte can be seen in Figure 2.7.
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Figure 2.6: Confocal microscopy images of cardiac muscle. (A) shows a single ventricular
myocyte, the myofibrils are seen as striations. (B) shows a section of cardiac muscle with numerous
cells; id is an intercalated disc. Reproduced from Severs [13], with permission.

Figure 2.7: Cardiac myocyte structure. Sarcomeres are composed of thin and thick
filaments arranged in repeating units. Thin filaments contain actin and thick filaments contains
myosin. Reproduced from Golob et al. [16], with permission.
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2.2 The pathological heart

Disease may affect the normal structure and function of the heart. Three diseases

which are known to cause remodelling of the microstructure are described, followed

by a review of the remodelling that is found.

2.2.1 Diseases of the heart

Hypertrophic cardiomyopathy

Hypertrophic Cardiomyopathy (HCM) is hypertrophy of the left ventricle of the

heart, which cannot be explained by any other cardiac or systemic disease; it

has a prevalence of around 1 in 500 people [17, 18]. HCM is diagnosed based on

otherwise unexplained LV hypertrophy, using echocardiography, MRI or both. The

most severe effects of HCM are sudden cardiac death (SCD), heart failure, atrial

fibrillation and stroke; SCD occurs in up to 1% of sufferers each year [18, 19]. On

the other hand, most people with HCM can expect to live a normal-length life,

without invasive treatments or disability [18].

Determining an individual HCM patient’s prognosis remains challenging. There are

a number of risk factors which indicate that a patient is at high risk of SCD [19],

including previous cardiac arrest or ventricular tachycardia, family history of

HCM sudden death, very high LV wall thickness and extensive late gadolinium

enhancement in the LV myocardium. Those patients deemed at high-risk of SCD

are fitted with an implantable defibrillator, which detects and terminates lethal

arrhythmias (ventricular tachycardia or ventricular fibrillation). Given that there

remain deaths by SCD in patients who have been deemed clinically low-risk, the risk

algorithm is incomplete, and additional quantitative risk markers are required [20].
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Myocardial infarction

Myocardial infarction (MI) can be defined as myocardial cell death due to prolonged

ischaemia [21]. The ischaemia leads to myocardial dysfunction, cell death and then

fibrosis. Coronary heart disease, which includes MI and angina, caused 69,000

deaths in the UK in 2014 (12% of the total), and there were nearly 190,000 cases of

MI [22]. Clinical features include pain in the chest and arm, and electrocardiogram

(ECG) is used to confirm and classify the MI. Imaging can be useful in diagnosis,

classification and prognosis of MI. It can be used to measure perfusion, myocyte

viability, myocardial thickening and myocardial motion. [21]

Hypertensive hypertrophy

Hypertensive heart disease causes a pressure overload on the heart which leads

to LV hypertrophy. It can be diagnosed by ECG or echocardiography, and is

a predictor of cardiovascular mortality and morbidity [23]. The function of the

heart is impaired and there is myocardial remodelling [24], which is discussed

further in the next section.

2.2.2 Myocardial remodelling

The normal microstructure of the heart is fundamental to its healthy mechanical and

electrical function [25, 26]. In disease there can be remodelling of this microstructure

which takes many forms.

Myocardial disarray is where the normal arrangement of myocytes becomes dis-

organised [27]. It is a common finding in HCM [28–30]. Maron and Roberts [28]

classified four types of disarray in HCM which are shown in Figure 2.8 alongside

normal histology. Maron et al. [29] found type IA to be the most common form

of disarray occurring in 66% of hearts in the LV anterior free wall and 64% in

the LV posterior free wall. Type IB occurred in 34% and 33% of the anterior and
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posterior LV free wall respectively. Type IIA was only found in one heart, in the

posterior LV free wall, and no hearts showed type IIB disarray. Similar results were

found in the septum, with type IA disarray in 62% of the hearts, type IB disarray

in 38% of the hearts and no type II disarray. The mean extent of disarray was

35% in the septum, 32% in the anterior free wall and 15% in the posterior free

wall. The total extent per heart ranged from 0% to 80%.

(a) (b)

Figure 2.8: Histology of (a) healthy human heart and (b) human hearts with HCM showing
the four types of disarray. Reproduced from (a) Maron et al. [31] and (b) Maron and Roberts [28],
with permission.

Kuribayashi and Roberts [30] looked at the midwall muscle bundle and found that

the usual circular orientation was markedly interrupted in 77% of HCM hearts at

the junction of the RV and LV, and this disarray was present to a lesser extent

in the mid-septum, and anterior and posterior LV free wall. Some control hearts

showed disarray at the junction but this was less severe. Their findings are seen in

Figure 2.9. They concluded that given the amount of disarray it is unlikely that

there would be synchronous muscle contraction, and the transmission of electrical

signals may also be affected which would further disrupt the contraction of the heart.

Myocardial disarray is not confined to HCM. Inamura [32] found evidence of disarray

in hypertensive rats, and Tanaka et al. [33] found disarray in human hypertensive
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Figure 2.9: Myocardial architecture in midventricular transverse slice of normal and HCM
hearts. A: latitudinal fibre layer that is smoothly continuous surrounding LV cavity in normal
heart. B: longitudinal fibre layer that is well developed on the left side of ventricular septum in
HCM. C: fascicle disarray that is marked in area of junction of 3 ventricular walls in heart with
HCM. D: fibre disarray that is marked in portion adjacent to fascicle disarray but relieved as it
becomes distant from junctional areas. E: disarray in longitudinal fibre layer which is present in
continuity with fascicle or fibre disarray in midwall latitudinal layer. Disarray in normal hearts is
restricted to small area of junction between ventricular septum and RV free wall and are adjacent
to papillary muscles. Reproduced from Kuribayashi and Roberts [30], with permission.

hearts. Fineschi et al. [34] measured the presence or absence of disarray in eight

sites across the LV, RV and septum of hearts with a variety of diseases. No

hearts where the cause of death was accidental showed disarray, while disarray

was present in at least one of the eight sites in 57% of transplanted hearts, 56%

of hearts from brain haemorrhage and 45% of coronary sudden death. In acute

MI, Milei et al. [35] found 27 of 29 hearts to have disarray; the posterior septum

was the most common site, and types IA and IIA the most prevalent. The extent

of disarray was generally small, with 25 of the 41 sites showing disarray having

an extent of less than 5%, and only 3 sites showing more than 10%. Masuda et

al. [36] quantified the degree of disarray by measuring the standard deviation of

myocyte orientations. The standard deviation was higher for HCM (38.7%) than

hypertensive heart disease (21.1%) than controls (15.0%) .

Fibrosis is the replacement of myocytes with collagen, the main component of

cardiac connective tissue [37]. After MI, the damaged tissue is replaced by fibrotic



16 2.2. The pathological heart

tissue as part of the healing process to form the scar [21]. Around the scar there is

a border zone consisting of a mixture of viable and necrotic myocytes [37]. Fibrosis

is also found in HCM [38–40], where Noda [38] found 74% of RV and 72% of LV

biopsies displayed fibrosis, and hypertensive LV hypertrophy [41, 42].

Other remodelling types that have been found include small vessel disease, where

the ratio between the external diameter and the lumen diameter is increased, which

has been shown in HCM [40]. Hypertrophy of myocytes was found in 96% of

LV and 56% of RV biopsies in HCM; it has also been found in hypertensive LV

hypertrophy [32, 43]. In most studies, this hypertrophy is measured as an increase

in myocyte diameter, but Gerdes et al. [44] found in hypertensive rats that in the LV

only the length of cells increased, while in the RV the length and the cross-sectional

area (CSA) increased proportionally. Differences in the nuclei, such as changes

to size and shape, have been found in HCM [38].

Correlations between the types of remodelling, and with function

The evidence for correlations between different types of remodelling, and between

remodelling, imaging measurements and physical symptoms or function remains

limited. Studies on post-mortem hearts have investigated the relationship between

different types of remodelling, and correlations of remodelling with the cause of

death and clinical test results (such as vascular response to exercise) [39, 45, 46].

Some of the types of remodelling can currently be detected in vivo (for example,

fibrosis can be detected on gadolinium-enhanced MRI); that they are not routinely

used for prognosis indicates that their link with outcome is not yet clear.

The degree of disarray in HCM is not correlated with LV wall thickness [40, 45],

heart weight, fibrosis or small vessel disease [40]. Disarray is higher in young deaths

and those with an abnormal vascular response to exercise [46]. In HCM, fibrosis

is increased in death by heart failure compared with sudden death, while sudden

death is associated with smaller hearts [46]. Morimoto et al. [39] found that disarray
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is increased in HCM deaths from congestive heart failure compared with deaths not

from congestive heart failure; they suggest that this indicates that disarray leads

to systolic dysfunction and ventricular dilation. The degree of disarray has been

shown to vary in different genotypes of HCM: those with the troponin T genotype

have more disarray, less fibrosis, lighter hearts and more sudden death that those

without this genotype [47]; the proposed progression of the disease is in Figure 2.10.

In HCM, the disarray has been suggested to disrupt the normal propagation of

the electrical signals within the heart, thus leading to the arrhythmias which

cause sudden death [19]. Anderson et al. [48] showed that in idiopathic dilated

cardiomyopathy there is increased myocardial fibrosis and this correlates with

abnormal electrical propagation. The myocardial microstructure, in particular

myocyte orientation, has been shown to affect re-entrant arrhythmias [49, 50].

Figure 2.10: Progression of remodelling in HCM. BPR is blood pressure response. SCD
is sudden cardiac death. Reproduced from Varnava et al. [47], with permission.
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2.3 Diffusion MRI

I firstly introduce diffusion, and then the basics of MRI. I discuss in more detail the

principles of diffusion MRI, and summarise how dMRI has been used in the heart.

2.3.1 Diffusion

Movement of particles within a fluid is described by Fick’s law [51]: J = −D∇C,

where J is the net flux of the particles, D is the diffusion coefficient, C is the

particle concentration and ∇ is the Laplacian operator.

When there is no difference in concentration, the net flux becomes zero, but there is

still movement of individual particles. This random movement of particles within a

fluid is called diffusion, and was first described by Robert Brown in 1828 [52], hence

its alternative name of Brownian motion. For free diffusion, Einstein’s equation [53]

calculates the mean square distance, 〈x2〉, that the particles move during a certain

time, t, as 〈x2〉 = 2Dt, where D is the diffusion coefficient.

Figure 2.11 illustrates the difference between free and restricted diffusion in 2D.

On the left hand side 1× 106 molecules all start at the centre of the figure and

are free to diffuse within the space. The histograms of the displacement of the

molecules shows a Gaussian distribution in both the x and y directions. On the

right hand side the same number of molecules are restricted to diffuse from the

centre of a rectangle with reflective boundaries. The histogram of the displacements

in the y direction, i.e. along the long axis of the rectangle remains approximately

Gaussian. In the short axis direction, however, the distribution of displacements

is closer to uniform. The time allowed for diffusion, and the geometry determine

how different from the Gaussian the distribution becomes. The more restrictive

the geometry, the longer the diffusion time and the faster the diffusion, the less

Gaussian the distribution of displacements will be.
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Figure 2.11: 2D diffusion in the free state, and restricted within a rectangle. The
top row shows the start and end positions of the molecules. The bottom row shows the histograms
of the molecules displacement in the x and y directions.

2.3.2 MRI

Nuclear Magnetic Resonance (NMR) makes use of the spin property of atomic

nuclei, usually hydrogen, where the nucleus is a single proton. Usually, the spins are

randomly orientated leading to no net magnetisation. In a strong magnetic field, the

spins align with the field, either in parallel or anti-parallel, with the parallel alignment

more energetically favourable and therefore slightly more common. This leads to

an overall net magnetisation in the longitudinal direction, as seen in Figure 2.12

Figure 2.12: Alignment of protons with external magnetic field. (L) With no external
magnetic field applied, protons are randomly oriented. (R) With the magnetic field, B0 applied,
protons align in parallel or anti-parallel and there is a net magnetisation parallel to the magnetic
field (longitudinal axis). Reproduced from Pooley [54],with permission.
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The spins precess with a constant frequency known as the Larmor frequency, ω,

which is dependent on the gyromagnetic ratio of the nucleus, γ, and the strength

of the applied field B0:

ω = γB0 (2.1)

A helpful analogy for precession is the rotation of a spinning top, as shown

in Figure 2.13.

Figure 2.13: Precessing of protons. Precessing of protons (sphere on right) can be compared
with a spinning top (cone shape on left). The z-axis is the longitudinal direction along which
the magnetic field is applied (or in the case of the spinning top, along which gravity is applied).
Reproduced from Currie [55], with permission.

MRI sequences consist of radiofrequency (RF) pulses and gradients designed to

measure specific properties of the tissue. An RF pulse is an RF signal at the Larmor

frequency applied for a short period of time. The hydrogen protons absorb energy

from the RF pulse and this rotates the net magnetisation away from the longitudinal

direction, the z-axis in Figure 2.13. A 90° RF pulse rotates the new magnetisation

into the transverse plane (perpendicular to the longitudinal direction), leading to

no magnetisation in the longitudinal direction, and maximum magnetisation in

the transverse plane (Figure 2.14a-b). As protons precess, magnetisation in the

longitudinal direction increases: the time taken for this to reach 63% of its maximum

is the T1 time. In the transverse plane, the magnetisation decreases due to dephasing

of the protons (Figure 2.14c-d): the time taken for this to decrease to 37% of its

starting value is the T2 time. When a 180° RF pulse is applied some time after a
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90° RF pulse, the spins rotate to the opposite axis, and begin to rephase [54]. This

is the ‘spin echo’ sequence which is the basis for dMRI described in the next section.

Figure 2.14: Application of 90° RF pulse. (a) prior to application of RF pulse, net
magnetisation is along the longitudinal axis (Z). (b) immediately after the RF pulse, net transverse
magnetisation is at its maximum. (c) and (d) as protons dephase, the net transverse magnetisation
decreases. Reproduced from Pooley [54], with permission.

To convert the NMR signals into an MRI image, three different magnetic field

gradients are also applied to provide the spatial information. The slice encoding

gradient selects a single slice in the z-direction by applying a field which varies along

the z-axis and therefore each slice has a different Larmor frequency. The x and y axis

positions are encoded by the frequency and phase encoding gradients respectively.

The phase encoding gradient produces a phase offset which is proportional to

the duration and intensity of the gradient, which varies linearly along the y-

axis. The frequency encoding gradient alters the precessional frequency of the

protons along the x-axis.

The resulting data is in the k-space, where each spatial location is encoded by

its frequency (x-axis) and phase (y-axis). This is the domain in which the raw

data is received by the RF coil. The centre of k-space relates to the low spatial

frequencies and contains the contrast information of the image, while the high

spatial frequencies at the edge of k-space contain the finer details of the image. To

convert this k-space data into an image, a Fourier transform is used, which allows

reconstruction of the k-space information into the final image.
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2.3.3 Diffusion-weighted MRI

dMRI measures the direction and magnitude of diffusion by assessing the net loss of

phase coherence in diffusing molecules (water protons in the heart) in the presence

of spatially-varying field gradients. Since diffusion within tissue is affected by factors

such as the size and shape of the cells, diffusion MRI can be used to non-invasively

infer information about tissue microstructure [56].

The basic in vitro acquisition protocol, the pulse gradient spin echo (PGSE) sequence,

was first described by Stejskal and Tanner [57]. A linear spatial magnetic gradient

is added to the standard spin-echo sequence of two pulses identical except for a

phase difference of 90°, as seen in Figure 2.15.

Figure 2.15: Pulse gradient spin echo (PGSE) diffusion MRI sequence.

This allows the diffusion, D, in the direction of the applied gradient to be es-

timated [58] from:

S = S0 exp(−Db) (2.2)

where S is the signal, S0 is the reference signal and b is the b-value.

The b-value combines the properties of the applied gradient pulse into a single

factor. In the idealised free diffusion state for rectangular pulses, this is given by:
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b = (Gγδ)2(∆− δ

3) (2.3)

where G is the magnetic field gradient strength, ∆ is the separation of the diffusion

pulses, δ is the duration of the gradient pulse, and γ is the gyromagnetic ratio

(for water this is 267.5 rad µs−1 T−1).

A stationary proton will experience the same magnitude (but opposite sign) gradient

strength during the two diffusion-encoding pulses, while a proton which moves will

experience different gradient strengths leading to a dephasing of the population

of protons and a drop in the MRI signal.

This method is referred to as diffusion weighted (DW) imaging and is the simplest

diffusion acquisition method available. It gives a single value in each voxel of the

diffusion in the direction of the applied magnetic field gradient; the interpretation

usually assumes that diffusion is isotropic.

DT MRI

Diffusion within tissue is affected many factors, including the size and shape

of cells, cell membrane permeability and the make-up of the intracellular (IC)

and extracellular (EC) space. Cell membranes are the key to these effects as

they are partially impermeable to water and therefore restrict diffusion through

them; since myocytes are much longer than they are wide, restriction is primarily

perpendicular to the long axis of these cells. Diffusion tensor imaging (DTI) makes

use of this anisotropy of diffusion.

In many applications the assumption of isotropic diffusion is invalid and analysis

of the direction of the diffusion is required [59]. Acquiring MRI images with

diffusion weighting in at least 6 directions allows the diffusion to be represented

by a 3D diffusion tensor (DT) [58]. The methods for fitting the DT to the dMRI

data are discussed in Section 3.2.5. Since diffusion is greatest in the direction of



24 2.3. Diffusion MRI

the cell long axis, the primary eigenvector direction is taken to correspond with

the cell long axis. The secondary and tertiary eigenvectors indicate the sheetlet

structure directions. The eigenvalues quantify the amount of diffusion in each of the

eigenvector directions. From the eigenvalues of this DT, quantitative descriptors of

the diffusion can be calculated, including the mean apparent diffusion coefficient

(ADC, a measure of the magnitude of diffusion) and fractional anisotropy (FA,

a measure of the degree of directionality of diffusion). They are calculated from

the eigenvalues of the DT as follows:

ADC = λ1 + λ2 + λ3

3 (2.4)

FA =
√

3
2

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

λ2
1 + λ2

2 + λ2
3

(2.5)

where λi is the ith eigenvalue and λ̄ is the mean of the eigenvalues.

DSI MRI

The interpretation of the DT assumes that all cells are aligned in the same

direction, which is given by the primary eigenvector. In some circumstances,

this assumption is invalid, for example where there are two or more populations

of fibres at difference angles (crossing fibres). Diffusion spectrum imaging (DSI)

was designed to overcome this problem [60], as the output is a probability density

function (PDF) of diffusion distance.

Many images are acquired, with a range of different b-values, and at different

orientations aligned on a Cartesian grid in a domain known as q-space, where

the magnitude of q is equal to
√
b. A 3D Fourier transform is applied to the

signal attenuation with respect to q-space to produce the PDF of the displacement.
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The dephasing of the protons is proportional to the product of the relative spin

displacement, r, and the gradient wave vector, q:

φ = q.r (2.6)

where q = γδg, with γ the gyromagnetic ratio, δ the diffusion-encoding pulse

length and g the gradient strength, and r = x(∆) − x(0), i.e. the difference in

proton position between the times when the second and first diffusion gradient

pulses are applied.

p∆(r)d3r is a measure of the probability that a proton will move a distance r in

the time ∆. It can be shown that there is a Fourier relationship between the MR

signal, S∆(q), and the density of the average proton displacement in a voxel, p∆(r):

S∆(q) = S0

∫
R3
p∆(r)eiq.rd3r (2.7)

The diffusion spectrum, p∆(r), is ultimately given by:

p∆(r) = S−1
) (2π)−3

∫
R3
|S∆(q)|e−iq.rd3q (2.8)

DSI is sometimes considered to be model-free compared to DTI or multi-compartment

models, since the MRI signal and the PDF are related by a Fourier transform rather

than a particular model of diffusion. However, it is the interpretation of the data

acquired by these methods which is critical to their use: in the case of DSI the

interpretation of the PDF is that it relates to cell orientations.

To ensure an accurate reconstruction of the displacements spectrum, the spectrum

must be sampled at very high b-values so that the signal hits the noise floor to avoid

ringing artefacts from Fourier truncation. This means that the number of images

to be acquired in large and thus the scan time is very long. The number of images
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was originally 515 although versions with a smaller number of acquisitions have

been proposed more recently [59]; the time taken to acquire the images remains

too long for in vivo cardiac studies, and a recent review paper concluded of DSI

that “it is unlikely that this approach will be useful in the heart” [61].

Non-Gaussian models

Free diffusion has a Gaussian profile, while restriction causes the profile to become

non-Gaussian, as shown in Figure 2.11. The DT model assumes Gaussian diffusion,

and therefore a variety of models have been developed, which include the non-

Gaussian behaviour within the model. The following models each introduce one

or more parameters into the basic diffusion equation (Equation 2.2), to allow

quantification of the degree of deviation from a Gaussian distribution of diffusion.

The biexponential model fits the dMRI data to two DTs:

S = S0fslow exp(−Dslowb) + S0ffast exp(−Dfastb) (2.9)

where fslow and ffast are the volume fractions of the slow and fast components

respectively (and sum to 1), Dslow and Dfast are the diffusion coefficients for the

slow and fast components respectively.

The original interpretation of this model was that the fast compartment was the

EC space, where it is expected that water would diffuse more quickly than in the

more viscous IC compartment. However, the volume fractions produced by the

model do not correlate with the known volume fractions of the two compartments

in either the heart or the brain. The parameters calculated by the model for the

brain are very consistent across studies in the literature which suggests that it

represents a true phenomenon [62]. In addition, there are studies that show the

biexponential model fits well to data from the IC space only [63, 64]. This has led

to the theory that the fast compartment represents the bulk water in the tissue,
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while the slow compartment is due to highly structured water trapped in a layer

next to the membranes or next to proteins [65].

The stretched exponential [66] introduces a factor, α, which is effectively a measure

of the deviation from a Gaussian distribution (a lower α indicates more deviation),

and uses a stretch-adjusted diffusion coefficient, Ds:

S = S0 exp(−bαDs) (2.10)

Anomalous diffusion [67] uses the same factor, α, as the stretched exponential

model, but introduces a second factor, β:

S = S0Eβ(−(bD)α) (2.11)

where Eβ is the Mittag-Leffler function:

Eβ(z) =
∞∑
k=0

zk

Γ(1 + βk) (2.12)

and Γ is the gamma function.

Diffusion kurtosis [68] introduces a kurtosis factor, K, in a truncated Taylor expan-

sion:

S = S0 exp(−bDk + 1
6b

2D2
kK) (2.13)

Multi-compartment models

There are many factors which affect diffusion within tissue: several models take

these into account and attempt to give parameters beyond the ADC, FA and cell

direction. Multi-compartment models, which model the cells, the EC space and,
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in some of the models, a third compartment representing other cellular structures,

attempt to fit the dMRI data to this. Panagiotaki et al. [69] compared a large

selection of these models with white matter brain images and found that the three

compartment models outperformed the two compartment ones. There remain

some concerns with these models as some of the parameters which they calculate

(e.g. cell radius) do not match physiological values. To my knowledge, no similar

models have been suggested for the heart.

2.3.4 Diffusion MRI of the heart

Validation

Various studies have compared cardiac diffusion MRI results with histological data,

the current gold standard for analysing microstructure. Hsu et al. [70] compared

dMRI and histological data in canine myocardium and found that the primary

eigenvector of the DT correlates well with the direction of the local myocardial cells

as found in the histology, with a mean error of (−2.3± 1.0)°. Chen et al. [71] found

that the increased fibre disarray found in histology images correlated with higher

angle deviations and inversely correlated with the FA in DTI. Holmes et al. [72]

measured fibre orientations in DT MRI and histology from a rabbit heart and

found that the difference between the two measurements was (3.7± 6.4)°. Scollan

et al. [73] measured the correlation between fibre orientations measured by DTI

and histology in rabbit hearts, and found a mean difference of 12°.

Pop et al. [37] measured fibrosis using DT MRI, late gadolinium MRI and histology in

pig hearts with MI. They found that the ADC from DTI was able to identify fibrosis

in dense scar tissue and the border zones, and to differentiate these areas and the

remote zone. Li et al [74] showed in a study of hamster hearts with cardiomyopathy

that the pixels of the heart with reduced diffusivity and increased FA correlated

with those which showed calcium deposits in computed tomography (CT) imaging.
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Quantifying the microstructure of the normal heart with dMRI

Its ability to measure the information about cardiac microstructure, including cell ori-

entations, makes dMRI a useful tool for increasing understanding of the normal heart.

Chen et al. [75] measured DT MRI in rat hearts in three states: end diastole, early

systole and end systole. The transmural distribution of the helix angles did not

change between end diastole and early systole, but in end systole the cells at the

epi- and endocardium became more longitudinal in orientation. The sheet angle

decreased by 23% in early systole and 44% in late systole, supporting the view that

the sheet structure allows the macrostructural changes seen during the heart cycle.

Hales et al. [10] also investigated differences between contraction states in rat hearts.

They found that there was a decrease in the number of left-handed helical fibres

and an increase in the number of right-handed helical fibres in contracted state

compared with the slack state. The intersection angle between sheets increased

from the slack to contracted state, suggesting that in contracted state, the layers

of tissue are aligned closer to the short-axis of the heart.

Two studies [7, 76] used DTI on ex vivo human hearts to map the myocyte

orientations in the normal heart. Jiang et al. [77] carried out a similar study

in mice hearts. Peyrat et al. [78, 79] used dog hearts to create an atlas of myocyte

orientations which they used to confirm that fibre orientation is more consistent

between subjects than the laminar/sheetlet structure. They also compared the

results to a human heart and found that the fibre orientations are more consistent

between the two species than the laminar structure. They propose that the technique

could be applied to larger sets of data, and different species to better understand

the differences within and between species.
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Measuring changes in disease

dMRI has been used to measure changes due to disease in ex vivo hearts. Schmitt et

al. [80] used DT MRI in normal rat hearts and those with LV hypertrophy induced by

hypertension. The hypertrophic hearts showed increased transverse angles, especially

at the base and apex, and decreased helix angles in the mid-ventricular section.

Li et al. [74] compared DT MRI in normal hamster hearts and those with dilated

cardiomyopathy (DCM), at both six and nine months old. Comparing age-matched

DCM with controls, older DCM with younger DCM, and older controls with younger

controls, the diffusivity (axial, radial and mean) increased and the FA decreased.

Several studies have investigated the effect of MI. In most studies, the infarcted area

showed an increased mean ADC and decreased anisotropy [71, 81], although Strijkers

et al. [82] found the opposite changes. Wu et al. [81] found that the ADC was similar

in the remote and border zones, and the FA was higher in the remote area than the

border zone. Pop et al. [37] used DT MRI to measure fibrosis in pigs with MI. The

ADC in the dense scar area was higher than that in the border zone which was higher

than that in the healthy area. Sosnovik et al. [83] used DSI tractography to analyse

the fibre architecture in MI rats and found the architecture was severely perturbed.

In vivo

In vivo dMRI presents challenges due to cardiac and respiratory motion, the short T2

time of the myocardium, and signal inhomogeneity in the thorax [61]. Nonetheless,

these problems can be overcome to a certain extent to allow in vivo imaging, albeit

with a reduced resolution and SNR.

Edelman et al. [84] were the first to describe dMRI in the heart; they measured

ADC in three directions in vivo in the ventricular septum in healthy subjects and

those with a variety of cardiac pathologies. In vivo DT MRI has been shown to be

reproducible on different days in healthy subjects [85, 86] and those with HCM [87],
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and between centres in healthy subjects [88]. These studies all assessed the mean

ADC, most also measured the FA [86–88] and some also looked at helix angles [86, 87].

The first reconstruction of in vivo human 3D heart fibre structure was performed

by Toussaint et al. in 2010 [89]. They took sparse in vivo DTI slices from a single

healthy volunteer. They first mapped the LV geometry onto a truncated ellipsoid

and then defined the DT components and the spatial locations of these in terms of

a prolate spheroidal system, which they showed gave better results than Cartesian

co-ordinates due to the inherent shape of the LV. The fibre orientations found

matched known ex vivo results well, especially the helix angle.

To overcome the inherent difficulties with in vivo imaging, a variety of sequences

and compensatory strategies have been developed [90]. Spin-echo techniques give

good SNR and short acquisition time [91] but can be very sensitive to cardiac

motion: several studies have produced motion compensation to overcome this [92,

93]. Strain of cardiac tissue can also have a strong influence of DTI results,

especially in the transverse and sheet angles, and must usually therefore be corrected

for for in vivo studies [94].

Several studies have used in vivo dMRI to measure the effects of disease in humans.

In HCM, Tseng et al. [95] found reduced FA and lower helix angles in five subjects

with HCM compared with healthy subjects. Ferreira et al. [96] used DTI to compare

HCM and healthy subjects and found changes in the secondary eigenvector in

diastole. Wu et al. [97] used DT MRI to measure the effects of MI at two time-

points: recent (22± 14 days after infarct) and chronic (213± 59 days after infarct).

The border zone showed increased mean ADC, decreased FA and decreased helix

angle compared with the remote zone. In comparison with the recent measurements,

the chronic results showed decreased mean ADC in both the border and remote zones;

the wall thickness increased in the remote zone and decreased in the border zone.
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2.4 Computational Modelling

Computational models can be used to further understanding of dMRI. One of

their uses is to determine the accuracy of the results of the models which are

used to analyse dMRI data, since it is often hard to acquire a gold standard

from living tissue [98]. Analytical models obtain exact solutions to the diffusion

equations, while numerical models either obtain a numerical solution to the diffusion

equations using the Finite Element Method (FEM) or use a Monte Carlo (MC)

approach. Analytical models can only be found for simple geometries such as

cylinder and spheres and their use in modelling biological tissue therefore requires

marked simplification of the true structure [98]. The MC method allows more

complexity and the investigation of more subtle questions [98], for example how

the interaction of molecules with boundaries affects the results [62]. The validity of

the MC approach has been proven by comparing to analytical data for diffusion

between planes [99–102], in spheres [99, 100] and in cylinders [100, 103]. The

models must be representative of the tissue which they are simulating [98] and

therefore the choice of parameters is very important.

MC models have been used to assess changes due to disease in the spinal cord [104],

the brain [98, 103, 105], the lungs [106, 107] and the heart [108, 109]. In one of

the first MC models, Lipinski [105] modelled 2D swelling of cells in the brain. The

input to their model was histological images which they thresholded to give IC and

EC space; they then dilated or eroded the images to simulate swelling or shrinkage.

They used their model to assess the tortuosity of the EC diffusion, where the square

of the tortuosity is the ratio of the mean square diffusion distance in free diffusion to

the mean square distance in the restricted diffusion. They found that as the swelling

increased, the tortuosity increased, and that the model matched experimental data

from intact brain tissue for a volume fraction of 20%, and for free diffusion.

Hall and Alexander [98] created an MC simulation of brain white matter. Im-

mediately following a stroke, the ADC is decreased, and they used their model
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to test whether cell swelling could account for this. The cells were modelled as

parallel cylinders, and as the swelling is increased, cylinders which would overlap

are deformed. As the swelling increases, the ADC decreased due to the increased

restriction in the extracellular space. The simulated decrease in ADC is faster

than the analytical model which used a tortuosity approximation for the EC space

and could not take the abutting of the cylinders into account. They also looked

at the optimal parameter choice to balance accuracy against computational time,

which is discussed further in Section 3.5.

Yeh et al. [110] developed an MC model of the brain with the aim of using it to link

dMRI results to the underlying biological tissue structure. Surfaces were created

in 3D from a triangular mesh which allowed any geometry to be created. They

demonstrated that their model was able to reproduce simulated results from the

literature regarding cylinder diameter estimation in parallel impermeable cylinders.

They also modelled swelling in spherical cells to confirm that cell swelling leads

to a decrease in mean ADC as found in acute ischaemic stroke.

Lin at al. [103] also modelled white matter as parallel cylinders, in this case in a

three compartment model consisting of an axon, glial cells and EC space. They

modelled the effects of traumatic brain injury (TBI). The four effects of TBI which

they simulated were: axonal injury (which decreases the diffusivity in axons),

vasogenic oedema (which decreases axon separation), cytotoxic oedema (swelling

of glial cells, which increases the volume fraction of glial cells) and demyellination

(which increases the permeability of the myelin sheath). The DT MRI outcomes

which they assessed were mean diffusivity (MD, also known as mean ADC), FA,

radial diffusivity and axial diffusivity. Each of the four TBI effects had a different

set of effects on the four outcomes, suggesting that the overall effect when more

than one of the TBI effects is present could be small or even negligible as they

cancel each other out. They also looked at the optimal number of molecules and

number of timesteps, which is discussed further in Section 3.5.
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Ford and Hackney [104] modelled the spinal cord as permeable cylinders. They

simulated two effects of spinal cord injury: axonal swelling which increases the

size and volume fraction of axons, and decreased membrane permeability. Their

previous experimental data showed that in spinal cord injury in rats, diffusion

parallel to the long axis of the neurons is decreased, and diffusion perpendicular to

the long axis is increased. Their MC simulations showed the same results.

Plotkowiak et al. [106] modelled the diffusion of hyperpolarised helium in the lung

to understand the effect of chronic obstructive pulmonary disease on the dMRI

measured. They showed that it was possible to simulate data which matched

clinical findings and therefore that computational models could be useful in further

increasing understanding of differences between healthy and diseased tissue. Also

in the lung, Sukstanskii and Yablonskiy [107] modelled diffusion in the lungs with

and without mild emphysema and found higher signal attenuation in the diseased

state, indicating more diffusion due to less restriction.

In the only MC model of cardiac dMRI that, to my knowledge, has been published,

Wang et al. [108] firstly created an MC model of parallel myocytes using hexagonal

cross-sections. They investigated the effect of the ratio of water content in the IC

and EC space. As the ratio of IC to EC water increased, the FA increased. They also

used their model to investigate the effect of permeable cell membranes and found

that as the permeability increased, the FA decreased. In their follow-up paper [109],

they modelled myocytes as cylinders. They distributed 8000 myocytes in different

orientations in a cube with sides 2mm and only placed molecules in the IC space,

since the volume fraction of cells was considerably lower than the physiological

value (c. 3%). For equal sized cylinders arranged in a regular pattern to mimic the

sheet arrangements, they investigated the accuracy of the fibre direction measured

using different numbers of myocytes per voxel. For a single myocyte in a voxel,

the error in the fibre angle measurement was never more than 25°, but when the

number of myocytes per voxel was increased to eight or 64, the error could be up

to 90°. They also found that the number of myocytes per voxel influenced the
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effect of the signal-to-noise ratio (SNR). For a poor SNR, eight myocytes gave more

accurate results, while for a better SNR, one myocyte was more accurate. They then

expanded this model to the whole heart for different stages of the cardiac cycle [111].

The alternative numerical modelling approach to MC is FEM. This is a deterministic

approach where the model volume is divided up into a spatial grid and the

magnetisation at each node updated at each time step by calculating the probability

that protons will move to adjacent nodes. The computational time is dependent on

the timestep and spatial resolution, and these must be carefully chosen to ensure

model stability [112]. The FEM model does not allow the path of individual protons

to be analysed [113]. Chin et al. [114] used FEM modelling to investigate the

biexponential model in rat spinal cord, and confirmed that the volume fractions

for IC and EC compartments are not correct, but that the multi-compartment

behaviour is due to restriction and exchange between the compartments. Recently,

Nguyen et al. [85] and Beltrachini et al. [115] have furthered FEM modelling by

producing frameworks for solving the Bloch-Torrey equation of diffusion.

2.5 Summary

The normal structure of the heart is essential for its healthy function; remodelling of

the microstructure in disease can affect this function. dMRI offers the potential to

detect and quantify pathological remodelling. However, for this to be a useful tool,

the relationship between microstructural changes and the dMRI signal needs to

be better understood. Computational modelling offers an efficient, controlled

way to do this.
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3
The model: development and sensitivity

analysis

In this chapter, I present a new Monte Carlo (MC) model of diffusion MRI (dMRI)

in cardiac microstructure. I explain the rationale behind the chosen modelling

method and the justification of the model parameters. I carry out a sensitivity

analysis of the relative importance of the model parameters which shows that the

diffusivity has the greatest effect on the model outcomes.

I presented the model and an earlier version of the sensitivity analysis at the

Functional Imaging and Modelling of the Heart (FIMH) conference in Maastricht

in June 2015 and this was published in Lecture Notes in Computer Science [116].

This sensitivity analysis forms part of a journal article which I submitted to the

IEEE Transactions in Medical Imaging, where it is currently under review.

3.1 Background

Given the relatively limited understanding of the relationship between cardiac tissue

microstructure and dMRI measurements, a model of cardiac tissue to simulate

37
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dMRI measurements would be a useful tool. It will allow the investigation of the

relationship between changes in the microstructure and the dMRI measurements

these produce. It will ultimately facilitate investigation of the effect of pathological

changes in cardiac microstructure on the dMRI signal. As Lin at al. [103] found

in their study of traumatic brain injury, the different microstructural changes due

to disease can have opposing effects on the dMRI outputs. The understanding of

these changes could inform the choice of measurements and sequence parameters in

clinical imaging to optimise the detection of changes due to disease.

3.2 Overview of the model

The model consists of five steps as shown in Figure 3.1. The details of each

step are described below.

Figure 3.1: Overview of the model.
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3.2.1 Step 1: creating the model geometry

Custom-written Matlab (MathWorks, USA) code is used to create the model

geometry. The corners of each cell are calculated, according to cell size, orientation

and volume fraction, and this used to generate the input text file for Smoldyn. Each

cell is created from 12 triangles (two for each surface). The model is described

in more detail in Section 3.4.

3.2.2 Step 2: simulating the diffusion

Analytical models obtain exact solutions to the diffusion equations, while numerical

models either obtain a numerical solution to the diffusion equations or use an MC

approach. MC modelling allows the simulation of set-ups for which there are no

analytical solutions and therefore allows more complexity and the investigation

of more subtle questions [98], for example how the interaction of molecules with

boundaries affects the results [62]. Analytical solutions to the diffusion equations

have only been found for relatively simple structures such as for diffusion between

parallel plates [99, 117, 118], in a cylinder [117–119] and in a sphere [99, 117, 118].

To simulate diffusion in heart tissue, I needed a software tool which would be able to

accurately model the 3D diffusion of large numbers of molecules within potentially

complex geometries. Although the initial model was likely to be fairly simple, the

method needed to be able to accommodate the intended extensions to the work,

including more complex geometries, permeable membranes and advanced diffusivity

(compartment-dependent or non-isotropic, for example).

I found three programs which met some or all of these criteria.

• Smoldyn [120] is a program developed by Dr Stephen Andrews at the Fred

Hutchinson Cancer Research Centre (Seattle) that models stochastic chemical

reactions within a defined geometry; diffusion is a large part of this. The
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geometry can be defined from built-in shapes or a mesh, allowing very complex

geometries to be used. Boundaries can be reflective or semi-permeable. The

diffusivity of molecules can be anisotropic and can be dependent on their

location.

• Camino [121] was developed by Professor Daniel Alexander’s group at

University College London, primarily for neurological applications. It has

several sections, most of which allow different analyses of experimental dMRI

data, but there is also a section which allows MC simulation of dMRI for

different substrates (geometries of cell arrangements) [98]. There are some

inbuilt geometries focussed on the brain, such as parallel cylinders, while

complex geometries can be imported using meshes. As well as modelling the

diffusion, it calculates the MRI signal and the diffusion tensor (DT) or other

models. Surfaces can be permeable, but diffusivity can only be a single value.

• Diffusion Microscopist Simulator [110] is an MC model of dMRI in the

brain developed by Professor Cyril Poupon’s group at NeuroSpin, France.

Surfaces are created in 3D from a triangular mesh which allows any geometry

to be created. It also allows permeable membranes, polar membranes and a

variety of MRI sequences, but has not yet been released for public use.

The alternative to using an existing program was to write a program myself.

However, since Smoldyn met all my criteria (arbitrary geometries, ability to alter all

parameters including permeability and diffusivity), I chose to use this to model the

diffusion. Smoldyn does not calculate the MRI signal and DT, but writing my own

code for this part enabled me to have complete freedom to specify the sequence and

is not therefore a limitation. The drawback of Smoldyn is its speed when modelling

large geometries and many molecules. This is discussed further in Section 3.3.



3. The model: development and sensitivity analysis 41

The basics of Smoldyn

Surfaces can be defined using built-in shapes (triangles, rectangles, cylinders,

spheres, discs and hemispheres), or by using a mesh. Compartments can be

defined, if required, from one or more surfaces, and can be useful when molecules

are only required in certain parts of the simulation volume, or where the molecular

properties differ between volumes.

Molecules can be placed randomly and uniformly across the whole volume or within

certain compartments, or be placed at a defined point. Molecules have a diffusivity

which determines the distance moved in each timestep. The x, y and z components

of each molecule’s displacement are drawn from a Gaussian distribution with a

mean of zero and a standard deviation equal to the 1D diffusion distance,
√

(2D∆t)

where D is the diffusivity and ∆t is the timestep. This gives a random direction for

each molecule’s displacement and a mean displacement equal to the 3D diffusion

distance,
√

(6D∆t). Anisotropic diffusivity can also be defined using a tensor.

Molecules can reflect off, transmit through or stick to surfaces when they collide

with them, and the rate of these can be defined. If a molecule collides with more

than one surface during a timestep, it will interact with each of them.

If the surfaces are set to have non-zero permeability there is a possibility, depending

on the parameters chosen, that the system could become unstable. It is possible

that there will be a flow of molecules from one compartment to another and the

resultant density of molecules will become uneven. If such a set-up is chosen the

output in terms of the molecules’ position and density would need to be carefully

monitored to ensure that the system is stable.

If different properties, for example diffusivity, are required in different compartments

of the model and the boundaries between these compartments are permeable,

the molecule will need to change ‘species’ as it passes through the boundary to

acquire the different properties.
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There are different options regarding the outer edges of the model volume. Although

one of the first things to set in Smoldyn are the simulation boundaries, it will actually

allow molecules to diffuse beyond these boundaries and continue to record their

position, although this will slow down the simulations. The boundaries exist for

efficient simulation and to scale the graphical output. In theory, the boundaries can

be of different types, but the Smoldyn developers advise that if any other surfaces

exist in the model then the boundaries become transparent and it is therefore a

good idea to create surfaces coincident with the boundary to contain the molecules.

There are then two options: the molecules can be absorbed by the surface and

therefore exit the simulation or they can reflect off the surface and thus remain in

the simulation. I chose to have reflecting surfaces so that the number of molecules

in the system remained constant as I felt that this would allow me a better ability

to check that the system was behaving as required.

There is no pre-defined system of units in Smoldyn, it is up to the user to choose a

unit system and keep to it. I chose micrometres (µm) and milliseconds (ms), since

these are the distances and total time scales that the model works in.

The input into Smoldyn is a text file defining the surfaces, compartments and

molecules, and their properties. The chosen output is a text file containing the

position at each time step of every molecule. An example of an input text file

is shown on the next page.
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dim 3 #3 dimensional#
#set the 3 boundaries of the simulation volume#

boundaries 0 0 600
boundaries 1 0 600
boundaries 2 0 600
species species_one #names of molecule species#
max_mol 100000 #max no of molecules in sim#
difc all 1.3 #diffusivity of molecules#
color all 1 0 0 #colour of molecules#
display_size all 1 #display size of molecules#

#define start, stop and step times#
time_start 0
time_stop 16
time_step 0.002

#create reflective surfaces coincident with the boundaries#
#to stop molecules escaping the system#

start_surface walls
action both all reflect
color both 0 0 0
polygon both edge
panel rect +0 0 0 0 600 600
panel rect -0 600 0 0 600 600
panel rect +1 0 0 0 600 600
panel rect -1 0 600 0 600 600
panel rect +2 0 0 0 600 600
panel rect -2 0 0 600 600 600
end_surface

#create a closed cylinder surface from a cylinder and 2 discs#
start_surface surface_one
action all both reflect
color both purple 0.5

#cylinder defined by ends of long axis and radius#
panel cyl 300 300 50 300 300 550 5.000000e-01 20 20

#disk defined by centre, radius and normal to surface#
panel disk 300 300 50 5.000000e-01 0 0 1 20
panel disk 300 300 550 5.000000e-01 0 0 -1 20
end_surface

#create a compartment from the surface defined above#
start_compartment compartment_one
surface surface_one
point 300 300 300 #a point within the cylinder#
end_compartment

#put some molecules of species_one in the compartment#
compartment_mol 100000 species_one compartment_one

#output the molecules positions to file trajs1.txt#
output_files trajs1.txt
cmd n 1 listmols3 one trajs1.txt
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Diffusion simulation approaches

In the dMRI modelling literature, there are different approaches to simulating

diffusion, relating to the collision of molecules with surfaces, and the direction and

distance that the molecules move in each timestep.

If a molecule is calculated to collide with a surface during a timestep, then rather

than calculating its position according to an elastic collision with the boundary [98,

103, 108], some authors choose to keep the molecule in its original position [104,

106, 107] as this saves computational time and has been claimed not to significantly

affect the results [107]. Smoldyn assumes elastic collisions with any boundaries

with which a molecule collides.

Most studies, including Smoldyn, move the molecules in a random direction at each

timestep [98, 103, 106, 108], but some studies use the simplification of only allowing

the molecules to move in certain directions, Lipinski [105] models 2D diffusion

and only allows molecules to move in four orthogonal directions and Sukstanskii

and Yablonskiy [107] allow eight possible directions in 3D ([±1 ± 1 ± 1]). The

reduced possible number of directions will increase the speed of simulations but

decrease the accuracy of the results.

Almost all studies use a fixed step length, although Liu et al. [122] used Gaussian

step lengths, and Wang et al. [108] also investigated using a Gaussian distribution

of step lengths, but found the fixed step length gave better results for diffusion

between two parallel plates. In Smoldyn, a Gaussian distribution of step lengths

is used. For isotropic free diffusion they showed that the mean position was close

to zero, with the fluctuations within theoretical predictions.

Modelling diffusion is only a part of Smoldyn’s purpose, and it therefore tends to

use the more complex assumptions than some studies which are purely simulating

diffusion, which may require increased computational time.
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3.2.3 Step 3: converting the diffusion files

Once the Smoldyn simulation has run, the text file is imported into Matlab and

converted into a Matlab matrix of size M × T × 3 where M is the number of

molecules, T is the number of timesteps and the 3 is for the x, y and z components

of the positions. Only those molecules which finish inside the voxel are kept as

these are the ones used in the next step.

3.2.4 Step 4: calculating the diffusion MRI signal

As originally described by Balinov et al. [99] for molecules diffusing in a gradient field,

the total phase shift, Ψ, for each molecule is a function of the sum of the gradient

strength that it experiences over every time step, j, and can be calculated as:

Ψ =
T∑
j=0

Ψj =
T∑
j=0

γ〈G(tj), r(tj)〉δt (3.1)

where T is the total number of timesteps, G(tj) is the magnetic field gradient at

timestep j, r(tj) is the molecule position at timestep j and γ is the gyromagnetic

ratio (267.5 rad µs−1 T−1 for protons). The MRI sequence modelled was the standard

Stejskal-Tanner sequence [57], with rectangular diffusion gradient pulses assumed.

For experimental data cross terms between the diffusion and imaging gradients,

and non-zero ramp times also contribute to the phase shift, but I did not include

these in the simulated sequence.

The MRI signal, S/S0, for all M molecules is then:

S

S0
= 1
M

M∑
i=1

cos(Ψ) (3.2)
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This method assumes that the distribution of the phases is symmetrical about zero,

which eliminates the sine of the phase shift in the calculation of the MRI signal,

since this will be symmetrical around zero and hence sum to zero.

This method is widely used for dMRI simulation including in the brain [98, 103],

the lungs [106] and the heart [108, 109].

I implemented this method by calculating the position of each molecule in the

direction of each gradient. The total phase shift is the difference between the

total gradient strength experienced by each molecule in the first pulse less the

total experienced in the second pulse.

The gradient directions for all the simulation studies in this thesis are from Dr

Emmanuel Caruyer’s website [123], with a single shell and the points per shell

distributed by a q0 rule.

3.2.5 Step 5: calculating the diffusion tensor

The total phase shift and the MRI signal are calculated for each gradient direction

and then the diffusion tensor is calculated as it would be for experimental data,

from the equations below. There are two main ways of fitting the MRI data

to a diffusion tensor [124].

The first method, the H-matrix method, puts the tensor elements in a six-element

vector as follows:

Y = Hd (3.3)

where Y (size M×1, where M is the number of DW images) contains the image

and acquisition data, H (size M×6) the gradient direction data, and d (size

6×1) is the calculated diffusion data which leads to the DT. The components
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of Y are calculated from:

Yi = ln (S0/Si)
bi

(3.4)

where S0 = reference image, Si = ith image, bi = ith b-value. The b-value is

calculated from:

b = (Gγδ)2(∆− δ

3) (3.5)

where G is the magnetic field gradient strength and γ is the gyromagnetic ratio (for

water this is 267.5 rad µs−1 T−1). The components of H are calculated from:

H =
[
HT

1 HT
2 . . . HT

M

]
(3.6)

Hi =
[
g2
xi g2

yi g2
zi 2gxigyi 2gxigzi 2gyigzi

]
(3.7)

where gxi, gyi and gzi are respectively the x, y and z direction components of the

gradient direction for the ith image. The resultant d matrix is:

d =
[
Dxx Dyy Dzz Dxy Dxz Dyz

]T
(3.8)

where Dxx etc. are the elements of the symmetric diffusion tensor.

The second method, the B-matrix method, includes the logarithm of the reference

signal intensity along with the six diffusion tensor elements in a seven-element

vector as follows:

x = Bα (3.9)

where x (size N×1, where N is the number of images, including the b0 ones) contains

the image data, B (size N×7) the diffusion weighting and gradient direction data

and α (size 7×1) is the calculated diffusion data which leads to the DT, and

are formed as follows:

x =
[

lnS1 lnS2 ... lnSN
]T

(3.10)
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α =
[
Dxx Dyy Dzz Dxy Dxz Dyz lnS0

]T
(3.11)

Bi =
[
−bxxi −byyi −bzzi −bxyi −bxzi −byzi 1

]
(3.12)

where bxxi is the xx element of the diffusion weighting b-matrix for the ith image.

These are combined to give the full B matrix:

B =
[
B1 B2 ... BN

]T
(3.13)

In experimental data, the b-matrix includes cross-terms from the imaging gradients,

while in simulated data the b-matrix can be calculated from the b-values and

the gradient directions.

When there are only six gradient directions, there is an exact solution and therefore

the two methods will give identical results. With more than six directions, there

can be small differences between the two methods. The B-matrix method allows

multiple unweighted “b0” images to be used in the calculations without needing to

average them [124]. In addition to the two methods, there are different ways to fit

the data: linear fitting fits the tensor in the log domain, while nonlinear fitting fits

the tensor in the signal domain. The nonlinear method can be better when there

are high b-values or when the signal-to-noise ratio (SNR) is low. The SNR was

very good for all my data so this was not required. I found that for the simulated

data the nonlinear method caused discontinuities in the results at high b-values,

due to it tending to fit the many very small signals to zero. For all analyses of both

experimental and simulated data, I therefore used the B-matrix with linear fitting.

From the DT, there are two common measures of diffusivity that can be calculated.

The mean apparent diffusion coefficient (ADC) is a measure of the overall amount

of diffusivity, while the fractional anisotropy (FA) is a measure of the directionality

of the diffusion [56]. These are calculated from Equations 2.4 and 2.5.
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3.3 Computational time and practicalities

Smoldyn becomes very slow or fails if the number of molecules is too large, and

so I ran the model multiple times and combined the molecules to give the overall

results. The molecules do not interact with each other so this does not affect the

results. There is a maximum text file size which can be imported into Matlab of

around 6GB, and therefore the molecules within each Smoldyn simulation were

divided into several files. The number of molecules per file, and files per simulation

depend on the volume and total length of time to be modelled.

All stages of the model simulation could be run on my desktop PC. To allow many

simulations to be run simultaneously, I ran most of the simulations through the

Advanced Research Computing centre at the University of Oxford. This did not

speed up individual simulations but did allow many to be run simultaneously and

provided a large storage space for the text files which are the output from Smoldyn.

Example computational times for a simulation volume of 400× 400× 400µm for a

total simulation time of 44ms are shown in Table 3.1.

Table 3.1: Computational time for a 400 µm simulation volume with 6.4× 106 molecules
and 2.2× 104 timesteps.

stage program time per file total time notes

1: create model Matlab 5 s 5 s once only
2: simulate diffusion Smoldyn 3.5 h 180 h 50 simulations
3: import/convert files Matlab 7min 100 h 16x50 files
4: calculate MRI signal Matlab 1.7min 22 h 16x50 files
5: calculate DT Matlab 5 s 5 s for every b-value

Suggested methods to improve the computational time are discussed in Chapter 8.
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3.4 The model and its parameters

The model is of a simplified volume of left ventricular (LV) myocardium as

shown in Figure 3.2.

Figure 3.2: Model geometry. (a) Cells are cuboids. (b) Cells are arranged in layers. (c) The
central volume (marked in turquoise) is analysed. (d) Each layer is angled to the next layer. (e)
Molecules (black) are randomly distributed across the whole model volume. (f) Confocal image of
cardiomyocytes in long and cross section from Bensley et al. [125] (CC BY 4.0) (g) Fibre angles
from Zhukov et al. [4] cO IEEE

Figure 3.2a: Cells are modelled as cuboids with a defined length (L), cross-sectional

area (CSA) and aspect ratio of the cross-section (AR, thickness/width). Figure 3.2f

shows confocal images of myocytes along the long and short axes. The long axis view

shows that cells are approximately rectangular in shape, while the short axis views



3. The model: development and sensitivity analysis 51

show variable cross-sections. The literature on myocyte cross-section reports that

there is a difference in the thickness and width [44, 126] but there is little discussion

on shape. Myocytes are sometimes modelled as cylinders [108], but given the known

difference in width and thickness of the cross-section, an ellipsoid or rectangle allows

this difference to be incorporated into the model. I chose a rectangle over an ellipsoid

from histology images it appears to be a better approximation, it is a simpler shape

to model in Smoldyn, and allows the reported volume fraction of cells to be achieved.

Figure 3.2b: The model consists of layers of cells. A large layer of cells is firstly

created and then only cells which are completely within the model boundary are

kept to avoid modelling parts of cells, leading to the shape seen here. Cells within

each layer are parallel to each other, as this corresponds with histology or confocal

images such as that seen in Figure 3.2f and also allows a high volume fraction of

cells to be achieved. The gaps between cells within and between layers is equal and

is chosen to give the desired volume fraction (VF) of cells, that is, the proportion

of the tissue made up of myocytes. It is possible that the gaps between layers or

between sheetlets are larger than those between adjacent cells, however, I found no

quantitative evidence for this in the literature and therefore kept the gaps equal.

Figure 3.2c: A single cubic voxel is analysed, shown in turquoise. To avoid boundary

effects a cube with sides 200 µm larger than the required voxel is modelled, shown

in pink. The boundary size was chosen to ensure that any molecule which reaches

the outer boundary and is reflected back does not finish in the voxel and therefore

does not contribute to the MRI signal.

Figure 3.2d: Each layer of cells is rotated compared to its adjacent layers to mimic

the helix angle. The helix angle (that between the cell long-axis projected onto

a plane parallel to the epicardium, and the radial-circumferential plane [10], as

discussed in Section 2.1.1) varies linearly across the voxel at a rate (ANG) based

on the ratio between the range of helix angles found across the myocardium and

typical LV wall thickness (see Table 3.2). The LV wall thickness in the literature



52 3.4. The model and its parameters

ranged from 1.73mm to 2.67mm [75, 127, 128], and the total helix angle range

varied from 130° to 180° [10, 71, 129]. Each layer is parallel to the epicardium and

endocardium, that is, transverse angles (those between the circumferential axis and

the projection of the cell long-axis onto the radial-circumferential plane [10]) were

set to 0°. Transverse angles have a much smaller variation across the myocardium

than helix angles [71] and therefore the change within a single voxel will only be

small. By eliminating transverse angles, the model is effectively reduced to a 2D

problem since each layer is parallel to the next which makes achieving the desired

set-up and volume fraction of myocytes much simpler. This is something which I

may want to introduce at a later stage, this is discussed further in Sections 8.1.

Figure 3.2e: Molecules are randomly distributed across the simulation volume; at

each time step each molecule moves in a random direction with a step length normally

distributed about a mean which is proportional to the diffusivity. If a molecule

reaches any boundaries, it reflects elastically off those boundaries. Collisions between

molecules are not modelled. Only molecules which finished in the voxel were used

to calculate the MRI signal. The diffusivity is assumed to be isotropic, and to be

the same in the intra- and extra-cellular space. The restrictions to diffusion from

surfaces other than the cell membranes were not modelled explicitly, but assumed

to be incorporated in the diffusivity, which is lower than the self-diffusivity of water.

Further investigation about the diffusivity in the extracellular space was performed

at a later stage in the project and is detailed in Section 5.2.

I carried out an extensive literature review, aiming at finding the range of published

values for each of the model parameters. The results are shown in Table 3.2,

and reveal a wide range of parameter values. Table 3.5 shows the minimum and

maximum values for the sensitivity analysis in Section 3.6.

The wide range of values is due to both inherent variability, and differences in sample

preparation and measurement technique. Studies have shown myocyte length and
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CSA are dependent on gender [130, 131] and location [132, 133]; LV wall thickness

depends on rat strain [128], location [127] and contraction state [75].

Table 3.2: Summary of rat heart parameters found in the literature.

parameter value reference notes

myocyte length
(µm)

94.0± 4.8 Bishop[134]
141.9± 14.9 Satoh[126]
100–131 Gerdes[132] location dependent
113/127 Campbell[130] female/male
135± 5 Chen[131]

myocyte
cross-sectional
area (µm2)

100.0± 3.2 Yeves[135]
220± 25 Chen[131] female
283± 31 male
140–244 Gerdes[132]
214–257± 25 Campbell[133]
161-327 Campbell[130]

myocyte aspect
ratio
(depth:width)

0.41 Satoh[126]
0.40–0.67 Kohl[136]
0.79 Gerdes[44]

diffusion
coefficient of
water in
myocardium
(10−3 mm2 s−1)

0.83± 0.05 Cooper[137] 25 ◦C
1.8± 0.4 Garrido[138] parallel to surface, 37 ◦C
2.5± 0.5 perp. to surface
0.55 Safford[139] cat, 37 ◦C
1.0/2.5 Seland[140] intra/extra cellular, 37 ◦C
1.2/3.0 Seland[141] intra/extra cellular, 37 ◦C

volume fraction
myocytes (%)

85.17± 1.02 Anversa[142] LV
78.3± 0.6 Rossi[143]

LV wall thickness
(mm)

1.85± 0.33 Kromen[127] anterior LV segment
1.73± 0.25 lateral LV segment
2.3± 0.2 Chen[75] diastole
3.5± 0.1 systole
2.67± 0.05 McAdams[128] Sprague-Dewley rats
2.38± 0.04 Lewis rats

helix angles (°)
c.70 to −60 Chen[71]
c.80 to −80 Benoist[129]
c.90 to −90 Hales[10]
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3.4.1 Diffusivity

The diffusivity value which is needed for the model is the ‘hindered’ diffusivity, which

takes into account the effect of intracellular barriers, rather than the ‘restricted’

diffusivity, which also takes the effect of cell membranes into account. The self-

diffusivity of water is 2.0× 10−3 mm2 s−1 at 20 ◦C, 2.3× 10−3 mm2 s−1 at 25 ◦C and

3.0× 10−3 mm2 s−1 at 37 ◦C [144]. Both the hindered and restricted diffusivity are

lower than the self-diffusivity, with the restricted diffusivity lower than the hindered

diffusivity due to the added effect of the cell membranes. The model is of ex vivo

cardiac tissue and therefore to correspond with experimental data, which is typically

carried out at room temperature, room temperature diffusivity should be used.

Most measurements of diffusivity in the literature are of the ADC from diffusion MRI

and are therefore measures of restricted diffusivity. However, diffusion time will affect

the amount of restriction measured and therefore ADC measured at a very short

diffusion time will approximate the hindered diffusivity [145]. To allow comparison

of diffusivity values made at different temperatures, it is useful to normalise the

values to the self-diffusivity of water at that temperature (Dnorm). Garrido et

al. [138] measured ADC in rat hearts using diffusion-weighted (DW) imaging at

37 ◦C for a diffusion time of 7ms, which is quite short and so will approximate

hindered diffusion (Dnorm 0.6 to 0.8). Safford at al.’s [139] measurements of cat

myocardium used an Ussing diffusion cell and gave a Dnorm of 0.25. Cooper et

al. [137] used pulse gradient spin echo (PGSE) nuclear magnetic resonance (NMR)

with a range of diffusion times to measure rat myocardium and found Dnorm

of 0.36. Seland et al. [140, 141] measured ADC in rat hearts at 37 ◦C to give

Dnorm of 0.3 to 1.0. The overall range of Dnorm is from 0.25 to 1.0, which for a

room temperature of 25 ◦C gives a diffusivity of 0.6× 10−3 to 2.3× 10−3 mm2 s−1.

Diffusivity is discussed in more detail in Chapter 5.
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3.5 Optimising the simulation parameters

There are two parameters which affect the accuracy, repeatability and speed of the

simulations: the number of molecules and the length of the timestep. Increasing the

number of molecules or decreasing the timestep increases the time taken to simulate

the diffusion, as well as increasing the time for the files to be converted and the

simulated MRI signal to be calculated. It is therefore desirable to minimise the

number of molecules and number of timesteps. However, this must not compromise

the accuracy and repeatability of the simulated data. If the number of molecules is

too small, then the Gaussian approximation of the phase distribution will not hold

in equation 3.2 which will affect the MRI signal simulated. In addition, if there

are too few molecules then the stochastic effects will produce results which are too

variable. If the timestep is too long then the stochastic effect of the step length will

produce variable results. In the extreme case of a single timestep, each molecule

will travel only in a single direction, except for where it collides with boundaries

which effectively eliminates the modelling of Brownian motion.

Previous work has investigated the optimum number of molecules and timesteps.

Hall and Alexander [98] modelled neuronal axons as cylinders of diameter 2 µm

and investigated the effect of changing the number of molecules and the number

of timesteps in their model. Increasing the number of molecules decreased the

variability in the results, and for a fixed ‘complexity’ (number of molecules ×

number of timesteps), the error was minimised at 1× 105 molecules and 1× 103

timesteps. This corresponds to a timestep of 100 µs and a molecular density

of 2× 109 molecules/mm3.

Lin et al. [103] also modelled an axon as a cylinder of diameter 2 µm and investigated

the effect of changing the number of molecules and the number of timesteps,

comparing the results to the analytical solution. They used a relative step length

of 2% to 14% of the cylinder diameter, and numbers of molecules from 1× 102

to 1× 105. The deviation from the analytical solution decreased as the number
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of molecules increased, but the step length had little effect. In their analysis of a

more complex geometry, they used 1× 106 molecules and a relative step length of

10%, which equates to a timestep of 3.3 µs. They do not state the volume which

they analyse and therefore the density of molecules is unknown.

It is interesting to note that although they are modelling very similar geometries, the

optimal timestep chosen differs greatly between these two studies. Lin et al. [103]

found the timestep has no effect on the results but they used short timesteps in

comparison to the Hall and Alexander study [98]. The density of molecules is likely

to be similar as Hall uses 100 cylinders and 1× 108 molecules and Lin uses one

cylinder and 1× 106 molecules, although the length of the cylinder in the second one

is unknown and there are some differences in their modelling methods. Both studies

assume that there is no restriction to diffusion along the long axis of the cylinders.

The size of the step length varies considerably between studies, from 2% of the

diameter of the cylinder modelled [104], to 55% of the diameter [98], other values

used were 3% [105], 9% [106], 10% [103], and 17% [107], .

To assess the number of molecules and step length required to give accurate and

repeatable results, I varied these parameters first for free diffusion, and then

for a long thin cylinder.

3.5.1 Free diffusion

For free diffusion, the diffusion, and therefore the MRI signal, should be the same

in all directions, within the limits of stochasticity. The expected MRI signal

is calculated from:

S = S0 exp(−Db) (3.14)
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where S is the signal, S0 is the reference signal, D is the diffusivity, and b

is the b-value.

The accuracy of the simulation can therefore be assessed by comparing the simulated

MRI signals to this value. The repeatability can be assessed from the variability

of the MRI signal in the different directions.

In a volume of 300× 300× 300 µm, molecules were randomly and uniformly dis-

tributed across the model volume, and Smoldyn was used to simulate the diffusion

of these molecules. Firstly, I changed the number of molecules while keeping the

timestep constant at 100 µs. Secondly, for a constant number of molecules of 1× 106,

I simulated diffusion for different timesteps. I calculated the MRI signal from the

central 100× 100× 100 µm for the parameters shown in Table 3.3.

Table 3.3: Free diffusion optimisation parameters

parameter value

b-value (smm−2) 1127 and 3985
diffusion interval, ∆ (ms) 8 and 12
diffusion pulse duration, δ (ms) 3
gradient strength (Tm−1) 0.5 and 1.0
diffusivity (mm2 s−1) 1.3× 10−3

number of molecules in 100 µm voxel 1× 103, 1× 104, 1× 105 and 1× 106

density of molecules (mm−3) 1× 106, 1× 107, 1× 108 and 1× 109

timestep (µs) 100, 50, 20, 10 and 5
number of gradient directions 30

The results of the effect of the number of molecules can be seen in Figure 3.3 and

the effect of the timestep can be seen in Figure 3.4.

When the number of molecules is low the MRI signals have a high variability, even

taking negative values when the b-value is high (3985 smm−2). As the number of

molecules increases, the MRI signals become less variable and all the signals are

positive. The mean MRI signal is smaller than the analytical answer for all numbers

of molecules for a b-value of 1127 smm−2, but close to the analytical answer for
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Figure 3.3: Effect of number of molecules on free diffusion MRI signals for b-value of
1127 smm−2 (top) and 3985 smm−2 (bottom).

a b-value of 3985 smm−2. The MRI signal for a b-value of 1127 smm−2 does not

match the analytical answer well, however this is due to the long time step used in

this analysis (100 µs). In Figure 3.4, the results for a timestep of 100 µs are poor,

but the comparison with the analytical answer improves as the timestep is reduced.

Changing the timestep makes little difference to the MRI signal variability. For a

b-value of 1127 smm−2 the MRI signal is lower than the analytical answer at the

longer timesteps of 50 µs and 100 µs. The simulated signal is close to the analytical

signal for the timesteps of 5 µs, 10 µs and 20 µs. For a b-value of 3985 smm−2, the

simulated MRI signal is close to the analytical answer for all timesteps analysed

her, and the variability does not change substantially.

Negative MRI signals are physically impossible and occur in the simulated data

when the phase distribution does not approximate well to a Gaussian, which

happens when the number of molecules is low and the signal is close to zero. The
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Figure 3.4: Effect of length of timestep on free diffusion MRI signals for b-value of
1127 smm−2 (top) and 3985 smm−2 (bottom).

number of molecules affects mainly the variability of the MRI signals, while the

timestep affects the accuracy of the MRI signal. For free diffusion, a timestep

of 20 µs and 1× 105 molecules (1× 108 mm−3) give a good compromise between

accuracy and computational cost.

3.5.2 Narrow cylinder

As the size of the geometry decreases, the required timestep is likely to decrease as

the probability of interactions between the molecules and surfaces increases. To

test this, I simulated diffusion in a long thin cylinder. The cylinder has a diameter

of 1 µm, which should be the narrowest size and therefore most extreme restriction

likely to be encountered in any modelling of cardiac tissue. This cylinder is much

smaller than the size of a myocyte but the spaces between myocytes and the pores in

the phantom could be as small as this, so this is representative of the most restrictive

geometry likely to be encountered. The cylinder is 500 µm long and I analyse the
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central 400 µm so that there should be no restriction to diffusion along the long axis.

The MRI signal in this direction should therefore be the same as for free diffusion.

The MRI signal in the radial direction can be calculated from the following [119]:

ln S

S0
= −2γ2G2

∞∑
m=1

2Dα2
mδ − 2 + 2e−Dα2

mδ + 2e−Dα2
m∆ − e−Dα2

m(∆−δ) − e−Dα2
m(∆+δ)

D2α6
m(R2α2

m − 1)
(3.15)

where R is the radius of the cylinder and αm is the mth root of the Bessel

function J ′1(αmR).

I calculated the MRI signals for the parameters shown in Table 3.4.

Table 3.4: Narrow cylinder optimisation parameters

parameter value

b-value (smm−2) 1127
diffusion interval, ∆ (ms) 8
diffusion pulse duration, δ (ms) 3
gradient strength (Tm−1) 0.5
diffusivity (mm2 s−1) 1.3× 10−3

number of molecules 2× 104, 5× 104, 1× 105 and 2× 105

timestep (µs) 20, 10, 5, 2 and 1
number of radial gradient directions 8
number of axial gradient directions 1
number of repetitions 10

The results are shown in Figure 3.5. In both the axial and radial directions,

the trend is for the variability of the MRI signals to decrease as the number

of molecules increases. In the axial direction, the MRI signal is close to the

analytical answer for timesteps of 1 µs and 2 µs, especially for 1× 105 and 2× 105

molecules. In the radial direction, the simulated MRI signal is higher than the

analytical solution for the longer timesteps and becomes closer to the analytical

answer as the timestep decreases. Timesteps of 1 µs or 2 µs for 1× 105 or 2× 105

molecules provide accurate results.
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Figure 3.5: Effect of length of timestep and number of molecules on MRI signal in
axial (top) and radial (bottom) directions in a cylinder.

3.5.3 Chosen parameters

For both free diffusion and diffusion in a narrow cylinder, the number of molecules

affects the repeatability while the timestep affects the accuracy of the MRI signal.

From the cylinder results, a timestep of 2 µs is sufficiently small to give accurate

results and so this will be used. 1× 105 molecules gives good repeatability for

both the cylinder and free diffusion. Although the accuracy is likely to depend

primarily on the number rather than the density of molecules in a simple geometry,

in more complex geometry the density may be important and so a density of

1× 108 molecules/mm3 (the equivalent of 1× 105 molecules in the free diffusion

study) will be used for all the studies in this thesis.
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3.6 Sensitivity analysis

3.6.1 Background

A sensitivity analysis measures the effect of changes in the input parameters on

the output of a model. It enhances understanding of the model by revealing the

parameters which have the greatest effect on the output.

The simplest type of sensitivity analysis is the one-at-a-time method where all

but one of the input factors is kept at a baseline value. That input factor is

then changed and its effect on the outcome analysed using linear regression or

partial derivatives. The major disadvantage of this method is that it doesn’t model

interactions between input variables.

Variance methods are the most thorough type of sensitivity analysis. They allow

for non-uniform distribution of input factors, are model independent (i.e. there is

no assumption of linearity) and consider interactions between factors. However,

the number of simulations required to achieve this is at least a few hundred times

the number of input factors [146]. The input space is densely sampled, and the

model run for each of these sets of input parameters. The variance of the output

is decomposed to give the variance related to each input factor. The result is a

percentage assigned to each individual input factor, as well as each combination

of input factors, which quantifies how much of the output variance of the model

is dependent of that input or group of input. It is also possible to calculate a

total effect for each input factor, which includes its interactions with other inputs.

This allows a very thorough, and quantitative, understanding of the model, but

requires considerable computational time.

The Morris method [147] is a simple and economic type of sensitivity analysis,

which screens the input factors to determine which are the most important, and

was therefore chosen for this study. It takes interactions of factors into account and

is model independent. It assumes no stochasticity in the model, which is not true
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for this model. However, the variation due to stochasticity is much smaller than

that due to the changes in the input factors and so this is not a significant problem.

It produces two sensitivity measures for each input factor: µ is the estimated mean

of the elementary effects and estimates the overall effect of the factor on the output,

and σ is the standard deviation of the elementary effects and estimates non-linear

effects and interactions with other factors. Campolongo et al. [148] introduced a

modified version, µ∗, which uses absolute values and avoids effects of opposite signs.

3.6.2 Methods

I generated and analysed Modified Morris method [148] parameters using the

Matlab (Mathworks, USA) code of [149]. The modified Morris method takes a

model with an output y and k inputs x1, x2, ...xk which are collectively in the

k-element vector x. Each input is allowed to take one of p levels within its range

of possible values, where the levels are {0, 1/(p − 1), 2/(p − 1), ...1}. The inputs

are assumed to be uniformly distributed between 0 and 1, and these values are

later transformed to their actual values.

A number of individual randomised one-at-a-time experiments are carried out. At

each of these, one input is changed to another level, while the others are kept

constant. The elementary effect from one of these experiments is:

di(x) =
(
y(x1, ...xi−1, xi + ∆, xi+1, ...xk)− y(x)

∆

)
(3.16)

where ∆ is a multiple of 1/(p − 1)

The number of simulations required for the original Morris method is 2kr, where

r is the number of times each input parameter is changed to another level. The

Campolongo method improves the Morris method by selecting from many possible

experiments those which mean each input has the most even spread across the
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levels. This allows fewer simulations to be done compared with the original Morris

version (r(k + 1)), and has a better scan of the input space.

Once the input values for each experiment are determined, the model simulations

are run with those parameters. The elementary effects for each simulation are then

combined to give the two parameters, µ∗ and σ. For each parameter, k,

µ∗ =
r∑
i=1

|di|
r

(3.17)

σ =
√√√√ r∑
i=1

(di − u)2

r
(3.18)

I used the model as described in Section 3.4. I analysed a single cubic voxel with

sides of 100 µm; the total modelled volume is a cube with sides of 300 µm. The

density of molecules is 1× 108 mm−3. The six model inputs are cross-sectional

area, length, aspect ratio, volume fraction, rate of angle change and diffusivity; the

minimum and maximum values for the sensitivity analysis are in Table 3.5 and are

chosen to reflect the wide range of values available in the literature. I carried out

the sensitivity analysis for five model outputs: the three eigenvalues (λs), mean

ADC and FA.

Table 3.5: Sensitivity analysis input parameters

parameter (units) abbreviation min. value max. value

cross-sectional area (µm2) CSA 100 300
length (µm) L 90 150
aspect ratio [depth/width] AR 0.33 1.00
volume fraction of myocytes VF 0.75 0.90
helix angle range (°mm−1) ANG 50 100
diffusivity (10−3 mm2 s−1) DIF 0.5 2.5
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Table 3.6: Sensitivity analysis MRI sequence parameters and results

simulation

study no. δ ∆ G b-value mean ADC range FA range
ms ms Tm−1 smm−2 (mean) (mean)

1× 10−3 smm−2

1 2.0 7.0 0.9 1474 0.37 to 1.62 (0.83) 0.13 to 0.60 (0.30)
2 2.0 7.0 0.7 888 0.37 to 1.69 (0.85) 0.13 to 0.62 (0.30)
3 2.0 7.0 0.5 453 0.37 to 1.74 (0.86) 0.12 to 0.62 (0.30)

I used the MRI sequence parameters shown in Table 3.6. I used a b-value of

1474 smm−2 (experiment 1 in Table 3.6), which is in the typical range used in

ex vivo DT experimental data. To determine whether the b-value affects the

sensitivity analysis, I reassessed the Morris method with 2 further b-values (453

and 888 smm−2) (experiments 2 and 3 in Table 3.6).

I chose the Morris Method settings of r = 8, p = 4 as these are similar to the

values shown in the literature to give good results [146]. This meant that 56

simulations were required.

3.6.3 Results

Figure 3.6 shows the sensitivity analysis results for the b-value of 1474 smm−2.

Parameters with a large µ∗ (along the x-axis) have a large effect on the output

of the model, those with a large σ have non-linear effects or interactions with

other parameters. For all three λs, mean ADC and FA, the diffusivity is the most

important factor as reflected by its large µ∗ value. The σ is small so there is

primarily a linear effect with little interaction with the other factors. For λ2, λ3,

FA and mean ADC, the cross-sectional area is the next most important factor. The

aspect ratio is important for λ2, λ3 and FA. The length, angle rate and volume

fraction have only very small effects on all the outcomes.
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Figure 3.6: Sensitivity analysis results for λ1, λ2, λ3 (left, top to bottom), mean ADC
(right, top) and FA (right, middle). µ∗ estimates the overall effect of the factor; σ estimates
non-linear effects and interactions with other factors

The sensitivity analysis results for different b-values are in Figure 3.7 and are all

very similar. For the mean ADC, DIF is always the most important factor by a

large amount, followed by CSA. For the FA, the order of DIF, CSA, and AR is

constant across all b-values. The range of mean ADC and FA values generated

are in Table 3.6 and are similar for all three analyses.
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Figure 3.7: Sensitivity analysis results for mean ADC (left) and FA (right) for the different
acquisition parameter sets from Table 3.6. Study numbers 1 to 3 from top to bottom . µ∗ estimates
the overall effect of the factor; σ estimates non-linear effects and interactions with other factors

3.6.4 Discussion

The aim of this sensitivity analysis was to determine which of six factors concerning

simplified cell shape and tissue structure have the greatest influence on cardiac

DTI results. This is important for two reasons: firstly, as there is a large range of

values in the literature for each parameter, it allows us to understand for which

parameters the choice of value is critical to the model output. Secondly, as these

parameters may change with pathology, it helps understand the effect of pathological
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changes in microstructure in dMRI signals, and design MRI sequences that respond

to changes in particular parameters.

The diffusivity was by far the most important factor, especially for the λ1 and

the mean ADC. As the diffusivity increases, the mean squared displacement of

water in a given time increases thus increasing the λs. In free space, this would

be a linear relationship, but in the restricted case, as the step distance increases,

the likelihood of interaction with a surface (cell membrane) increases, resulting

in reduced phase dispersion and apparent diffusivity. As cardiac myocytes are

long narrow structures, these interactions tend to preferentially decrease λ2 and

λ3, compared to λ1, in a non-linear manner.

The cross-sectional area has an effect on λ2 and λ3, the mean ADC and the FA,

although its effect is much smaller than the diffusivity. A smaller cross-sectional

area leads to an increase in molecule-surface interactions which will decrease the

mean squared displacement within the cross-sectional plane and therefore λ2 and λ3.

The aspect ratio has a similar importance as the CSA for the λ2 and λ3, and the FA.

A smaller aspect ratio (greater difference between thickness and width) will cause a

greater difference in the diffusion in the direction of the thickness compared with

the width and hence a larger λ2 and smaller λ3 for the same CSA, and a higher FA.

The length, volume fraction and rate of helix angle change have negligible effects

on all three λs. The VF changes the size of the gaps between cells in the simulation

but even though this makes the extra-cellular space more restrictive than the

intra-cellular space, since the proportion of extra-cellular space is small, changes

in the VF do not significantly affect the DT. Since the cells are much longer than

they are wide or thick, molecule-surface interactions with the ends of the cells

are infrequent compared with those with the sides and hence the length does not

have a large effect on the results. The angular differences within a single voxel

are small, and therefore the ANG has little effect.
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There is very little difference in the ranking order of importance of the factors as

the b-value changes, and the values of µ∗ and σ remain similar.

There are a wide range of values available for the diffusivity in the literature since

the diffusivity is dependent on the measurement technique and the temperature,

so different diffusivity values would be needed for ex vivo and in vivo simulations.

Since the diffusivity has such a dominant effect on measurements, this uncertainty

is a significant limitation to the model. However, since the σ is low, there is little

non-linearity or interaction with other factors and therefore the relative results

of simulations should not be affected significantly by the diffusivity. Diffusivity

is assumed to be a single value, which is the same in all directions within the

cell and outside it. Intracellular structures and the extracellular matrix will

affect the rate of diffusion. This may not be the same intra and extra cellularly,

as suggested by Seland et al. [140], nor the same in each direction in the cell.

Disease may affect the intra and extra cellular environments and thus the diffusivity.

Experimental investigation of these effects, especially in pathology, would enhance

the model and the understanding of DTI in disease. The importance of diffusivity

revealed in this Chapter motivated a further analysis of this parameter, and in

particular of the differences between intra- and extracellular values. This work

is presented in Chapter 5.

3.7 Summary of chapter

In this chapter I present a simplified model of heart microstructure which is used

to simulate dMRI signals. The intended purpose of this model is to explore the

relationship between changes in cardiac microstructure and the dMRI signal.

Assessment of the optimal simulation parameters for free and highly restricted

diffusion shows that the timestep is more important for accuracy than the number

of molecules, but the number of molecules is more important for variability.
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The chosen parameters for the rest of the studies were a timestep of 2 µs and

1× 108 molecules/mm3.

A sensitivity analysis of the model showed that the diffusivity was by far the

most important factor affecting the FA and the mean ADC. The cross-sectional

area of the cells was the next most important factor, with the aspect ratio of

the cross-section also affecting the FA.



4
The model: validation against ex vivo

heart and phantom data

In Chapter 3 the model was presented and its sensitivity to the input parameters

explored. In this chapter, the model outputs are compared with experimental data

from five ex vivo rat hearts. MRI sequence parameters are systematically explored

to analyse the effect of changes in the b-value and its components on the results.

As described in Chapter 2, the diffusion weighting (b-value) is dependent on both

the gradient strength and the diffusion time. In the analyses here I vary both

factors to assess the response of the model compared with the experimental data.

I then model a phantom and compare the simulated results to the experimental

phantom results to further test the modelling method.

A brief comparison of the model to ex vivo heart data formed part of my presentation

at the Functional Imaging and Modelling of the Heart (FIMH) conference in

Maastricht in June 2015 and this was published in Lecture Notes in Computer

Science [116]. This comparison to the ex vivo heart data forms part of a journal

article which I submitted to the IEEE Transactions in Medical Imaging, where

it is currently under review.

71
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4.1 Validation against ex vivo hearts

4.1.1 Methods

Experimental data acquisition

Colleagues in the Radcliffe Department of Medicine at the University of Oxford

provided me with the experimental data which I then analysed.

Hearts from five healthy Sprague-Dawley rats were isolated, fixed with isosmotic

Karnovsky’s fixative with 2mM gadolinium (Gd) (Prohance, Bracco, MN, USA),

rinsed and embedded in 1% agarose gel comprising phosphate buffered saline (PBS)

and 2mM Gd [150]. Experimental investigations conformed to the UK Home Office

guidance on the Operations of Animals (Scientific Procedures) Act 1986 and were

approved by the University of Oxford’s ethical review board.

Two datasets were acquired. For the first, which I used to investigate the effect

of gradient strength, diffusion spectrum imaging (DSI) data were acquired using

a 3D fast spin echo sequence, on a 9.4T horizontal bore MRI scanner (Agilent,

CA, USA) with shielded gradients, using a transmit/receive quadrature-driven

birdcage coil (inner diameter = 20mm; Rapid Biomedical, Rimpar, Germany) with

the parameters in Table 4.1. The total number of gradient directions was 257

over 22 different b-values, with between 3 and 24 gradient directions per b-value.

The MRI sequence timings were kept constant for all b-values, so the b-value was

altered only by the gradient strength.

A second 3D echo planar diffusion tensor imaging (DTI) dataset was acquired,

which I used to assess the effect of diffusion time. For this dataset, there were four

different diffusion intervals (∆) at each of five different b-values. For simplicity, I

will refer to ∆ as the diffusion time from now on. Since the b-value is dependent

on diffusion time, when the diffusion time was increased for a fixed b-value, the
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gradient strength was decreased. These parameters are all shown in Table 4.2.

The full parameters are shown in Table 4.1.

Table 4.1: DTI sequence parameters for simulated and experimental rat heart tissue.
Differences between simulation and experimental parameters are explained in the text.

Dataset 1 Dataset 2
effect of gradient strength effect of diffusion time

expt sim expt sim

diffusion pulse duration, δ (ms) 5 2.5
diffusion interval, ∆ (ms) 9 10 to 40
b-value (smm−2) 400 to 10 000 400 to 6400
gradient strength (Tm−1) 0.17 to 0.87 0.15 to 0.88
voxel size (µm3) 200×200×200 500×500×500
timestep (µs) 2 2
number of molecules in voxel 8× 105 1.25× 107

directions per b-value 3 to 24 100 6 100
SNR 91 127 52 to 69 60
TR/TE (ms) 250/15 250/10
echo train length 8 16
field of view (mm) 20×16×16 20×16×16
matrix 100×80×80 40×32×32
non-DW images 4 5
acquisition time (hours) 14:30 1:20

Table 4.2: Experimental dataset 2: gradient strength (Tµm−1) for each diffusion time
and b-value. The combination of ∆ = 10ms and b-value = 6400 smm−2 is not carried
out as it requires a gradient strength beyond the capabilities of the MRI scanner.

b-value (smm−2)
∆ (ms) 400 800 1600 3200 6400
10 0.31 0.44 0.62 0.88 n/a
20 0.22 0.31 0.43 0.61 0.86
30 0.18 0.25 0.35 0.50 0.70
40 0.15 0.21 0.30 0.43 0.60
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Experimental data analysis: segmentation

For the first dataset, a colleague in the Radcliffe Department of Medicine, Dr Darryl

McClymont, manually defined a 3D region of interest (ROI) within the left ventricle,

with reference to high-resolution anatomical images. When defining the region, Dr

McClymont took particular care to avoid regions containing buffer, gel or residual

blood, thus avoiding the unwanted influence of these non-representative areas. The

ROIs had a volume of at least 1.6mm3 (200 voxels) and I used them for the analyses

of both the MRI signals and the diffusion tensors (DT).

Due to the poorer spatial resolution of the second dataset, I segmented the heart

from the background by thresholding on the non-diffusion weighted (b0) image

and analysed the whole heart for all the analyses.

Experimental data analysis: MRI signals

For both datasets, I normalised the diffusion-weighted MRI signal for each voxel

by dividing by the reference S0 signal in that voxel.

For the first dataset, I analysed the MRI signals in two ways. Firstly, I calculated

the mean, median and interquartile range of the normalised MRI signals across

all the voxels and gradient directions for individual b-values. The b-values were

800, 2000, 3200, 4400, 5600 and 8000 smm−2, as they were evenly spaced and there

were at least 6 gradient directions at each of these b-values.

Secondly, to give a more detailed analysis, I analysed the MRI signals in the

directions of the DT’s eigenvectors. Since the DSI gradients are in a grid layout

aligned with the co-ordinate system axes, there are five b-values acquisitions along

each of the co-ordinate axes (400, 1600, 3600, 6400 and 10 000 smm−2). Since

these are the directions in which the largest number of aligned acquisitions are

available, I wanted to find voxels where the DT aligned with the co-ordinate axes

and hence these gradient directions. I calculated the DT for all voxels for all
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b-values up to 3000 smm−2. I then identified all voxels where the eigenvectors of

the DT aligned to within 8° of the co-ordinate system axes, and took the largest

connected volume of voxels with this alignment, to avoid isolated coincidences that

might be caused by noise or imaging artefacts. I averaged the MRI signals for the

gradient directions along the co-ordinate system axes over all those voxels for each

b-value. I chose the value of 8° to give sufficient number of voxels per direction

for the analysis (24-90 voxels per b-value per heart), while keeping the alignment

of the eigenvectors to the gradient directions fairly close.

For the second dataset, for each combination of diffusion time and b-value, I analysed

the normalised MRI signals over all voxels and gradient directions.

Experimental data analysis: DT

For the first dataset, I divided the data up into sets of similar b-values with at least

20 directions in total, and carried out DT analysis using the linear fitting method.

For the second dataset, for each combination of diffusion time and b-value, I carried

out the DT analysis, again using the linear fitting method.

From the DT, I calculated the mean apparent diffusion coefficient (ADC) and

fractional anisotropy (FA).

Simulated data generation

I used the model as described in Chapter 3, with the model parameters in the mid-

range of published values, as listed in Table 4.3. The total simulation size was 700 µm

to match the isotropic voxel size for the 2nd dataset of 500 µm plus a boundary of

100 µm along each edge. For both datasets, I chose the settings for the simulations

to match the settings for the experimental data: these are listed in Table 4.1.
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Table 4.3: Model parameters used for comparison with experimental data. The angle
rate is calculated as the ratio of the helix angles to the LV wall thickness.

parameter abbreviation units mid value

cross-sectional area CSA µm3 200
length L µm 120
aspect ratio (thickness/width) AR 0.67
volume fraction of myocytes VF 0.825
diffusivity DIF mm2 s−1 1.5× 10−3

helix angle rate ANG °mm−1 75

For the comparison with the first experimental dataset, for the analysis of the MRI

signals in the directions of the eigenvectors of the diffusion tensor, I calculated the

DT of the simulated data using all of the gradient directions. I then calculated

the MRI signals in the directions of the eigenvectors of this DT.

For the comparison with both experimental datasets, for the analysis of the MRI

signals over all voxels and directions, I increased the number of gradient directions

compared with the experimental data. This is to mimic the experimental variation

of gradient directions in relation to the microstructure. For the experimental

data I analysed the MRI signals over all of the gradient directions and all of the

voxels, each of which will have had a different microstructure and orientation of

that microstructure compared with the gradient directions. In the simulation,

there was only a single voxel, so only one microstructure. I used 100 directions,

which I found gave stable results.

For the comparison with the first dataset, I used the same b-values for the analysis

of the MRI signals. For the analysis of the DT, I used evenly-spaced b-values within

the same range to the experimental data. The b-values for the experimental data

are not evenly spaced, especially once combined into datasets with similar values

and so I chose to simplify the analysis by not mimicking this exactly.

For the comparison with the second dataset, I used exactly the same parameter
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values as the experimental data, apart from the number of gradient directions

as discussed above.

Simulation of noise

I added noise to the simulated data using a Rician noise model [151]:

S = |S∗ +N1 + iN2| (4.1)

where S is the noisy MRI signal and S∗ is the noise-free MRI signal. N1 and N2 are

random numbers taken from a normal distribution with a mean of 0 and a standard

deviation of 1/SNR (signal to noise ratio). For noisy simulations, I added noise to

the noise-free signal to give noisy MRI signals for 100 repetitions, which was shown

in initial experiments to give stable results. For each repetition, I then calculated

the DT; the mean and standard deviation over all the repetitions is reported.

I matched the SNR for the simulations to that measured in the b0 experimental

data. For the effect of gradient strength data, the absolute noise level in the b0

scan was higher than in the diffusion-weighted scans: 350 compared with 250 (units

= MRI signal intensity). I therefore increased the SNR in the simulated data from

91 to 127 to give appropriate absolute noise levels (91 × 350/250 = 127).

4.1.2 Results

The experimental results from the five hearts were very similar, as seen in Figure 4.1,

and I therefore averaged them for clarity when assessing the results.

MRI signals

Figure 4.2 shows the effect of changing the b-value by gradient strength on the

MRI signals for the simulated and experimental data. The mean, median and

inter-quartile range are similar for the simulated and experimental data across the
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Figure 4.1: Experimental data consistency. Eigenvalues from each of the five hearts
analysed for the effect of gradient strength. Each heart’s data is the average of all voxels within
the ROI, errorbars are the standard deviation. The average of all 5 hearts is shown in pink.

whole range of b-values, and show a similar decrease as the b-value increases. The

simulated data has fewer very small values than the experimental data. In the

simulations the mean is larger than the median; the experimental mean and median

are more similar and the experimental median is higher than the simulated data at

higher b-values. Adding noise to the simulated data has little effect at the lower

b-values, but at the higher b-values it increases the mean and median, improving

the match with the experiments, and leads to more outliers.
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Figure 4.2: Effect of gradient strength on MRI signals. b-value changed by gradient
strength. Boxes are inter-quartile ranges with the median as a horizontal line and the circle
indicating the mean; whiskers are 1.5 times the interquartile range, and outliers are beyond that.
Dashed line indicates the approximate noise floor.
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Figure 4.3 shows the effect of changing the diffusion time on the MRI signals for the

simulated and experimental data for a fixed b-value. As the diffusion time increases

the MRI signal increases for the same b-value. The simulated signal intensities

are higher than the experimental data and appear to increase more quickly as the

diffusion time increases. Figure 4.4 shows the effects in more detail for the middle

b-value of 1600 smm−2. For the shortest diffusion time, the mean, median and

inter-quartile range of the MRI signals are very close to the experimental data. The

mean, median and inter-quartile range increases slightly for the experimental data

as the diffusion time increases; the simulated data also increase but more quickly.

The addition of noise leads to more extreme outliers, but has no other marked effect.
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Figure 4.3: Effect of diffusion time on MRI signals for simulated (solid lines) and
experimental (dotted lines) data.

Figure 4.5 shows the effect of changing the b-value by gradient strength on the

MRI signals in the directions of the eigenvectors of the DT for the simulated and

experimental data. The noisy simulated signals in the direction of the primary

eigenvector are very similar to the experimental data. The simulated signals

in the directions of the secondary and tertiary eigenvectors are higher than the

experimental data, but decrease in a similar manner with b-value. The addition

of noise has little effect on the simulated signals in the secondary and tertiary

direction, but increases the signal at higher b-values in the primary direction.
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Figure 4.4: Effect of diffusion time on MRI signals for experimental and simulated data
for a b-value of 1600 smm−2. Boxes are inter-quartile ranges with the median as a horizontal line
and the circle indicating the mean; whiskers are 1.5 times the interquartile range, and outliers are
beyond that.
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Figure 4.5: Effect of gradient strength on MRI signals in eigenvector directions.
B-value changed by gradient strength. MRI signals in the directions of the eigenvectors (ev) of the
DT for experimental (dotted line), noisy simulated (solid line) and noisefree simulated (dashed
line) data. Solid pink line indicates the approximate noise floor. Colours are used to differentiate
primary (ev1, blue), secondary (ev2, beige) and tertiary (ev3, pink) eigenvector directions.
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Diffusion tensor and derivatives

Figure 4.6 shows the experimental and simulated results for the effect of b-value

by gradient strength on the eigenvalues (λs), the mean ADC and the FA. The

experimental and simulated λs have similar values, and decrease in a similar pattern

with increasing b-value. λ1 is higher, and λ2 and λ3 are lower, for the noisy simulated

data than the experimental data, leading to a good estimation of the mean ADC

in the simulated data, and an overestimation of the FA. The noisy simulated FA

decreases more rapidly than the experimental FA at the higher b-values.
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Figure 4.6: Effect of gradient strength on DT. b-value changed by gradient strength. λs
(top), mean ADC (bottom left) and FA (bottom right). Noisy/noisefree simulated (solid/dashed
lines) and experimental (dotted lines) data. Data points are mean values over all voxels and all
hearts (expt), and all repetitions (sim). Colours are used to differentiate λ1 (blue), λ2 (beige) and
λ3 (pink). Error bars are ±1 sd
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Figure 4.7 shows the effect of the diffusion time on the λs of the diffusion tensor,

the mean ADC and the FA for the simulated and experimental data for a b-value

of 1600 smm−2. All of the experimental and simulated λs decrease as the diffusion

time increases. λ1 is very similar between the experimental and simulated data;

the simulated λ2 and λ3 are lower than the experimental ones and decrease more

rapidly. The mean ADC is lower for the simulation than the experiments and

decreases more quickly. The FA is higher for the simulation than the experiments

and increases more quickly. Similar results were seen for the other b-values.
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Figure 4.7: Effect of diffusion time on DT. λs (top), mean ADC (bottom left) and FA
(bottom right) for simulated (solid lines) and experimental (dotted lines) data for b=1600 smm−2.
Data points are mean values over all voxels and all hearts (expt), and all repetitions (sim); error
bars are ±1 sd.
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4.1.3 Discussion

The model reproduces the MRI signals very well compared with the experimental

data. The DT and its derivatives also correspond well with the experimental data.

The noisy simulated MRI signal in the direction of the primary eigenvector is very

close to the experimental data, while for the secondary and tertiary directions the

simulated signal is higher than the experimental data. The addition of noise has

little effect on the simulated signals in the secondary and tertiary directions, but

causes the signal in the primary direction to decrease less sharply at higher b-values.

The λs of the DT show similar results to the MRI signals. The noisy λ1 is similar

to the data, while the simulated λ2 and λ3 are lower than the experimental ones.

The addition of noise has little effect on λ2 and λ3, but causes λ1 to decrease more

rapidly than without noise and the experimental data.

These λs lead to a similar mean ADC in the noisy simulated and experimental

data, while the FA is higher in the simulations than the experiments at lower

b-values and then decreases more rapidly than the experimental FA. The addition

of noise causes the simulated mean ADC and FA to decrease more rapidly than

the experimental or noisefree data at higher b-values.

The differences between the experimental and simulated data can probably be

attributed to the structural homogeneity of the model.

The model geometry is simplified compared with biological tissue, with only

helix angles modelled, uniformly sized cells, all layers parallel to each other,

cell membranes as the only restriction to diffusion, and intra- and extra-cellular

compartments with identical diffusivities. This is to allow the understanding of the

separate effects of changing these parameters. The regular geometry of the model

enhances the restriction of diffusion perpendicular to the cell long-axis compared

with the diffusion along the cell long-axis. There is therefore a greater difference in
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the MRI signals in the three eigenvector directions in the simulated data compared

with the experimental data, and the MRI signals in the secondary and tertiary

directions are larger in the simulation than the experiment. This leads to greater

differences in the λs of the DT, and therefore a higher FA in the simulated data.

The addition of noise to the simulations has a marked effect, particularly on the

FA. At higher b-values, λ1 is preferentially affected by the noise floor leading to its

underestimation and a decrease in FA. As the b-value increases, the MRI signals

decrease and therefore the SNR decreases, and more of the MRI signals reach the

noise floor. As this affects the smaller signals first, the range of MRI signals is reduced

with the addition of noise (Figure 4.2), and the difference between MRI signals in the

directions of the eigenvectors in decreased (Figure 4.5). In the simulated data there

is a larger difference between the signals in the direction of the primary eigenvector

and the other two eigenvectors than for the experimental data. Therefore, once this

signal reaches the noise floor and levels off, the effect on the FA is sharper for the

simulated data than for the experimental data, where the signals are already closer.

As the diffusion time increases, the likelihood of molecules interacting with a

boundary increases and so there are greater effects of restriction which should lead

to a lower mean ADC and a higher FA since the restrictions across the cells have

more effect than along the length of the cell. This is what is found in the results

from the second dataset: the mean ADC decreases with diffusion time and the FA

increase with diffusion time, and in both cases the simulated data changes more

quickly than the experimental data. The fact that only small changes are seen in

the experimental results are likely to be due to the confounding effects of keeping

the b-value constant, which means that as ∆ is increased, the gradient strength

must decrease. As seen from the first dataset, a decrease in gradient strength leads

to a higher ADC, which may partly cancel out the expected decrease in ADC with

diffusion time. Again, the increased structural homogeneity of the model is likely to

be the cause of the differences seen between the simulated and experimental results.
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4.2 Validation against a phantom

4.2.1 Background

Phantoms are commonly used in medical imaging as they can be manufactured

to match certain properties such as geometry or chemical composition, so can be

used to test whether imaging equipment is measuring correctly [152] or to test

modelling methods [153]. Physical phantoms for diffusion MRI take two forms:

hollow capillaries or synthetic fibres [110]. Fieremans et al. [154] used an MC

model and analytical analysis to show that a fibre phantom could be useful for the

validation of dMRI on clinical MRI scanners for neural imaging.

A cardiac dMRI phantom of the hollow capillaries type has recently been presented

by colleagues from the Radcliffe Department of Medicine and their collaborators at

the University of Manchester [155]. I used this as the basis of my phantom model

comparison. The main reason for using a phantom model as validation was that the

diffusivity within the model is known (cyclohexane has a diffusivity of 1.32mm2 s−1

at 21° [144]). Since the diffusivity was shown in the sensitivity analysis in Chapter 3

to be the most important input factor in the model, eliminating the uncertainty which

comes from this parameter in the cardiac tissue model is particularly important.

The phantom is made from 0.5mm thick fibre strips, which are made of polymer

with hollow pores filled with cyclohexane. Three layers of these fibre strips are

wound around a spindle at different angles to simulate helical cardiac fibre angles,

as shown in Figure 4.8. The helix angles of the layers are 52°, 2° and −58°. Each

layer is held in place by a filament wound helically around the spindle. A section of

the fibre strip not used in making the phantom was imaged using scanning electron

microscopy (SEM) to characterise the pores. The area weighted pore diameter was

calculated from this using the Binary and Analyze Particles functions in ImageJ

(NIH, Bethseda, MD,USA). The SEM image and fractional area histogram of the

fibre diameters are show in Figure 4.9.
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In Teh et al. [155], the authors show that the mean ADC and FA are stable over a

four month measuring period, and the values are similar to typical values for ex

vivo hearts. They also found that the mean ADC was 11% lower and the FA 18%

higher in the middle layer compared with the inner and outer layer; and that the

middle layer was thinner with a lower b0 signal intensity. They hypothesise that

this is due to the higher radius of curvature in the middle layer (inner = 273, middle

= 4.88 and outer = 526mm) leading to a greater force needed to wind it around

the spindle and hence greater compression of this layer compared with the other

two. It is also possible that the pores in this section become more ellipsoidal in

cross-section which could contribute to the higher FA; the increased bending in this

middle layer is another possible factor contributing to the higher FA. Although not

obvious from the SEM image, the authors suggest that the manufacturing method

leads to slightly elliptical pore cross-sections which have the short axis aligned

with the fibre strip depth, and therefore a sheet-like structure which allows the

secondary and tertiary eigenvectors to be separated.

Figure 4.8: Photograph of the phantom. Three layers of fibre strips wound at different
helix angles (α). The inset shows a schematic of the fibre orientation in the inner (red), middle
(green) and outer (blue) fibre strips. Image reproduced from Teh et al. [155] with permission.
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Figure 4.9: SEM images of cross-section of the fibre strip at (a) 125x and (b)1000x
magnification. (c) Histogram of the measured pore size distribution across 10 SEM images (1000x
magnification) in the fibre strip. Image reproduced from Teh et al. [155] with permission.

4.2.2 Methods

Phantom model

I modelled a section through the phantom described by Teh et al. [155] and in

Section 4.1 of this chapter, as shown in Figure 4.10.

An SEM image of a section of the material used to make the phantom is seen in

Figure 4.9. It can be seen that the cross-sections of the pores vary in shape. The

distribution of the area-weighted pore diameters is also shown in Figure 4.9. I

chose to model the pores as long cylinders, as a suitable approximation; possible

modelling options are discussed in Section 4.2.4.

The fibres are wound around the spindle leading to effective radii of curvature of

273, 4.88 and 526mm respectively [155]. Within a voxel of 100 µm, the curve of a

fibre within a voxel is very small, even in the middle layer, and so this was ignored

in the simulations. A comparison of the image of the phantom’s cross-section and

the simulated cross-section is shown in Figure 4.11.
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Figure 4.10: Model of the phantom. (a) End on view of phantom showing the three layers,
dark blue rectangle is the section of the phantom created in the model. (b) Three layers with
different fibre orientations. The total volume modelled is larger than the voxels to avoid boundary
effects. (c) Three layers and the 14 voxels which are offset to avoid every voxel containing only
one fibre angle.

From the higher resolution SEM, I used a basic thresholding method to calculate

the volume fraction of pores as 38.4%. The distribution of pore diameters is shown

in the histogram in Figure 4.9: there is no clear pattern, so for the model I took

the distribution to be uniform between diameters of 1 and 30 µm. For each of the

three layers in the model, I created the cross-section as a random distribution of

circles (as seen in Figure 4.11) using the following algorithm, adapted from the

method used by Hall and Alexander [98] to distribute circles in an area:

• Calculate the number of pores (Np) required based on the area-weighted mean

diameter, the area to be filled and the volume fraction of pores.

• From a list of possible pore diameters (integers from 1 to 30 µm, with frequency

selected to give equal area-weighting), randomly select Np diameters from the

list of diameters. Check that these give the required volume fraction (±0.001),

if not, then redo this step until required volume fraction is achieved.

• Order the pore diameters from largest to smallest.
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Figure 4.11: Phantom cross-section in experiment and simulation. (L) SEM images
of cross-section of the fibre strip at (a) 125x and (b)1000x magnification. Image reproduced from
Teh et al. [155] with permission. (R) Example cross-section of the simulated phantom at the same
scale as the SEM.

• Randomly position the largest pore, then check that it does not overlap the

edge of the area. If it does overlap, select a new random position until it is

within the area.

• For each subsequent pore, randomly position it, then check that it does not

overlap existing pores or the edge of the area. If it does overlap, select a new

random position until it is within the area.

As for the cardiac tissue model, the total volume that I modelled was larger than

the voxels required to avoid boundary effects (Figure 4.10). The total length of the

simulated volume was 1500 µm and the size of each voxel 100 µm, which gives 15

simulated voxels, each only containing one pore orientation. As the experimental

results will contain some voxels which span two pore orientations, I only analysed 14

voxels, where the 5th and 9th voxels contain two pore orientations (see Figure 4.10c).
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Experimental data

The experimental data was provided by colleagues in the Radcliffe Department of

Medicine at the University of Oxford which I then analysed. Six direction DTI was

acquired for six diffusion times and five b-values. The acquisition parameters are in

Table 4.4.

Table 4.4: DTI sequence parameters for the phantom

parameter value

diffusion pulse duration, δ (ms) 4
diffusion interval, ∆ (ms) 6.5, 10, 15, 20, 27 and 32
gradient strength (Tm−1) 0.16 to 0.91
b-value (smm−2) 1000, 2000, 3000, 4000 and 5000
voxel size (µm3) 100×100×100
directions per b-value 6 (expt), 100 (sim)
SNR 50

Data analysis

For the simulations and experiments, for each diffusion time and b-value I calculated

the mean, median and interquartile range of the normalised MRI signals over all

the voxels. I calculated the DT for each voxel for each diffusion time and b-value.

For the simulation, I added noise to the MRI signals with an SNR of 50, as this

was the value measured in the experimental data.

4.2.3 Results

Figures 4.12 and 4.13 show the normalised MRI signal intensities for the simulated

and experimental phantom data for a diffusion time of 15ms and for a b-value

of 3000mm2 s−1 respectively. For both the simulated and experimental data, the
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MRI signals decrease as the b-value increases, and increase as the diffusion time

increases. The simulated signals are smaller than the experimental ones, with a

larger inter-quartile range, but a smaller overall range.
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Figure 4.12: Phantom MRI signals by b-value. For a diffusion time (∆) of 15ms.
Boxes are inter-quartile ranges with the median as a horizontal line and the circle indicating
the mean; whiskers are 1.5 times the interquartile range, and outliers are beyond that.
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Figure 4.13: Phantom MRI signals by diffusion time. For a b-value of 3000 smm−2.
Boxes are inter-quartile ranges with the median as a horizontal line and the circle indicating the
mean; whiskers are 1.5 times the interquartile range, and outliers are beyond that.
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Figure 4.14 shows the λs, mean ADC and FA for the experimental and simulated

phantom data for a diffusion time of 15ms. λ1 is higher for the simulated data

than the experimental data; and decreases more slowly with b-value than the

experimental data. λ2 and λ3 are very similar for the simulated data, with λ3

larger than the experimental data and λ2 higher than the experimental data; both

decrease at a similar rate for the simulations and experiments. The mean ADC

decreases with b-value for the simulations and experiments, but at a faster rate for

the experiments. The FA is higher for the simulations than for the experiments,

and increases at a faster rate with increasing b-value.

500 1000 1500 2000 2500 3000 3500 4000 4500 5000 5500
0

0.5

1

1.5

2
x 10

−3

b−value (s/mm2)

ei
ge

nv
al

ue
s 

(s
/m

m2 )

 

 
λ1 experiment

λ2 experiment

λ3 experiment

λ1 simulation

λ2 simulation

λ3 simulation

1000 2000 3000 4000 5000
0

0.2

0.4

0.6

0.8

1

1.2

1.4
x 10

−3

b−value (s/mm2)

m
ea

n 
A

D
C

 (
m

ms /2
)

 

 

experiment

simulation

1000 2000 3000 4000 5000
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

b−value (s/mm2)

F
A

 

 

experiment

simulation

Figure 4.14: Phantom DT results by b-value. Effect of b-value changed by gradient
strength on DT. (Top) λs, (bottom left) mean ADC and (bottom right) FA for the simulated
(solid lines) and experimental (dotted lines) phantom data. Data points are mean values over all
voxels and all repetitions; error bars are ±1 sd. Colours are used to differentiate λ1 (blue), λ2
(beige) and λ3 (pink). Diffusion time (∆) is 15ms
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Figure 4.15 shows the λs, mean ADC and FA for the experimental and simulated

phantom data for a b-value of 3000 smm−2. λ1 is higher for the simulated data

than for the experimental data. λ2 and λ3 are very similar for the simulated data,

with λ3 about the same value as the experimental data and λ2 higher than the

experimental data. All three λs decrease slowly with increasing diffusion time,

with similar rates for the experiments and simulations. The ADC is slightly higher

for the simulations than the experiments, and decreases at a similar rate with

increasing diffusion time. The simulated FA is higher than the experimental one,

and increases more sharply with increasing diffusion time.
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Figure 4.15: Phantom DT results by diffusion time. Effect of diffusion time (∆) on DT.
(Top) λs, (bottom left) mean ADC and (bottom right) FA for the simulated (solid lines) and
experimental (dotted lines) phantom data. Data points are mean values over all voxels and all
repetitions; error bars are ±1 sd. Colours are used to differentiate λ1 (blue), λ2 (beige) and λ3
(pink). B-value is 3000 smm−2.
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4.2.4 Discussion

The main reason for modelling the phantom and trying to use it for validating

the model was that the diffusivity of the fluid (cyclohexane) was known so the

uncertainty as to the correct diffusivity value, which is a limitation of the cardiac

model, is removed. Although modelling the phantom does not validate the cardiac

model in terms of its geometry, it does help validate the modelling method. At first,

parallel pores wrapped around a spindle appeared to be a relatively straightforward

geometry to model. However, there is considerable uncertainty as to the geometry of

the pores in the phantom for two main reasons. Firstly, only 2D SEM images of the

pores cross-section are available and so the changes in cross-section along the length,

and the length of the pores are unknown. Secondly, the cross-section is of the fibre

strip prior to winding around the phantom spindle, when it is bent and compressed

to create the phantom geometry. The assumptions and simplifications made can

explain the differences found between the simulated and experimental results.

I modelled the pores as straight parallel cylinders since the 3D structure of the

pores, especially once wrapped around the spindle, is unknown. The circular cross-

section leads to equal diffusion perpendicular to the cylinders’ long axes and hence

equal λ2 and λ3, unlike in the experimental results where there are differences

between these λs due to the slightly ellipsoidal cross-sections. I considered creating

a mesh from the SEM image and using this to create the model of the phantom

in Smoldyn. However, I decided to model the pores as cylinders for three reasons.

Firstly, the image is 2D and gives only a snapshot of one part of the fibre strips.

Secondly, the fibre cross-sections are very variable and so there is considerable

uncertainty as to the pore cross-sections in any particular voxel. Thirdly, as

the fibre strips are wound around the spindle and held in position there is some

bending and compression of the material and the pores compared with the SEM

image. Given these three limitations, I chose to simplify the model by modelling

the pores as long cylinders. I also considered creating oval cross-sections rather

than circular to take the compression of the fibres into account, but since we
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have no measurement of the extent of this effect, I considered cylinders as a good

approximation, given the available information.

Although 3D images of the pores are not currently available, it is very likely that the

cross-section of each pore changes along its length, and that the pores do not extend

along the full length of the fibre strip. This means that there is more restriction

to diffusion in this direction than in the straight parallel pores of the model. This

leads to greater diffusion in this direction in the model and therefore a higher λ1.

Despite these differences in the absolute values of the MRI signals and λs, the

pattern of these as the diffusion time is changed is very similar and therefore

shows that the modelling method works well, within the limits of the geometrical

simplifications. λ1 remains approximately constant rather than decreasing with

b-value in the simulated data, which leads to differences in the ADC and FA

between the simulated and experimental data. This is due to the lack of restriction

in this direction: in free diffusion there is no change in λ as the b-value changes.

These phantom tests, although not perfect, still serve their main purpose. In the

experimental data, the big limitation is the value of the diffusivity. For the phantom

we know the diffusivity and the simulations produce a mean ADC which matches

the experimental data well, showing that the modelling method is valid.
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4.3 Summary of chapter

The comparison of simulation results to data from five ex vivo rat hearts shows good

correspondence of MRI signals and well-matched DT derivatives. There are small

differences remaining, which can mainly be attributed to the increased regularity

of the model’s geometry compared with cardiac tissue.

Comparison with a phantom proved to be more challenging than originally thought,

but the results support the modelling method, within the limits of the geometrical

simplifications.

Overall, I have shown that the model is a good approximation of cardiac tissue and

it can therefore be considered a useful tool in investigating cardiac diffusion MRI.



5
Model enhancements: permeability and

diffusivity

In this chapter I investigate the effect of two of the model parameters, membrane

permeability and extra-cellular diffusivity, to determine whether they can explain

the deviations of the simulated results from the experimental ones in Chapter 4.

There are small differences between the results from the simulated and the ex vivo

heart data in Chapter 4. In addition to the simplification of the geometry, my

colleagues and I felt that there were two possible factors that may be limiting the

model’s performance: permeability and diffusivity. Permeability has been shown

by Wang et al. [108] to affect the fractional anisotropy (FA) in a cardiac model.

Diffusivity was shown in the sensitivity analysis in Chapter 3 to be very important.

One of the simplifications made in the model is to assume that the intra- and

extra-cellular diffusivity are equal, but given the importance of diffusivity as an

input parameter, this may be an oversimplification which affects the model results.

I therefore investigated the effect of introducing permeable cell membranes and

increasing the extra-cellular diffusivity.

97
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5.1 Permeable membranes

5.1.1 Background

In the model so far I have assumed that the membranes are impermeable. However,

cell membranes are not completely impermeable to water molecules. Values of the

permeability of cardiac myocytes found in the literature are shown in Table 5.1.

There are some small differences between species, and it can be seen that the

permeability is strongly dependent on temperature. Ogura et al. [156] and

Suleymanian et al. [157] used a similar method to measure permeability. Individual

myocytes were excised and placed in solutions with different, known osmolalities.

As the cells swelled or shrank, the changes in cell size were recorded and measured

using a video-microscope. Safford et al. [139] used a different approach, as part

of their work on estimating diffusivity in cardiac tissue. They placed a strip of

tissue in an Ussing diffusion cell and took a variety of measurements, including

electrical resistance, water content and the movement of tracers, to allow them to

fit a model of diffusion and permeability in cardiac tissue.

Table 5.1: Permeability of cardiac myocytes

value species temperature notes source
12 µm s−1

guinea pig 22 ◦C isolated ventricular myocytes [156]22 µm s−1 35 ◦C

4 µm s−1

rabbit
6 ◦C

isolated ventricular myocytes [157]16 µm s−1 22 ◦C
33 µm s−1 35 ◦C

19 µm s−1 cat 23 ◦C ventricular muscle [139]

There is some disagreement in the literature regarding the primary mechanism of

water transport across the myocyte membranes: Ogura et al. [156] concluded from

their results that aquaporin channels play an important role, while Suleymanian et

al. [157] decided that diffusion across the membrane lipid bilayers was the primary
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mechanism. These two studies found similar permeability coefficients; the difference

in their conclusions is due to a difference in the activation energy that they measured,

that is the amount of energy required to transport water across the membrane. For

the purposes of this study, the mechanism of permeability is not important. However,

the mechanism may lead to differences between in vivo and ex vivo permeability,

which could be important when modelling in vivo diffusion MRI (dMRI).

Wang et al. [108] investigated the effect of membrane permeability on the FA using

their Monte Carlo (MC) model of cardiac dMRI in parallel myocytes. They used

permeability values up to 100 µm s−1, which is much higher than I found in the

literature, and higher than in the paper which they cite as their source [156]. Their

findings are in Figure 5.1 and show that the FA decreases as the permeability

increases. Their conclusions from their results were that when the permeability is

less than 50 µm s−1, its influence on the dMRI results can be ignored. From their

results in Figure 5.1, the threshold which they have chosen appears to be quite

high, and values of permeability smaller than 50 µm s−1 may be important.

Figure 5.1: Effect of permeability on FA in an MC model of cardiac dMRI. Reproduced
from Wang et al. [108] with permission.

In a multi-compartment MC model of brain tissue, Stanisz [158] modelled axons

with a permeability of 9 µm s−1 and glial cells with a permeability of 17 µm s−1. He

concluded that cell membrane permeability did affect the diffusion measurements

in biological tissue, and that the effect increases with diffusion time.
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5.1.2 Method

From Table 5.1, permeability at room temperature is in the range 12 µm s−1 to

19 µm s−1, so I took a value in the middle of this range of 15 µm s−1.

I simulated the model with permeable membranes using the parameters in Table 5.2.

I compared the results with simulated data of impermeable membranes and the

experimental data from ex vivo hearts used in Chapter 4.

As in Chapter 4, the SNR was chosen to match the experimental data and is

therefore higher for the effect of gradient strength (127) than for the effect of

diffusion time (60).

Table 5.2: DTI sequence parameters for studying the effect of permeable membranes.
The important parameter change for this study, the permeability, is in bold

effect of effect of
parameter gradient strength diffusion time
cell cross-sectional area (µm3) 200
cell length (µm) 120
cell aspect ratio (thickness/width) 0.67
volume fraction of myocytes 0.825
helix angle rate (°mm−1) 75
diffusivity (mm2 s−1) 1.5× 10−3

permeability (µm s−1) 0 (impermeable) or 15 (permeable)
diffusion pulse duration, δ (ms) 5 2.5
diffusion interval, ∆ (ms) 9 10 to 40
gradient strength (Tm−1) 0.24 to 0.78 0.30 to 0.62
b-value (smm−2) 800 to 8000 1600
voxel size (µm3) 200×200×200 200×200×200
SNR 127 60
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Voxel size

The voxel size was 200 µm for both the effect of gradient strength and effect of

diffusion time analysis. The original analysis of the effect of diffusion time in

Chapter 4 used a voxel size of 500 µm since this was the experimental voxel size. I

analysed the effect of voxel size on the results, and found only small differences (see

Figure 5.2) so, to reduce computational time, I used the smaller voxel size for this

study.
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Figure 5.2: Effect of voxel size. Eigenvalues, mean ADC and FA for the effect of diffusion
time for isotropic voxel sizes of 200 µm and 500 µm.
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5.1.3 Results

Figures 5.3 and 5.4 show the MRI signals for the permeable and impermeable

membranes as the gradient strength and diffusion time are increased respectively.

For both studies, the permeable MRI signals are slightly lower than the imper-

meable MRI signals.
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Figure 5.3: MRI signals for permeable and impermeable membranes. The b-value is
altered by gradient strength. Boxes are inter-quartile ranges with the median as a horizontal line
and the circle indicating the mean; whiskers are 1.5 times the interquartile range, outliers are
beyond that. Simulated data are from 100 directions and 100 repetitions for an SNR of 127.
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Figure 5.4: MRI signals for permeable and impermeable membranes by diffusion
time. Boxes are inter-quartile ranges with the median as a horizontal line and the circle indicating
the mean; whiskers are 1.5 times the interquartile range, and outliers are beyond that. Simulated
data are from 100 gradient directions and 100 repetitions for an SNR of 60.
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Figure 5.5 shows the DT parameters for the permeable and impermeable membranes

as the b-value is changed by the gradient strength. The changes are only small. λ2

and λ3 are slightly higher for the permeable simulation leading to a lower FA.
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Figure 5.5: DT results for permeable and impermeable membranes. The b-value is
altered by gradient strength. Data points are the mean, error bars are ±1 standard deviation.
Simulated data are from 100 gradient directions and 100 repetitions for an SNR of 127.
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Figure 5.6 shows the DT parameters for the permeable and impermeable membranes

for different diffusion times. Again, the changes are only small. λ2 and λ3 are

slightly higher for the permeable simulation leading to a lower FA. The differences

increase as the diffusion time increases.
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Figure 5.6: DT results for permeable and impermeable membranes by diffusion
time. Data points are the mean, error bars are ±1 standard deviation. Simulated data are from
100 gradient directions and 100 repetitions for an SNR of 60.
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5.1.4 Discussion

With permeable membranes, λ2 and λ3 are slightly increased, which indicates

increased diffusion in these directions. This is a result of some of the water

molecules passing though the cell membranes rather than reflecting off them. The

changes in the λs leads to a lower FA as the diffusion is more isotropic. The changes

in the λs and FA are only small and do not markedly improve the comparison

with experimental data. The lack of permeability in the model in Chapter 4 is not

therefore the reason for the discrepancies between the simulated and experimental

data, and therefore other factors, probably geometry, need to be addressed.

As Wang et al. [108] found, physiological permeability values only have a small

effect on the FA. They simulated a diffusion time of 50ms. From Figure 5.1, for a

permeability of 15 µm s−1, the FA drops from approximately 0.222 to 0.217, that is

a decrease of 3%. In my study, for a diffusion time of 40ms, the FA drops from

0.577 to 0.536, which is a decrease of 7% and is the largest difference found across

all the simulations. The difference in FA between the two studies can be attributed

to differences in the size of the modelled myocytes: Wang et al. [108] modelled

shorter, fatter cells with a CSA nearly double that in my study (375 µm2 versus

200 µm2), which will reduce the FA. They also use a very high gradient strength

of 2T/m, which may contribute to the differences between the two studies in the

FA and the effect of the permeability. The differences in FA with and without

permeability are small, and therefore biological changes in permeability are likely

to be much smaller and thus will not have a great effect on dMRI signals.
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5.2 Extra-cellular diffusivity

5.2.1 Background

The Sensitivity Analysis in Chapter 3 showed that the diffusivity has the largest

effect on the output of the model and, as briefly discussed in Chapter 3, the choice

of diffusivity value can be complex. Diffusivity varies according to a number of

factors and is likely to differ from inside to outside the cells.

Hindered and restricted diffusion

Diffusion within cardiac tissue depends on interactions of the water molecules with

intracellular (IC) and extracellular (EC) structures, and cell membranes. Diffusion

can be described as being restricted when boundaries stop molecules from moving

freely, or hindered when molecules have to diffuse around obstacles and therefore

take a longer path [159]. In the context of the cardiac model, we can define

restricted diffusion as when the molecules are stopped by cell membranes, and

hindered diffusion as when they are inhibited by IC or EC structures. In the model

it is the hindered diffusivity that I want to use as an input parameter, since the

effect of the cell membranes is included in the model’s geometry, and therefore the

restriction is taken into account there. I do not model IC structures explicitly and

therefore the effect of these needs to be included in the diffusivity.

Most measurements of diffusivity in the literature are of the apparent diffusion

coefficient (ADC) from dMRI. The relative values of the diffusion distance and the

size of the cells that are being measured affects how much restriction is measured.

At short diffusion times (distances), especially in large cells, there will be little

interaction of molecules with cell membranes and therefore the measured ADC

will approximate the hindered diffusivity [145].
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The self-diffusivity of water is 2.0× 10−3 mm2 s−1 at 20 ◦C, 2.3× 10−3 mm2 s−1 at

25 ◦C and 3.0× 10−3 mm2 s−1 at 37 ◦C [144]. Both the hindered and restricted

diffusivity are lower than the self-diffusivity, with the restricted diffusivity lower

than the hindered diffusivity due to the added effect of the cell membranes. The

model is of ex vivo cardiac tissue and therefore to correspond with experimental

data, which is typically carried out at room temperature, room temperature

diffusivity should be used.

To allow comparison of diffusivity values made at different temperatures, it is useful

to normalise the values to the self-diffusivity of water at that temperature (Dnorm).

Garrido et al. [138] measured ADC in rat hearts using diffusion weighted (DW)

imaging at 37 ◦C for a diffusion time of 7ms, which is quite short and so will begin

to approximate hindered diffusion. They found Dnorm of 0.6 to 0.8 for diffusion

perpendicular or parallel to the endocardium respectively, suggesting that the

diffusion time is not sufficiently short to give hindered diffusion only, or that there is

anisotropy of diffusion in cells. Cooper et al. [137] used nuclear magnetic resonance

(NMR) with a range of diffusion times, from approximately 3 to 60ms, to measure

rat myocardium and found Dnorm of 0.36, which surprisingly did not change with

diffusion time. Seland et al. [140, 141] measured ADC in rat hearts at 37 ◦C to give

Dnorm of 0.3 to 1.0, with the different values associated with different compartments.

In a non-NMR approach, Safford et al. [139] used an Ussing diffusion cell to measure

diffusivity in cat myocardium. This takes strips of tissue and measures the rate

at which tritiated water diffuses across it. By applying these results to their cell

matrix model, they estimated that the Dnorm was 0.25.

The overall range of Dnorm is from 0.25 to 1.0, which for a room temperature

of 25 ◦C gives a diffusivity of 0.6× 10−3 mm2 s−1 to 2.3× 10−3 mm2 s−1. The

differences are probably due to measurement techniques, while within studies

such as Garrido et al.’s [138] and Seland et al.’s [141] multiple values depend

on direction or compartments.
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IC v EC diffusivity

Since EC space is different from IC space, it is possible that there are differences in

the diffusivities within these two compartments. For large cells and high resolution

MRI imaging, it is possible to have voxels containing only the IC space. Various

studies have used large cells and short diffusion times to measure IC diffusivity.

Zhao [160] measured diffusivity of (2.0± 0.3)× 10−3 mm2 s−1 at 37 ◦C in HeLa cells

which have a diameter of around 20 µm. Beaulieu et al. [161] analysed squid giant

axons, which are very large (300 µm in diameter and 3 cm long); they found that at

20 ◦C, the axial diffusion was greater than the radial diffusion (1.61× 10−3 mm2 s−1

vs 1.33× 10−3 mm2 s−1). Sehy [63] found inhomogeneous ADC in frog oocytes of 0.5

to 1.7× 10−3 mm2 s−1 at 23 ◦C; these cells are much bigger (1.2mm diameter)

than myocytes or neurons.

Separating the effects of the IC and EC compartments is difficult experimentally,

but some studies have found ways to measure this.

Two studies of rat brains found no difference in diffusivity between the IC and EC

space [162, 163]. Silva et al. [162] used NMR with and without IC contrast to measure

ADC for the IC compartment only, and for the IC and EC compartments combined

for in vivo rat brains. They found the IC ADC to be (0.69± 0.06)mm2 s−1 and

the combined ADC to be (0.70± 0.05)mm2 s−1. The EC signal does not therefore

significantly change the overall ADC. However, the EC has only a small volume

fraction (VF), so it may be that any difference is too small to measure. Duong et

al. [163] used IC and EC contrast-enhanced NMR of in vivo rat brain to calculate

the IC and EC ADCs and found no statistically significant difference. The IC ADC

was (0.157± 0.028)mm2 s−1 and the EC ADC was (0.144± 0.018)mm2 s−1.

Aslund and Topgaard [164] have developed a method for calculating IC and EC

diffusivity from NMR experiments, by making use of the decrease in the apparent

mean-square displacement with increasing diffusion-encoding time while keeping
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the effective diffusion time constant. They demonstrated this using yeast cells

suspended in water to give an IC diffusivity of 0.65mm2 s−1 and an EC diffusivity of

1.27mm2 s−1. Given that the EC space was water, and the measured EC diffusivity

is 55% of free water at 25 ◦C this is a measure of restricted rather than hindered

diffusivity. To my knowledge, it has not been used for determining IC and EC

diffusivities in biological tissue.

In two studies on rat hearts, Seland et al. [140, 141] used contrast-enhanced NMR to

correlate relaxation times with diffusivity and found that two compartments can be

identified: ‘slow’ and ‘fast’. The ‘fast’ compartment, which they attributed to the EC

compartment, had a diffusivity of 3.0mm2 s−1 and the ‘slow’, IC, compartment had

a diffusivity of 1.2mm2 s−1. The EC compartment therefore has a diffusivity close to

that of free water. They used the T2 relaxation to measure the VFs, and found the IC

and EC compartments to be 54% and 46% respectively, which does not match the

known VFs. It therefore seems likely that the assumption that the two compartments

correspond directly to the EC and IC compartments is an oversimplification.

Using the biexponential model to analyse diffusion MRI data from rat hearts, Hsu

et al. [165] found the ‘fast’ compartment had a diffusivity of 1.52mm2 s−1 and the

‘slow’ compartment had a diffusivity of 0.40mm2 s−1 at 37 ◦C. Forder et al. [166]

analysed heart tissue slices and found the ‘fast’ compartment had a diffusivity

of 0.72mm2 s−1 and the ‘slow’ compartment had a diffusivity of 0.06mm2 s−1 at

19 ◦C. The VF of the ‘fast’ compartment was measured as 0.76 [165] and 0.82 [166]

respectively, which does not correspond to the known VFs and is therefore unlikely

to represent IC and EC diffusivity. There is growing evidence for the theory that

the ‘fast’ and ‘slow’ compartments represent fairly free molecules and those bound

to the membrane respectively [65].
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Causes of restriction and anisotropy of diffusion

Several studies have investigated which structures affect diffusion in a variety of

tissues, and there remains a degree of disagreement in the literature.

Early studies found that the physical barriers to diffusion could not explain the

reduction in diffusivity. Cleveland et al. [167] performed NMR on rat tibialis anterior

muscle. They found that their results show that decreased diffusivity and anisotropy

compared with free water cannot be explained only by IC barriers, but that some

of the water molecules are ‘associated’ with proteins which decreases the diffusivity

of the water molecules. Cooper et al. [137] used PGSE NMR on rat hearts with

different diffusion times and found little dependence of the diffusivity on the diffusion

time. They concluded that this supports the ‘trapped water’ theory, where some

of the water molecules are bound to proteins or organelles. More recent analysis

supports these findings, especially when analysing the biexponential model [65].

Later, Kinsey et al. [168] used NMR to measure diffusion of phosphocreatine

in fish skeletal muscle to explore which structures cause anisotropy of diffusion.

Phosphocreatine is only found in the IC environment so can be used to explore

only this compartment. They identified three possible structures at different

scales: the myofilament lattice (actin and myosin, nm), subcellular membranes

(sarcoplasmic reticulum and mitochondria, µm) and the sarcolema (membrane

around each muscle cell, 102 µm). They found that the myofilament lattice was at

too small a scale to cause the anisotropy, and that the sarcolema could not account

for the time-dependence of the results. They therefore concluded that it is the

subcellular membranes that cause the anisotropy. Red muscle has a greater decrease

in diffusivity with diffusion time than white muscle, especially in the direction

parallel to the long axis of the cells, as shown in Figure 5.7. There are more

mitochondria in red muscle than in white muscle which accounts for this difference.

The sarcoplasmic reticulum and mitochondria restrict the radial diffusion while the

axial diffusion is only restricted by the mitochondria. Cardiac muscle has more
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mitochondria and less sarcoplasmic reticulum compared with skeletal muscle [14]

which suggests that there would be more axial and less radial restriction compared

with skeletal muscle, and therefore less anisotropy of diffusion.

Figure 5.7: Diffusion in skeletal muscle. Time dependence of diffusivity parallel (circles)
and perpendicular (squares) to the long axis of cells in (a) white; and (b) red skeletal muscle
strips of fish. Measurements are diffusivity ± s.e.m. Reproduced from Kinsey et al. [168] with
permission.

Beaulieu [145] reviewed anisotropy in neural tissue. Neural white matter is highly

anisotropic, and nerve cells are more anisotropic than muscle. The main reason for

the anisotropy is the cell membranes, while myelin further increases the anisotropy

and reduces the diffusivity. In their work on squid giant axons [161] they made

use of the large size of these cells to look at intracellular hindered diffusivity, and

found a much smaller degree of anisotropy compared with white matter which

they attributed to neurofilaments.

IC anisotropy of diffusion

As Beaulieu et al. found in neural tissue [161] and Kinsey et al. found in skeletal

muscle [168], the complexity and anisotropy of the intracellular structure may

lead to anisotropic hindered diffusivity.
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In a study of squid giant axons, Beaulieu et al. [161] isolated individual axons

and immersed them in paraffin oil to ensure that only the IC signal is measured.

The axon is very large ((300± 80) µm in diameter and around 3 cm long), which

means that the diffusion step length is much smaller than the size of the cell

and therefore it is hindered diffusion that is measured. They found that the

axial diffusion was greater than the radial diffusion ((1.61± 0.06)× 10−3 mm2 s−1

vs (1.33± 0.09)× 10−3 mm2 s−1). The anisotropy is small compared with white

matter, and is due to neurofilaments in the cells.

In their study of fish skeletal muscle, Kinsey et al. [168] found axial diffusion

of phosphocreatine to be greater than radial diffusion (0.32× 10−3 mm2 s−1 vs

0.18× 10−3 mm2 s−1 for white muscle; 0.26× 10−3 mm2 s−1 vs 0.16× 10−3 mm2 s−1

for red muscle) at diffusion times of more than 200ms. Fish skeletal muscle cells

are very large (a diameter of 85 µm for red muscle and 112 µm for white muscle),

so even at a diffusion time of 200ms, the diffusion distance is smaller than the

cell diameter (1D diffusion distance for a diffusion time of 200ms is 20 µm for

a diffusivity of 1× 10−3 mm2 s−1).

Summary

Diffusivity in biological tissue is complex and may vary between IC and EC

compartments [141], have variation in different areas of the IC compartment [63]

and be anisotropic in the IC compartment [168]. Given these possible variations,

modelling using a single isotropic value for diffusivity in the IC and EC space

may be too simplistic. It would therefore be worth investigating whether changes

in the diffusivity affect the model.

Cardiac myocytes are too small to measure variations in diffusion within a single

cell. The only evidence for heterogeneity of diffusion within them comes from the

biexponential model. It is not possible to derive appropriate model parameters
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from these results without making many assumptions, and it is therefore hard to

justify modelling separate areas with different diffusivities within a myocyte.

Overall, there is some evidence for anisotropy of diffusion within neurons and skeletal

muscle, but the evidence in cardiac muscle is less certain. In skeletal myocytes

Kinsey et al. [168] found a ratio of axial to radial diffusivity of 1.8 in white muscle and

1.6 in red muscle. The differences between cardiac and skeletal myocytes mean it is

likely that this ratio will be smaller in cardiac myocytes. Without stronger evidence

for anisotropy, I decided to continue to use an isotropic diffusivity for this study.

Seland et al. [141] is the only source of separate IC and EC diffusivities in the heart,

apart from perhaps the biexponential models, although these are unlikely to represent

IC and EC compartments. The difference they found was large (1.2× 10−3 mm2 s−1

in the IC, and 3.0× 10−3 mm2 s−1 in the EC at 37 ◦C), however, the VFs which

they associated with each of these (54% and 46%) do not correlate with IC and

EC VFs. It is therefore uncertain what these two diffusivities are associated with,

and they may not correspond to IC and EC space. There is some consensus that

the diffusivity in the EC is likely to be higher than in the IC [140, 141, 169], and

I therefore decided to model a higher EC diffusivity than IC diffusivity.

Given that the sensitivity analysis in Chapter 3 showed that the diffusivity has

a large effect on the model outputs, and that the validation work in Chapter 4

showed that the model outputs match the experimental outputs well, the overall

diffusivity value of 1.5× 10−3 mm2 s−1 is likely to be close to the correct value.

The IC space is 82.5% of the model and will contribute a large amount to the

overall diffusivity so I therefore kept the IC diffusivity at 1.5× 10−3 mm2 s−1 and

increased the EC diffusivity.

The aim is to investigate whether changing the EC diffusivity affects the overall

results of the dMRI model, and whether this can account for the deviations of the

simulated results from the experimental ones in Chapter 4.
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5.2.2 Methods

I used the model as presented in Chapter 3. Instead of randomly distributing one

type of molecule across the whole of the modelling volume, I distributed two types

of molecules: one in the IC space and one in the EC space. The IC molecules had a

diffusivity of 1.5× 10−3 mm2 s−1, as used in the comparison against experimental

data in Chapter 4. The EC molecules were analysed with three different diffusivities:

1.5, 1.8 and 2.1× 10−3 mm2 s−1. The model parameters are shown in Table 5.3.

Table 5.3: DTI sequence parameters for different EC diffusivities. The important
parameter change for this study, the EC diffusivity, is in bold

effect of effect of
parameter gradient strength diffusion time
cell cross-sectional area (µm3) 200
cell length (µm) 120
cell aspect ratio (thickness/width) 0.67
volume fraction of myocytes 0.825
helix angle rate (°mm−1) 75
IC diffusivity (mm2 s−1) 1.5× 10−3

EC diffusivity (mm2 s−1) 1.5, 1.8 and 2.1 × 10−3

permeability (µm s−1) 0
diffusion pulse duration, δ (ms) 5 2.5
diffusion interval, ∆ (ms) 9 10 to 40
gradient strength (Tm−1) 0.25 to 0.78 0.30 to 0.62
b-value (smm−2) 800 to 8000 1600
voxel size (µm3) 200×200×200 200×200×200
SNR 127 60

As for the permeability study, the voxel size was 200 µm for both the effect of

gradient strength and effect of diffusion time analysis.

Firstly, I calculated the MRI signals and DT derivatives for the IC and EC space

separately. I then combined the signals by weighting them according to their VFs to

calculate the overall signal. From this I calculated the overall DT and its derivatives.
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5.2.3 Results

Separate IC and EC data

These results are from the separate analyses of the IC and EC space. Diffusivity

in the IC space is 1.5× 10−3 mm2 s−1. Three different diffusivities are modelled

in the EC space: EC(low) = 1.5× 10−3 mm2 s−1, EC(mid) = 1.8× 10−3 mm2 s−1,

EC(high) = 2.1× 10−3 mm2 s−1.

Figure 5.8 shows the MRI signals for different b-values altered by gradient strength.

The IC signals have a narrower inter-quartile range than the EC signals. As the

EC diffusivity increases, the MRI signals decrease. The mean is greater than the

median, especially for the EC, and the difference increases with b-value. All signals

decrease with b-value. The geometry has a marked effect on the MRI signals, as

the IC and EC(low) diffusivity are the same, but the IC signal is lower, with a

smaller range than the EC(low) MRI signals.
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Figure 5.8: MRI signals in EC and IC space. The b-value is altered by gradient strength.
Diffusivity in the IC space is 1.5× 10−3 mm2 s−1; three different diffusivities are modelled in the
EC space (low = 1.5× 10−3 mm2 s−1, mid = 1.8× 10−3 mm2 s−1, high = 2.1× 10−3 mm2 s−1).
Boxes are inter-quartile ranges with the median as a horizontal line and the circle indicating the
mean; whiskers are 1.5 times the interquartile range, and outliers are beyond that. Data are from
100 gradient directions and 100 repetitions for an SNR of 127.
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Figure 5.9: DT in EC and IC space. The b-value is altered by gradient strength. Eigenvalues
(left, top - λ1, middle - λ2, bottom - λ3), mean ADC (right, top) and FA (right, middle) from
the molecules in the IC (pink) and EC space. Diffusivity in the IC space is 1.5× 10−3 mm2 s−1;
three different diffusivities are modelled in the EC space (low = 1.5× 10−3 mm2 s−1, mid =
1.8× 10−3 mm2 s−1, high = 2.1× 10−3 mm2 s−1). Data points are the mean, error bars are ±1
standard deviation. Data are from 100 gradient directions and 100 repetitions for an SNR of 127.

Figure 5.9 shows the λs, mean ADC and FA from signals for different b-values altered

by gradient strength. At the lower b-values, λ1 and λ2 are much higher for the

EC(high) and EC(mid) than for the IC and EC(low), and they then decrease more

rapidly. At the higher b-values, λ1 is approximately the same for all simulations;

the IC and EC(low) have a similar λ1 for all b-values. λ2 and λ3 are higher for the
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IC than for all the ECs at higher b-values. All λs are higher for EC(high) than

EC(mid), and for EC(mid) than EC(low). The mean ADC starts high for EC(high)

then decreases more rapidly. The FA is higher for all ECs than IC. At lower b-values

the FA is similar for all ECs, but EC(high) decreases more rapidly at higher b-values.

The geometrical effects are again seen as compared with the IC results, the EC(low)

has a similar λ1 and lower λ2 and λ3 , leading to a lower ADC and a higher FA.

Figure 5.10 shows the MRI signals for different diffusion times for a constant b-value

of 1600 smm−2. The IC signals have a smaller interquartile range than the EC

signals, and the mean signal increases with diffusion time. The EC(high) signal is

lower than for the EC(mid), and the EC(mid) lower than the EC(low). The mean

and median are similar for the IC signals; for the EC, the mean is higher than the

median especially for the EC(high). The EC signals are approximately constant

with diffusion time; the IC increases with diffusion time.
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Figure 5.10: MRI signals in EC and IC space by diffusion time. Diffusivity in the
IC space is 1.5× 10−3 mm2 s−1; three different diffusivities are modelled in the EC space (low
= 1.5× 10−3 mm2 s−1, mid = 1.8× 10−3 mm2 s−1, high = 2.1× 10−3 mm2 s−1). The b-value is
1600 smm−2. Boxes are inter-quartile ranges with the median as a horizontal line and the circle
indicating the mean; whiskers are 1.5 times the interquartile range, and outliers are beyond that.
Data are from 100 gradient directions and 100 repetitions for an SNR of 60.

Figure 5.11 shows the λs, mean ADC and FA for different diffusion times for a

constant b-value of 1600 smm−2. The λs and mean ADC are higher for the EC(high)
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than for the EC(mid), and higher for the EC(mid) than for the IC and EC(low). The

λs and mean ADC increase slowly with diffusion time for the EC simulations. For

the IC the λs and mean ADC decrease with diffusion time; λ2 and λ3 decrease more

sharply than λ1. The FA is approximately the same for all the EC simulations and

decreases slowly with diffusion time. The FA for the IC increases with diffusion time.
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Figure 5.11: DT in EC and IC space by diffusion time. Eigenvalues (left, top - λ1,
middle - λ2, bottom - λ3), mean ADC (right, top) and FA (right, middle). Diffusivity in the
IC space is 1.5× 10−3 mm2 s−1; three different diffusivities are modelled in the EC space (low
= 1.5× 10−3 mm2 s−1, mid = 1.8× 10−3 mm2 s−1, high = 2.1× 10−3 mm2 s−1). The b-value is
1600 smm−2. Data points are the mean, error bars are ±1 standard deviation. Data are from 100
gradient directions and 100 repetitions for an SNR of 60.
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Effect of different EC diffusivity on overall results

These results are for the combined IC and EC data. Diffusivity in the EC space is

1.5, 1.8 and 2.1× 10−3 mm2 s−1 for sim(low), sim(mid) and sim(high) respectively.

Figures 5.12 and 5.13 show the MRI signals for different b-values and diffusion

times respectively. There are only very small differences in the simulated data with

the different diffusivities. The signals are slightly lower when the EC diffusivity is

high. The signals decrease with b-value and increase with diffusion time.
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Figure 5.12: MRI signals with different EC diffusivities. The b-value is altered by
gradient strength. Boxes are inter-quartile ranges with the median as a horizontal line and the
circle indicating the mean; whiskers are 1.5 times the interquartile range, and outliers are beyond
that. Data are from 100 gradient directions and 100 repetitions for an SNR of 127.
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Figure 5.13: MRI signals with different EC diffusivities by diffusion time. The b-
value is 1600 smm−2. Boxes are inter-quartile ranges with the median as a horizontal line and the
circle indicating the mean; whiskers are 1.5 times the interquartile range, and outliers are beyond
that. Data are from 100 gradient directions and 100 repetitions for an SNR of 60.
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Figure 5.14 shows the λs, mean ADC and FA for different b-values altered by

gradient strength. There are only very small differences with EC diffusivity. At the

lowest b-values the λs and therefore the ADC are slightly higher for the sim(high)

than for the sim(mid) and the sim(low). At high b-values, the FA is slightly higher

for the sim(low) than the sim(mid) and the sim(high).
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Figure 5.14: DT with different EC diffusivities. The b-value is altered by gradient
strength. Eigenvalues (left, top - λ1, middle - λ2, bottom - λ3), mean ADC (right, top) and FA
(right, middle). Data points are the mean, error bars are ±1 standard deviation. Data are from
100 gradient directions and 100 repetitions for an SNR of 127.
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Figure 5.15 shows the λs, mean ADC and FA for different diffusion times. The λs

and therefore the mean ADC increase very slightly with EC diffusivity. The FAs

are the same.
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Figure 5.15: DT with different EC diffusivities by diffusion time. Eigenvalues (left,
top - λ1, middle - λ2, bottom - λ3), mean ADC (right, top) and FA (right, middle) from the
experimental data (pink) and simulated data. The b-value is 1600 smm−2. Data points are the
mean, error bars are ±1 standard deviation. Data are from 100 gradient directions and 100
repetitions for an SNR of 60.
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5.2.4 Discussion

Although when analysed separately, the EC space exhibits different behaviour from

the IC space, when the two compartments are combined the effects of changing

the EC space are only very small. This is presumably due to the small VF of

the EC space (17.5% in the model).

In the model, the EC space aligns with the cells and therefore both have much

smaller restrictions in the direction of the cell long axis than perpendicular to it.

Both the cells and EC space have only small restrictions to diffusion in this direction

leading to similar λ1s when the diffusivity is equal. Parallel to the layers, the EC

space has two difference sections: the gaps between each cell in a single layer which

have the same depth as the cells but are much narrower, and the gap between layers

which extend across the width of all the cells but are much narrower than the depth

of the cells (see Figure 5.16 for a diagram of the EC space). Overall the EC space

is more restrictive both parallel and perpendicular to the layers than the IC space.

Figure 5.16: Diagram of EC space parallel to layers of cells. The gap between cells
within a layer is shown in dark blue, the gap between layers in shown in light blue, cells are beige.
The EC space in the direction parallel to the layers consists of the dark and light blue, which have
different shapes.

For the separate analysis, λ1 increases with EC diffusivity at lower b-values, and

is approximately the same for the IC and EC(low). λ2, λ3 and ADC also increase

with EC diffusivity. The higher diffusivity leads to longer diffusion distances, and

therefore to higher λs and hence ADC. At the higher b-values, the MRI signals

approach the noise floor and therefore no longer display a linear decrease on the
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log scale with increasing b-value. This leads to λ1 becoming equal for the IC and

all EC simulations at the higher b-values.

For the effect of diffusion time for the IC space, the λs and therefore the ADC all

decrease with diffusion time, and the FA increases. As the diffusion time increases,

the probability of reaching the cell membrane in a timestep increases and therefore

the apparent diffusion decreases. The effect is more marked along the width and

depth of the cells (λ2 and λ3) than along the cells (λ1) and this leads to greater

measured anisotropy in a higher FA. For the EC space, the λs and therefore ADC

increase with EC diffusivity, and are higher than the IC values, except at the

shortest diffusion time. The λs and ADC increase with diffusion time for the EC.

In summary, the effects of the EC diffusivity are very small, due to the small VF.

When compared with the experimental data, changing the EC diffusivity does not

change the correlation of simulated data to the experimental data, and so does not

explain the differences between the simulated and experimental data.

Further work

Increasing the EC diffusivity had little effect on the results, which is perhaps

unsurprising given the small VF of the EC space. Diffusivity, however, remains

an interesting topic for further investigation.

It would be helpful to have further experimental values for the IC and EC diffusivity

in myocardial tissue, and to explore the inherent anisotropy within cells. There are

ways this could be done. As Silva et al. [162] did for the brain, IC contrast agent

could be used to allow diffusivity for IC only and combined IC and EC compartments

to be calculated. To investigate IC anisotropy, very short diffusion times could

be used, although myocytes are probably too small for this to be experimentally

feasible. An alternative would be to use ‘skinned’ cells where for a sample of

myocytes, the cell membranes are dissolved so that this restriction to diffusion is
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removed and any anisotropy measured is therefore due to IC components. The

Aslund method [164] could also be used to determine the IC and EC diffusivities.

The biexponential model is commonly used in fitting dMRI data, and the dMRI

data fits well to the model. It produces two DTs, one for the ‘fast’ and one for

the ‘slow’ compartment and a VF for each compartment. It was originally thought

that the two compartments relate to the IC and EC space, but the VFs do not

correlate with the known VFs of IC and EC. In both the heart and the brain, the

VFs are the opposite of that expected [62, 166].

Sehy et al.’s [63] study of IC diffusion in oocytes found that the biexponential model

fits well to the IC diffusion data with similar results to those found in the brain

(89% ‘fast’ and 11% ‘slow’). Galons et al.’s [64] work on glioma cells also found

that the IC results fit the biexponential model. These results further support the

idea that diffusion may not be able to be divided simply into IC and EC, but

that there are more complex variations occurring. The most plausible explanation

is that the ‘slow’ compartment relates to water bound near the membrane and

to proteins, and the ‘fast’ compartment is the bulk IC and EC water. Further

biexponential analysis could be carried out to generate appropriate parameters

to model the slow diffusing membrane layer.

5.3 Summary of chapter

In this chapter I investigated the effect of two parameters on the dMRI model: the

permeability of the cell membranes and the extra-cellular diffusivity to determine

whether they had a significant effect and whether they could explain the differences

between the simulated and experimental data in Chapter 4.

Cell membranes are permeable to water molecules and have been shown in previous

work [108] to have an effect on the FA. Diffusivity was found in the sensitivity

analysis in Chapter 3 to be the most important input parameter, and a review of the
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literature shows that there may be differences between IC and EC diffusivity [141],

anisotropy of IC diffusivity [168] and even variable diffusivity within a cell [63].

Introducing permeable membranes only had a very small effect on the results when

using ex vivo values for permeability at room temperature. Permeability is strongly

influenced by temperature and therefore the in vivo effect may be more marked.

Increasing the EC diffusivity in the model compared with the IC diffusivity has very

little effect on the dMRI results, presumably due to the small VF of the EC space.

There remain many unknowns regarding IC and EC diffusion, including their relative

values and the degree of anisotropy. The biexponential model suggests there may

be inhomogeneity within the IC space. These would all be of interest to investigate

experimentally, especially as diffusivity is important in models of dMRI.
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6
The effects of disarray

In this chapter I model type IB disarray as found in hypertrophic cardiomyopathy

(HCM) to investigate whether diffusion MRI (dMRI) could be a useful tool in

identifying and quantifying disarray in disease. I show that changes in the amount of

disarray affect the dMRI results and that the model could therefore help understand

the relationship between disarray and dMRI data.

6.1 Background

As discussed in Chapter 2, in pathology there is often remodelling of the cardiac

microstructure. This can take many forms, including disarray, fibrosis, cell hyper-

trophy and intracellular changes [38]. In this chapter, I focus on disarray, where

the regular microstructure of the heart tissue becomes disorganised, especially that

found in HCM. The disarray found in HCM is thought to cause the disruption to the

electrical signals which can lead to sudden cardiac death (SCD) [19]. Implantable

defibrillators are used in patients deemed at high risk of SCD, but there are significant

risks associated with these which makes identifying these high-risk patients very

important. If dMRI could quantify the amount of disarray then this could be used

127



128 6.1. Background

to assess risk, stratify patients and guide treatment. The first step in using dMRI to

quantify disarray is to understand how changes in disarray affect the dMRI signal.

6.1.1 Classification and quantification of disarray

Maron and Roberts [28] used histological sections of post-mortem human hearts

with and without HCM to classify and quantify disarray. They defined four types

of disarray as shown in Figure 6.1, and in diagrammatic form in Figure 6.2.

Figure 6.1: The four types of disarray as defined by Maron and Roberts [28]. Reproduced
from Maron and Roberts [28] with permission.

Types IA and IB are identified when the cells are cut longitudinally, types IIA and

IIB are found when the cells are cut transversely. It is not therefore possible to

identify both types in the same area as cells will either be cut longitudinally or

transversely. Type IA is the most common type and is described as areas where



6. The effects of disarray 129

Figure 6.2: Diagram of types of disarray. Diagrammatic representation of the four types
of cardiac muscle cell disorganization. Normal arrangement of cardiac muscle cells is shown at the
top for comparison. Reproduced from Maron and Roberts [28] with permission.

myocytes are aligned perpendicularly or obliquely to adjacent myocytes leading

to tangled masses or a pinwheel configuration. The lesions vary in size, but are

mainly small. There are a wide range of varieties of this type of disarray, as shown

in Figure 6.3. Type IB has bundles of cells oriented perpendicularly or obliquely

to each other. Within each bundle, the cells are arranged normally. Type IIA

has narrow bundles of longitudinally-cut cells interspersed within larger groups of

transversely-cut cells in various directions. The narrow bundles are usually one

or two cells wide, and this gives a swirled pattern. Type IIB is similar to type

IIA, but the narrow bundles are straighter.

To quantify the extent of the disarray, Maron and Roberts [28] manually outlined

type I and type II disarrayed areas on histology images, as well as defining which

areas were transversely or longitudinally cut. They excluded areas with blood
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Figure 6.3: Examples of type 1A disarray. A) "Chaotic" pattern in which adjacent cells
are arranged at perpendicular and oblique angles to each other; B) "Swiss cheese" appearance that
results when adjacent cells are oriented at particularly acute angles; C) Tangled arrangement of
cardiac muscle cells in whorled configurations; D) Whorl pattern in which some cells are oriented
circumferentially to other cells; E) and F) Patterns in which small groups of cells are oriented at
extremely acute angles to larger groups of cells. Reproduced from Maron and Roberts [28] with
permission.

vessels, fibrosis or excessive gel. The extent of the disarray was calculated as follows:

typeI = DI

L+DI

× 100 (6.1)

typeII = DII

L+ T +DII

× 100 (6.2)

where DI and DII are respectively the area on the histology image classified as type

I or type II, and T and L are the areas classified as transversely or longitudinally

cut on the histology image.
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Maron and Roberts [28] studied the ventricular septum of 54 post-mortem HCM

hearts, of whom 48% died from SCD. They found type IA disarray was present

in 85% of the hearts, type IB disarray in 46% of the hearts, type IIA in 11% of

the hearts and type IIB in 9% of the hearts. The mean extent of disarray was

31%. In a later study, Maron et al. [29] analysed the left ventricular (LV) wall of

52 post-mortem hearts with HCM, of whom 52% had died from SCD. They found

type IA to be the most common form of disarray occurring in 66% of hearts in the

LV anterior free wall and 64% in the LV posterior free wall. Type IB occurred in

34% and 33% of the anterior and posterior LV free walls respectively. Type IIA was

only found in one heart, in the posterior LV free wall, and no hearts showed type

IIB disarray. The mean extent of disarray was 32% in the anterior free wall and

15% in the posterior free wall. The total extent per heart ranged from 0% to 80%.

Noda [38] analysed one endomyocardial biopsy from each of 62 living HCM patients.

They used their own 5-point scale to classify disarray (none, 1+, 2+, 3+ and

4+), where grade 1+ indicates only minimal and focal myofibre disarray and

grade 4+ indicates marked disorientation of the myofibres throughout the biopsy.

They found that 78% of RV biopsies and 72% of LV biopsies showed disarray,

mostly at grade 1+ or 2+.

Kuribayashi and Roberts [30] graded disarray in 47 post-mortem HCM hearts,

of whom 62% died from SCD. They used their own 4-point scale (none, 1+, 2+

and 3+) dependent on the level of disorder of the muscle fibres in the midwall

layer, where grade 1+ meant fibres were slightly deviated from a parallel alignment,

and grade 3+ meant there was no circular unit of muscle bundle. In the LV,

disarray was present in 11% of hearts in the lateral free wall, 56% in the posterior

free wall and 64% in the anterior free wall. The degree of disarray was mostly

graded as 1+ or 2+. Levels of disarray were much higher at the junction of the

LV and RV: 93% and 84% in the anterior and posterior junctions respectively,

with over 50% of hearts graded at level 3+.



132 6.1. Background

Varnava et al. [40] quantified disarray in 72 hearts with HCM at either death or

transplant. They took 19 sections from different locations in the heart and for

approximately 60 fields per section scored type IA disarray as either present or

absent. They found large variations in the extent of disarray within individual

hearts, ranging from less than 10% in one section to over 90% in another section.

There was also variation within sections. The mean extent of disarray ranged from

12.9% in the mid-level lateral wall to 30.5% in the mid-level anterior septum.

Morimoto et al. [39] scored type IA disarray as present or absent at approximately

900 sites for each of 16 post-mortem hearts with HCM. They found the mean

extent of disarray ranged from 67.4% in the ventricular septum in the transverse

plane to 12.4% in the RV free wall in the longitudinal plane. In individual hearts,

the extent ranged from 1.2% to 100%.

To my knowledge, the only study that quantifies the angle of disarray was by

Masuda et al. [36]. They took microphotographs of the biopsies of the myocardium

from living patients, eight with HCM and eight controls, and magnified them 250

times. They drew the long axis of each myocyte and then calculated the standard

deviation of the angles, as shown in Figure 6.4. In the control hearts the standard

deviation was 15.0± 5.2, in the HCM hearts it was 38.8± 8.3.

The studies by Noda [38] and Masuda et al. [36] used biopsies of living patients,

while all the other studies used post-mortem hearts, approximately half of whom

had died from SCD. If the degree or extent of disarray is related to SCD, as proposed

by Varnava et al. [47], then there may be an overestimation of the disarray due to

the high proportion of SCD subjects within these studies. The two biopsy studies

also show large amounts of disarray and may also be an overestimation of the

general HCM population. Noda’s [38] subjects had the biopsies taken during cardiac

procedures and were therefore presumably displaying symptoms of HCM at the

more severe end of the spectrum. Masuda et al. [36] do not state when their biopsies

were taken and therefore the level of symptoms of the subjects is unknown.
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Figure 6.4: Measurement of myocyte orientations. (a and d) Microphotographs of the
myocardium (x250). (b and e) Direction of myocytes traced onto transparent sheets. (c and f)
Histogram of myofibre angles. Reproduced from Masuda et al. [36] with permission from Tohoku
University Medical Press.

Overall, disarray is present in a large proportion of HCM patients. The prevalence

depends on the area of the myocardium that is measured, but is approximately

60-80%. The extent of disarray also varies a large amount, from 0 to 100% depending

on measurement technique, area of the myocardium and individual subjects.
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6.2 Methods

Although it is the most common type of disarray, Type IA disarray has a wide variety

of subtypes (Figure 6.3). Type IB is the second most common, is more consistent,

and is simpler to model. I therefore decided to start by modelling this type.

Figure 6.5 shows type IB disarray from Maron and Roberts [28] with a voxel of

200 µm superimposed. It shows that it is likely that a single voxel would contain

no more than two cell orientations due to the size of the sections of aligned cells

compared with the voxel size. I therefore modelled two sections of aligned cells,

each taking up half of each layer of cells.

Figure 6.5: Type IB disarray. 200 µm voxel superimposed in turquoise to show scale.
Reproduced from Maron and Roberts [28] with permission.

For each layer with disarray, I created cells in the two halves as shown in Figure 6.6.

From Maron and Roberts’ [28] images and figures as seen in Figures 6.1 and 6.2,

the angles between two sections of aligned cells can take any value. I therefore

angled the cells in each half so that the total angle between them was 0°, 15°, 30°,

45°, 60° and 75°. I have termed this the ‘angle of disarray’.

From the studies which measured the extent of disarray in a sample, this varies

considerably and can be up to 100% [39]. I therefore modelled the proportion

of the simulated tissue that was disarrayed from 0% to 100%, in steps of 20%.

I refer to this as the ‘extent of disarray’.
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Figure 6.6: Disarray set-ups for comparable slices for different angles of disarray.

There are no 3D histology studies of disarray available in the literature, so the

changes through the voxel are hard to ascertain. I therefore kept the parallel layers

of cells, each of which was either disarrayed or not disarrayed. To my knowledge,

there is no published data on how thick the disarrayed layers are. However, it seems

unlikely that there would be alternating layers of disarrayed and non-disarrayed

layers. I therefore assumed that there were two populations of cells through the

voxel: disarrayed and non-disarrayed. This set-up can be seen in Figure 6.7.

The model and simulation parameters are in Table 6.1. I simulated the data using

a single set of MRI sequence parameters. I chose these parameters as the timings

are similar to those used in the studies in Chapter 4, and the b-value in the range

that is used in both ex vivo and in vivo studies. As for previous studies, I used a

timestep of 2 µs and a density of molecules of 1× 108 mm−3.
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Figure 6.7: Diagram showing different extents of disarray. View is side-on to the layers.
Percentage is for central voxel (beige).

Table 6.1: DTI sequence and model parameters for type IB disarray simulations.

parameter units value

diffusion pulse duration, δ ms 4
diffusion interval, ∆ ms 9
b-value smm−2 1500
gradient strength Tm−1 0.41
voxel size µm3 200× 200× 200
total simulation volume µm3 400× 400× 400
timestep µs 2
total number of molecules 6.4× 106

number of molecules in voxel 8× 105

no. of gradient directions 100
SNR 127
cross-sectional area µm3 200
length µm 120
aspect ratio (thickness/width) 0.67
volume fraction of myocytes 0.825
diffusivity mm2 s−1 1.5× 10−3

helix angle rate °mm−1 75
angle of disarray ° 0, 15, 30, 45, 60 and 75
extent of disarray % 0, 20, 40, 60, 80 and 100
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6.3 Results

Figure 6.8 shows the effect of type IB disarray on the MRI signal. As either the

extent or the angle of disarray increases, the inter-quartile and total range of MRI

signals decreases. The mean MRI signal stays constant.
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Figure 6.8: Disarray MRI results. Top figure is by extent of disarray, with different angles
of disarray in different colours. Bottom figure is by angle of disarray, with different extents of
disarray in different colours. Far left box shows no disarray results. Boxes are inter-quartile ranges
with the median as a horizontal line and the circle indicating the mean; whiskers are 1.5 times the
interquartile range, and outliers are beyond that.
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Figures 6.9 and 6.10 show the DT results by angle and extent of disarray. As either

the angle or extent of disarray increases, λ1 decreases, λ2 increases and the FA

decreases. λ3 and the mean ADC remain approximately constant.

The angle and extent of disarray have similar effects on both the MRI signals and the

DT.
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Figure 6.9: Disarray DT results by angle of disarray. λs (left), and mean ADC and FA
(right) by angle of disarray. Different extents of disarray are in different colours.
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Figure 6.10: Disarray DT results by extent of disarrayed tissue. λs (left), and mean
ADC and FA (right) by extent of disarray. Different angles of disarray are in different colours.
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6.4 Discussion

To my knowledge, this is the first study which models myocardial disarray and its

effect on the dMRI signal. The results show that type IB disarray affects λ1, λ2 and

the FA and therefore measuring these parameters in hearts with HCM could help

detect and quantify the amount of disarray in these hearts. These results show that

the model may help uncover the relationship between disarray and dMRI signals.

In this model of type IB disarray in HCM, when the angle or extent of disarray

increases, the range of MRI signals, λ1 and the FA decrease, while λ2 increases. As

the disarray increases, the restrictions to diffusion become more similar in each

direction within a layer. This leads to less variation in the MRI signals over the

different gradient directions. In this model of disarray the layers remain parallel

to each other, therefore the addition of disarray has no effect in the direction

perpendicular to the layers, and λ3 remains approximately constant. There is no

change in the mean ADC since the cell sizes and therefore the lengths of restriction

are unchanged. At mid-range disarray with an angle of 45° and extent of 60%

the changes in the λs are only small: λ1 decreases by 4% and λ2 increases by 4%,

compared with no disarray. These changes in λ1 and λ2 lead to larger changes in

the FA (10% decrease at a degree of 45° and extent of 60%). This suggest that

FA would be the most likely parameter to show clinical changes.

One in vivo study has shown that FA is decreased in HCM compared with controls,

especially in the septum [95], which corresponds with the changes I found in my

model. Tseng et al. [95] also found lower helix angles, while Ferreira et al. [96] found

changes in the secondary eigenvector in diastole. As my model is currently of a

single voxel, I cannot meaningfully analyse the changes in angles and eigenvectors,

especially in different contraction states.
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6.4.1 Current limitations, difficulties and unknowns

There are many types of disarray, as well as variation within the types. In this

work I have only modelled type IB disarray, as this is less variable than type IA

disarray and is simpler to model. I have, however, simplified this disarray by

assuming that there are still parallel layers of cells. Type IIA and IIB disarray

are found when the cells are cut transversely and therefore show changes between

the layers of cells. Neither of these types are commonly found in HCM [29] and it

is therefore a reasonable first approximation to assume that there are no changes

in this direction. However, the assumption that the layers of cells are parallel

to each other is already a simplification in normal tissue, and this assumption

may be less valid in diseased tissue.

The variation in type IA disarray presents a significant modelling challenge, especially

given the lack of quantification of disarray. Masuda et al. [36] is the only work

I have found on quantifying the degree of disarray, and is a 2D measurement of

the variation of the orientation of the long axis of the cells. There is a lack of

detailed knowledge regarding the 3D arrangement of myocytes, especially in disease,

which inhibits both the modelling of disarray, and the general understanding of

how disarray may affect the heart’s function.

Type IA modelling as shown in Figure 6.2 consists of individual cells arranged at

random angles relative to each other. Masuda et al. [36] found that the angle of

the cells in type IA disarray varies between 0 and 180°. In modelling, introducing

variable orientations of the cells while maintaining the required volume fraction of

cells is challenging, as found by Yeh et al. [110] in their modelling of the brain.

6.4.2 Future work

So far I have only modelled type IB disarray; modelling the other types of disarray,

especially all the variations of type IA will be essential in understanding how to use



142 6.4. Discussion

dMRI to identify and quantify disarray in diseased hearts. As well as disarray, there

are other remodelling changes in disease. In HCM, changes include increased wall

thickness [28], hypertrophy of myocytes [38], fibrosis, and small vessel disease [40].

These changes could all be introduced into the model. Cell sizes are already a model

parameter and therefore increasing the CSA and length of the cells is straightforward;

the sensitivity analysis in Chapter 3 showed that the CSA is an important parameter

on both the FA and the mean ADC and this would therefore be expected to show

changes in disease. Fibrotic areas in the heart have been shown to have a lower

FA and higher mean ADC [37] and could perhaps therefore be modelled as a fairly

homogeneous area with small restrictions to diffusion. Vessels are introduced into

the model in Chapter 7; it would be straightforward to change their parameters.

As Lin et al. [103] found when modelling the effects of traumatic brain injury, different

physiological changes can have opposing effects on the DT and its derivatives. The

DT may not therefore be sufficiently sensitive to determine the effects of disarray

and more complex models may be needed to analyse dMRI data. Different models

were discussed in Section 2.3.3; non-Gaussian or multi-compartment models could

prove to be better ways of analysing the data from pathological hearts. Each of

them is a different method of analysing the dMRI signals and could therefore easily

be used to analyse the dMRI signals simulated by the model.

The limited knowledge of the 3D structure of the heart is a challenge when modelling

the cardiac microstructure. Colleagues are working on two studies which may

improve this understanding. Initial results from our group, led by Dr Ramon

Casero, show the possibility of reconstructing 3D histology images from parallel

slices covering a complete murine heart. Dr Irvin Teh [170] has recently acquired

synchrotron images of mice hearts, along with DT imaging.

Using a mesh generated from either the histology or synchrotron imaging as the

input geometry of the model would be helpful in two ways. Firstly, it could be

used to better quantify disarray, particularly in 3D. Secondly, it would allow further
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validation of the model. Using the synchrotron images as a mesh input to the model

and comparing this with the DT would be a good validation of the modelling method.

Taking a mesh from 3D histology or synchrotron images avoids the need for an

algorithm to create the model geometry. However, it does not allow the geometry

to be changed in a controlled manner, which is the main advantage of using a

parameterised geometry model, as we can change the structure and parameters by

a known amount and measure the effects of these on the output. We can also fit

the simulated data to many different models to investigate which will best allow

us to discern changes in the underlying physiological geometry.

6.5 Summary of chapter

In this chapter I present the first model, to my knowledge, of myocardial disarray

and its effect on dMRI results. I show that type IB disarray in HCM can be

modelled and changes in the dMRI signal measured. These results show that the

model may help uncover the relationship between disarray and dMRI signals.

I modelled type IB disarray as found in HCM hearts. I varied the extent of disarray,

that is the proportion of the voxel containing disarrayed cells, and the angle of

disarray, that is the relative alignment of the two sections of cells within a layer.

As the angle or extent of disarray increases, the range of MRI signals, λ1 and

the FA decrease, while λ2 increases.

The work in this chapter is preliminary work which demonstrates that it is possible

to model disarray within an MC model and to achieve plausible results. There

are many unknowns regarding the changes that occur in disarray which make

modelling challenging but recent advances in imaging and image reconstruction

should improve this.
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Future work will be to model different types of disarray in conjunction with

other remodelling such as fibrosis and cell hypertrophy. The interactions of these

physiological changes may mean that the DT is insufficiently sensitive to quantify

and differentiate these changes. Multi-compartment models equivalent to those

used in the brain or non-Gaussian models may therefore be needed.
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Modelling the effect of blood vessels

In this chapter, I extend the model to include blood vessels with the aim of

determining what effect they have on the diffusion MRI (dMRI) results, to support

experimental work carried out by colleagues in the Radcliffe Department of Medicine.

Since capillaries are longer and thinner than myocytes, diffusion in them will be

more directional than in myocytes and the capillaries could therefore have a marked

effect on the dMRI results. If the effect is large, it could mask changes in the

orientation of the myocytes, which would be important in detecting pathological

changes. The results show that the effects are small, which corresponds with the

experimental results found by my colleagues.

7.1 Background

Capillaries are predominantly parallel to the myocyte orientation [3]. dMRI measures

the predominant direction of diffusion within tissue to infer information about the

structure of the tissue. Since capillaries are longer and thinner than myocytes,

diffusion within them will be more directional than in the myocytes. In live tissue,

there will also be blood flow through the capillaries. It is therefore possible that the

145
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diffusion and/or flow within the capillaries have a marked influence on the results

of the dMRI studies and could affect the interpretation of dMRI results.

Colleagues in the Radcliffe Department of Medicine have carried out experimental

work to analyse the effect of diffusion within vessels. They used ex vivo rat hearts

where half of the heart had its blood vessels filled with microfil, and the other half

was left unfilled. Initial results have shown only small differences between the filled

regions (where blood vessels do not contribute to the MRI signal - ‘without vessels’)

and unfilled regions (where blood vessels do contribute to the overall MRI signal -

‘with vessels’). They found that in the areas ‘without vessels’ the FA is reduced,

and the mean ADC is increased compared with the areas ‘with vessels’. Since it was

hard to determine how successfully the blood vessels were filled, it was not known

whether the results were accurate or due to incomplete filling of the blood vessels.

Table 7.1 shows a summary of the size and prevalence of capillaries in rat myocardium.

The diameter of capillaries is around 5 µm. The prevalence of capillaries is described

in three ways: the volume fraction ranges from 5% to 22%, the ratio of capillaries

to myocytes is from 0.75 to 1.3, and the capillary density is from 2100mm−2 to

4200mm−2. Assuming a capillary diameter of 5 µm, these densities give volume

fractions of 4.1% to 8.2%. Combining the range of diameters found with the range

of capillary densities gives a volume fraction of 3% to 23%. As for the literature

review of myocyte parameters in Chapter 3, there is a wide range of values, which

may be due to variability within animals, differences between types of rat or gender,

or the preparation and measurement techniques. Smith and Clark [171] found

that capillary density decreases with age, but there were no differences by gender.

Watanabe et al. [172] found a much higher volume fraction than the other studies:

they used 3D confocal imaging with a contrast agent in the vasculature compared

with 2D methods in all other studies, which could account for the difference.

The purpose of this study was to firstly analyse the effect of the inclusion of blood

vessels in the model on dMRI results. Secondly, to determine whether the MRI
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Table 7.1: Size, density and prevalence of capillaries in rat myocardium

parameter value reference

capillary diameter (µm)

4.38–5.29 Poole [173]
4.6 Chen [174]
5.4 Anversa [175]

5.63± 0.28 Kano [176]
8.2± 0.1 Turek [177]

capillary volume fraction (%)

5 De Souza [178]
8 Anversa [175]
10 Chen [174]

12± 4 Inuwa [179]
12.0± 0.1 Turek [177]
22.2± 5.6 Watanabe [172]

capillaries:myocytes ratio

0.75 Smith [171]
1.00± 0.04 Turek [177]
1.12–1.70 Poole [173]

1.135–1.376 Kayar [180]
1.29± 0.04 Kano [176]

capillary density (mm−2)

2100 Huikeshoven [181]
2321± 82 Turek [177]
2589± 140 Kano [176]
3121–5445 Poole [173]
3955–4305 Kayar [180]

4000 Anversa [175]
4200 Chen [174]

sequence, in particular the diffusion time, affects the differences seen. As the

diffusion time is increased, the effects of restriction will increase and so this could

increase the differences found. In addition, the simulated results were compared

with the experimental results, to investigate whether similar changes were seen.

7.2 Method

I extended the model described in Chapter 3 to include long cylindrical blood vessels

interspersed regularly between the cuboidal cells (see Figure 7.1). I set the cells to

a uniform size, with values close to the mid-range of those used in the sensitivity

analysis in Chapter 3, as listed in Table 7.2. The vessels were modelled as cylinders
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of 5 µm diameter extending the full length of the cells to which they run parallel

(see Figure 7.1). To achieve different volume fractions of vessels (VFves), I used

the arrangements shown in Figure 7.2 within each layer.

Figure 7.1: Model set-up of a single layer for vessels study. Cylindrical vessels (pink)
interspersed between cuboidal cells (turquoise)

Figure 7.2: Model set-up within each layer for each VFves

I set the diffusivity in the cells and extra-cellular space to 1.5× 10−3 mm2/s. In

discussion with colleagues from the National Heart and Lung Institute at Imperial

College London and the Radcliffe Department of Medicine we considered that the

restriction to diffusion in blood vessels could be less than in cells due to fewer

sub-cellular structures; it is therefore possible that the diffusivity of water in vessels

could be higher than that in cells. I therefore used two settings for the diffusivity

in vessels: the same as the cells (1.5× 10−3 mm2/s: ‘DV1.5’) and higher than in

the cells (2× 10−3 mm2/s: ‘DV2’). These are both simulations of ‘with vessels’,
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where the signal from the vessels contributes to the overall MRI signal. To simulate

‘without vessels’, where the signal from the vessels is suppressed, no molecules were

placed in the vessels (signal from vessels = 0: ‘SV0’).

I carried out two studies. The first looked at the effect of filling the blood vessels for

a range of volume fractions of vessels. The second investigated whether changing

the acquisition sequence parameters, especially the diffusion time, affects the ability

to discern between areas with and without blood vessels.

For the first study, I ran simulations for the DV1.5, DV2 and SV0 set-ups using

a range of VFves and the parameters in Table 7.2, which I chose to match the

experimental MRI sequence parameters. I simulated noisy data with Rician noise

for 100 repetitions with an SNR of 50, which was approximately that found in

the experimental data.

Table 7.2: Parameters for vessels studies

parameter study 1 study 2A study 2B study 2C

diffusion pulse duration, δ (ms) 2.0 2.0–1.1 2.0 2.0
diffusion interval, ∆ (ms) 5.5 5.5–16.4 5.5–17.5 5.5–17.5
bvalue (smm−2) 1000 1000 1000 1000–3500
gradient strength (Tm−1) 0.85 0.85 0.85–0.46 0.85
SNR 50 50–30 50–27 50–27
vessel volume fraction (VFves) 0–20.6% 6.4–10.3% 6.4–10.3% 6.4–10.3%
voxel size 200× 200× 200 µm
simulation size 400× 400× 400 µm
cell length 120 µm
cell cross-sectional area 200 µm2

aspect ratio 0.5
helix angle range 75 °mm−1

vessels diameters 5 µm

For the second study, I again ran simulations for the DV1.5, DV2 and SV0 set-ups,

but this time with different sequences and a smaller range of VFves. I carried

out three studies, each increasing the diffusion interval (∆), but keeping different

parameters constant. For study 2A, the b-value and gradient strength were constant,
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for study 2B the b-value and diffusion pulse duration (δ) were constant and for

study 2C, the δ and gradient strength were constant. The parameters used are in

Table 7.2. I varied the SNR with the diffusion time due to T2 relaxation, where

the T2 relaxation time for cardiac tissue in this experimental set-up was measured

by colleagues in the Radcliffe Department of Medicine to be around 20ms (see

Figure 7.3). From the experimental data, the SNR for study 1 is 50, and so I varied

the SNR for the other studies with the echo time (TE). Experimentally, the echo

time is 1.9ms longer than (δ + ∆) so I used this echo time to determine the SNR:

SNR = SNR1 ×
exp(−TE/T2)
exp(−TE1/T2) = 50× exp(−(δ + ∆ + 1.9)/20)

exp(−9.4/20) (7.1)

Figure 7.3: T2 relaxation times. An MRI image slice of an embedded rat heart showing T2
relaxation times. Tissue is approximately 20ms, gel 30ms and buffer 40ms

7.2.1 Experimental data

I was provided with pilot, unpublished data from one ex vivo rat heart by Dr Irvin

Teh from the Radcliffe Department of Medicine. The heart had been casted with

microfil through its right coronary artery, filling the vasculature on that side of the

heart. The mean ADC and FA data was at 100 µm resolution, and the anatomical

data at 33 µm resolution. Using the anatomical images for reference, I selected
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areas from the LV wall where the blood vessels were not filled with microfil, and

areas from the RV wall where the blood vessels were filled with microfil. From these

areas I calculated the mean and standard deviation of the mean ADC and FA. The

acquisition parameters were the same as for simulation study 1.

7.3 Results

7.3.1 Effect of filling volume fraction of vessels

Figure 7.4 shows the normalised MRI signals across each VFves for the ‘without

vessels’ (SV0) and ‘with vessels’ (DV1.5 and DV2) simulations. The difference

between the DV2 and DV1.5 signals is very small, especially at the lower VFves. At

the highest VFves, the mean MRI signal for DV1.5 is slightly higher than that for

DV2 with a smaller range. The mean MRI signal for SV0 is lower than DV1.5/DV2

with a smaller range and this difference increases as VFves increases.
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Figure 7.4: Study 1: Normalised MRI signals without vessels (pink), and with vessels with
diffusivity of 1.5× 10−4 mm2/s (turquoise) and 2× 10−4 mm2/s (blue). Boxes are inter-quartile
ranges with the median as a horizontal line and the circle indicating the mean; whiskers are 1.5
times the interquartile range, and outliers are beyond that.

Figure 7.5 shows the eigenvalues (λs), mean ADC and FA results for different vessel

volume fractions (VFves). λ1 remains approximately constant with VFves for SV0

and DV1.5, and increases for DV2. λ2 remains approximately constant for SV0,
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and decreases with increasing VFves for DV1.5 and DV2 at approximately the same

rate. λ3 decreases with VFves for all simulations; this decrease is steeper for DV1.5

and DV2 than for SV0. As the volume fraction of vessels increases, the mean ADC

decreases for all simulations. This increase is more marked for the DV1.5 and DV2

simulations than the SV0. As the VFves increases, the FA increases. This increase

is more marked for the DV1.5 and DV2 simulations than the SV0. The FA and

mean ADC are higher for DV2 than DV1.5, although the differences are small. The

difference between SV0 and DV1.5/DV2 increases with VFves.
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Figure 7.5: Study 1: eigenvalues (left, top - λ1, middle - λ2, bottom - λ3), mean ADC
(right, top) and FA (right, middle) without vessels (pink), and with vessels with diffusivity of
1.5× 10−4 mm2/s (turquoise) and 2× 10−4 mm2/s (blue). Error bars ±1 standard deviation.
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7.3.2 Effect of sequence

Figure 7.6 shows the effect of changing ∆ on the MRI signals, while keeping the

gradient strength and b-value constant (study 2A in Table 7.2). The figure shows

the results for a volume fraction of 8%. As ∆ increases, the mean and range of the

MRI signals increase. The SV0 MRI signal is lower than the DV1.5 and DV2 signals.

Figure 7.7 shows the effect of changing ∆ on the λs, mean ADC and FA for

the same study. As ∆ increases, all λs and the mean ADC decrease, while FA

increases. The rates of increase/decrease are similar for each of the three studies

(DV1.5, DV2 and SV0).

Very similar results were seen for studies 2B and 2C (Figures 7.8 to 7.11).
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Figure 7.6: Study 2A: Effect of ∆ on normalised MRI signal for volume fraction
of 8%. Normalised MRI signals without vessels (pink), and with vessels with diffusivity of
1.5× 10−4 mm2/s (turquoise) and 2× 10−4 mm2/s (blue). Boxes are inter-quartile ranges with
the median as a horizontal line and the circle indicating the mean; whiskers are 1.5 times the
interquartile range, and outliers are beyond that.
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Figure 7.7: Study 2A: Effect of ∆ on DT for volume fraction of 8% on eigenvalues (left,
top - λ1, middle - λ2, bottom - λ3), mean ADC (right, top) and FA (right, middle) without vessels
(pink), and with vessels with diffusivity of 1.5× 10−4 mm2/s (turquoise) and 2× 10−4 mm2/s
(blue). Error bars ±1 standard deviation.
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Figure 7.8: Study 2B: Effect of ∆ on normalised MRI signal for volume fraction
of 8%. Normalised MRI signals without vessels (pink), and with vessels with diffusivity of
1.5× 10−4 mm2/s (turquoise) and 2× 10−4 mm2/s (blue). Boxes are inter-quartile ranges with
the median as a horizontal line and the circle indicating the mean; whiskers are 1.5 times the
interquartile range, and outliers are beyond that.
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Figure 7.9: Study 2B: Effect of ∆ on DT for volume fraction of 8% on eigenvalues (left,
top - λ1, middle - λ2, bottom - λ3), mean ADC (right, top) and FA (right, middle) without vessels
(pink), and with vessels with diffusivity of 1.5× 10−4 mm2/s (turquoise) and 2× 10−4 mm2/s
(blue). Error bars ±1 standard deviation.
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Figure 7.10: Study 2C: Effect of ∆ on normalised MRI signal for volume fraction
of 8%. Normalised MRI signals without vessels (pink), and with vessels with diffusivity of
1.5× 10−4 mm2/s (turquoise) and 2× 10−4 mm2/s (blue). Boxes are inter-quartile ranges with
the median as a horizontal line and the circle indicating the mean; whiskers are 1.5 times the
interquartile range, and outliers are beyond that.
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Figure 7.11: Study 2C: Effect of ∆ on DT for volume fraction of 8% on eigenvalues (left,
top - λ1, middle - λ2, bottom - λ3), mean ADC (right, top) and FA (right, middle) without vessels
(pink), and with vessels with diffusivity of 1.5× 10−4 mm2/s (turquoise) and 2× 10−4 mm2/s
(blue). Error bars ±1 standard deviation.
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7.3.3 Experimental results

The results from the experimental data are shown in Table 7.3, along with the

simulated results from Study 1 for a volume fraction of 8%. The mean ADC

is higher and the FA lower in the ‘without vessels’ than ‘with vessels’ for both

the simulation and experiments.

Table 7.3: Experimental and simulated results of effect of filling vessels. Values are
mean plus/minus the standard deviation. Simulated data is from study 1 with a VF of
8%.

parameter with vessels without vessels
(unfilled vessels) (filled vessels)

mean ADC (10−3 mm2 s−1) expt 1.07± 0.03 1.12± 0.13
sim 1.02± 0.01 1.07± 0.01

FA expt 0.29± 0.03 0.25± 0.04
sim 0.37± 0.01 0.33± 0.01

7.4 Discussion

As the volume fraction of vessels increases, the mean MRI signal increases, as does the

range. The blood vessels are more restrictive than the cells across the cross-section

and less restrictive along the long axis. This leads to a greater range of signals as

VFves increases, since the signal becomes more dependent on the gradient direction.

Overall, the vessels restrict diffusion more than the cells leading to less diffusion and

higher MRI signals. These changes in the MRI signals lead to λ2 and λ3 decreasing

as VFves increases due to increasing restriction across the vessels. λ1 increases with

VFves, especially for DV2, due to increased free diffusion. These changes in the λs

lead to a decreasing mean ADC and increasing FA as VFves increases.

Without the blood vessels, the MRI signals, λs, mean ADC and FA are almost

constant across the range of VFves. The small changes that occur are mainly a

decrease in λ3 and hence an increase in the FA and decrease in the mean ADC.
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These would be expected to remain constant since the cells remain the same as

VFves increases. The changes are due to the model geometry since the extracellular

space around the vessels is more restrictive than that between the cells, especially

in the direction perpendicular to the layers, that is, in the direction of λ3.

The differences between the simulations with vessels of different diffusivities (DV1.5

and DV2) are only small, except for λ1 where the higher diffusivity leads to

increased diffusion along the long axis of the vessels and hence a higher λ1. This

higher λ1 leads to slightly higher mean ADC and FA in the DV2 simulations

compared with the DV1.5.

As VFves increases, the effect of these vessels increases, and therefore the differences

between with and without vessels increases. The results suggest that λ2 and λ3,

the mean ADC and the FA should all be able to discern differences between areas

of myocardium with the vessels filled and unfilled for all the VFves from 4% and

above. In experimental data, there is likely to be a range of VFves across the

voxels, as well as a variation in the microstructure leading to a wider variation

in DT parameters. This variation is likely to mean that in experimental data

it would be harder to discern differences between areas with filled and unfilled

vessels, especially at the lower VFves.

Our previous work in Chapter 4 showed that the model tends to overestimate λ2

and λ3 and the FA, and has a lower variation in these parameters. From Figure 4.6

we can see that the standard deviation of λ2 and λ3 and the FA is approximately

five times higher in the experimental data compared with the simulated data.

Assuming a similar increase in standard deviation in the vessels results, the ability

to discern differences becomes much harder.

To investigate whether the differences can be increased by changing the acquisition

parameters, I increased ∆ because as the diffusion time increases, there could be

increased effects of restrictions. The λs and mean ADC decreased and the FA
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increased with ∆ for the three studies since there is a greater likelihood of reaching

a barrier as the diffusion time increases and so diffusion decreases.

There was very little change in the relative values of the DT parameters as the

diffusion time increased, and since the SNR worsens at longer diffusion times there

is no increase in the ability to differentiate between the two areas of myocardium.

The simulated and experimental results are similar and show similar differences

between areas with filled and unfilled vessels. The experimental data is from a

single heart and therefore further validation with more hearts will be needed

to confirm these results.

Although the changes with and without the vessels are fairly small, this is for

a regular geometry with aligned capillaries. In pathological hearts, where the

myocytes are disarrayed, the effect of the capillaries on the dMRI signals may be

larger, especially if the capillaries remain straight and aligned with the original

non-disarrayed cell orientations.

7.5 Summary of Chapter

In this chapter I introduced small blood vessels into the model. The purpose

was threefold. Firstly, to determine whether the introduction of blood vessels

affects the dMRI results, which could be important when analysing experimental

results. Secondly, to assess whether changes in the acquisition sequence could

help enhance the differences. Thirdly, to help corroborate experimental data

where small changes were found.

The simulation results show that we would expect to be able to differentiate between

areas with and without blood vessels. However, increasing the amount of variation

to experimental levels would likely reduce these differences. Altering the acquisition

sequence by increasing the diffusion interval does not affect the ability to discern
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differences between areas with and without blood vessels. The experimental and

simulated results are very similar and show small differences between areas with filled

and unfilled vessels. This suggests that the small changes found in the experimental

data are what we would expect, rather than being due to experimental protocol

difficulties, although further validation with more hearts is needed.



8
Conclusions

The aim of this project was to create a model of diffusion MRI in cardiac tissue

which could be used to investigate the relationship between the remodelling seen

in disease and the diffusion MRI signal and thus to facilitate the design of MRI

sequences and quantification measures to be used in the assessment of remodelling.

In this thesis, I have presented a model of diffusion MRI in simplified cardiac tissue.

To my knowledge, this is the first model that simulates a realistic 3D geometry

of cardiac tissue, and validates the results with experimental data. The results

compare well with those from ex vivo rat hearts across a range of experimental

gradient and diffusion time values, although there remain some differences which

can be attributed to the increased regularity of the model’s geometry compared with

cardiac tissue. Neither adding membrane permeability nor increasing extracellular

diffusivity had a marked effect on the results or improved the small differences

with the experimental data. In addition to the comparison with the rat hearts, I

compared the model results with a phantom. Although these results support the

modelling method, some practical problems with modelling the phantom prevented

the quantitative comparison that I had intended.

161
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As a demonstration of the feasibility of the model for the assessment of the effects

of cardiac remodelling, I modelled type IB disarray as found in hypertrophic

cardiomyopathy. As either the degree or extent of disarray was increased, the

fractional anisotropy decreased, which agrees with the existing literature, while

the mean apparent diffusion coefficient remained constant. To my knowledge, this

is the first simulation of cardiac remodelling and the effect of this remodelling

on diffusion MRI results.

Studying the effect of the vasculature showed that the introduction of small blood

vessels into the model increases the FA and decreases the mean ADC, which

corresponds well with pilot experimental data. This is an important open question

in the field, as diffusion and/or flow in the vessels may obscure diffusion changes

due to structural changes in the myocardium.

The model presented in this thesis forms a good starting point for analysing the

relationship between cardiac microstructure and diffusion MRI.

8.1 Future work

There remain some limitations in the model, in particular the regular arrangement

and size of cells does not fully encapsulate the variation found even in healthy heart

tissue. In addition, neither transverse nor sheet angles are modelled. These lead to

increased anisotropy of the model compared with cardiac tissue. Accounting for

the natural variation in healthy tissue is not, however, straightforward. The model

at present consists of parallel layers of cells which effectively reduces arranging

the cells to a 2D problem. Introducing variability in all three dimensions requires

careful implementation to ensure that the required volume fraction of cells is

maintained without cells overlapping each other. In addition, when stochasticity

is introduced into the model, many repetitions will be required to average out

potentially unrepresentative results. Neither of these problems is insurmountable,

but both requite careful consideration.
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8.1.1 Speeding up the simulations

As already mentioned in Chapter 3, my model requires substantial computational

resources, and it would be beneficial to reduce this, especially if stochastic elements

are introduced requiring multiple repetitions of simulations to be performed.

The two steps which currently require the most computational resources are running

the Smoldyn simulations and converting the text output files from Smoldyn into

Matlab files (see Table 3.1): future work on speeding up the simulations should focus

on these areas. There are two graphics processing unit (GPU) implementations of

Smoldyn which could be used to significantly decrease the runtime of step 2 [182,

183]. In addition, Smoldyn effectively has two stages: setting up the geometry

and placing the molecules, and then simulating the diffusion. When the geometry

is complicated, and whenever compartments need to be defined (for example, in

Chapter 5 where extra and intra-cellular space have different parameters) the set-up

time can be long. There is scope for maximising the number of molecules per

simulation to limit the number of times the set-up needs to be done.

Improving the time for importing and converting the files into Matlab format offers

less chance for improvement, as the majority of the time is simply to import the text

file into Matlab. Using parallelisation should help with this. A better solution would

be to have smaller or fewer text files to convert. In the studies in this thesis I use a

boundary of 100 µm in all directions and therefore simulate a much larger volume

and number of molecules than required. I chose this boundary since in the original

set-up (Figure 8.1a) I only included cells which were fully inside the modelling

volume which leads to large empty spaces. To ensure that these empty areas are not

in the final voxel, a large boundary is needed. For the diffusivity study in Chapter 5

I wanted to ensure that the volume fraction within the modelling volume was

close to that defined and I therefore kept all cells which had their majority within

the volume (Figure 8.1b). Smoldyn allows surfaces to extend beyond the defined

boundary; to prevent molecules from diffusing outside the simulation boundary
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and slowing down the simulation, a reflective cube is defined coincident with the

boundary (marked in pink in Figure 8.1). In retrospect, there was no need to keep

such a large boundary once I had changed the set-up. The boundary could be much

smaller, especially if I keep any cell which has any part in the volume (Figure 8.1c).

The number of molecules and therefore the simulation time and size and number of

files to be converted to Matlab format would be greatly reduced. The boundary

should be chosen such that there is a very small probability of any molecule which

finished inside the voxel having collided with the boundary. This will depend on

the diffusivity and total diffusion time, and will require careful investigation.
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Figure 8.1: Single layer of geometry set-up for original studies (Chapters 3 & 4), for later
studies (Chapters 5 & 6) and proposed improvement. Cells are marked in black, central voxel to
be analysed is marked in turquoise. The molecules are placed in the pink area.

For the 100 µm voxel size for the sensitivity analysis, the original number of molecules

was 2.7× 106, with the boundary reduced to 20 µm, as an example, the number

of molecules required would be 2.7× 105. This reduces the computational time

for steps 2 and 3 10-fold. The reduction will be smaller for a larger simulation

volume as the boundary is a smaller proportion of the total volume, but even for

the largest volume simulated (500 µm for the effect of diffusion time in Chapter 4),

the number of molecules is halved.

Smoldyn was designed for modelling stochastic cellular reactions, of which diffusion

and interactions with surfaces are only a part. It may therefore be possible to

simplify certain aspects of its methodology to improve the speed while maintaining
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the functionality and accuracy required. One potential option is the diffusion step

length. Most Monte Carlo models use a fixed step length since this is quicker and

no less accurate [98, 108]. Smoldyn uses a Gaussian distributed step length which

although more realistic is likely to be slower: changing the Smoldyn code to use

a fixed step length could therefore speed up the simulations.

The text output files are very large and take a long time to import into Matlab and

convert into Matlab format. Any format which stores the 3D position for each of

such a large number of molecules for every one of so many timesteps will inevitably

produce large files, but it is possible that an alternative file output format may

be smaller and/or quicker to import into Matlab.

Matlab itself is not an especially fast environment, and therefore writing the code

to perform the MRI signal modelling and DT calculations in an alternative program

or language could improve the simulation time.

8.1.2 Validation by synchrotron imaging

Acquiring DT and synchrotron data on the same hearts offers exciting prospects for

both increasing the understanding of the relationship between cardiac microstructure

and DT results, and using the data to further validate my modelling technique.

Synchrotron imaging gives 3D high resolution images where individual myocytes

can be seen. If the same heart also has DT imaging then the exact correlation

between the structure and diffusion MRI can be seen. This offers the potential for

improved validation of the modelling technique by creating a 3D mesh from the

synchrotron images and using this as the model geometry. The model outputs can

then be directly compared with the DT imaging results for validation.

Synchrotron images of pathological hearts could be used as a partial alternative to

modelling: the amount of disarray, fibrosis or hypertrophy could be measured from

the synchrotron images and correlated with the DT results. However, the disease
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changes cannot be controlled and this would be a very expensive method due to

the large number of animals required, and the synchrotron and MRI scanner time.

Monte Carlo modelling offers a quicker, more controlled and less expensive option,

with far fewer animals required. It is also only an ex vivo technique.

8.1.3 Disarray and remodelling

In Chapter 6 I modelled type IB disarray as found in hypertrophic cardiac myopathy

and the effect this has on the MRI signal and DT derivatives. I believe that the

most useful application of Monte Carlo models is to explore and understand the

effects of pathology on the results. In particular, to investigate the interactions

of pathological changes. In addition to types of disarray, diseased hearts may

have remodelling including increased fibrosis, cell hypertrophy, changes in LV wall

thickness, and alterations to IC structures. Each of these will affect the results of

diffusion MRI in some way, and in combination the changes could be amplified or

cancelled out. Without understanding these effects we cannot use diffusion MRI

to quantify and classify disease changes in vivo, which could play an important

role in assessing and treating patients.

8.1.4 In vivo imaging and modelling

At present the model is of ex vivo rat myocardial tissue. For it to be of use

in furthering the detection and quantification of pathology, an in vivo version

will be required. In vivo modelling has several challenges, especially cardiac and

respiratory motion, which will need to be included in the modelling. Due to clinical

time constraints, in vivo imaging is lower resolution than ex vivo; the SNR is

also poorer. In vivo acquisition sequences and gradient values are substantially

different to those used in ex vivo imaging. All these factors will be particularly

important if the model is to be successfully used to optimise MRI sequences for

the acquisition of in vivo images.
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The first step in modelling in vivo sequences, for example to determine their effect

on the changes seen in Chapter 6 or 7, would be to implement the standard PGSE

sequence with realistic in vivo parameters. The maximum gradient strength for in

vivo scanners is lower than ex vivo ones (typically one-third of ex vivo strength),

and the pulse timings are determined by the subject’s heart rate since measurements

are either made within a single heart beat, or at are gated so that pulse are applied

at the same time in sequential heart beats [90]. These lead to lower b-values than

in ex vivo imaging (typically no higher than 1000 smm−2).

Subsequently, more realistic in vivo sequences, such as the STEAM (stimulated

echo acquisition mode) or spin-echo (SE) sequences. These sequences have been

designed to overcome in vivo difficulties such as cardiac and respiratory motion.

STEAM occurs over two heartbeats and therefore relies on the heart being in the

same position in each cardiac cycle. The data is therefore acquired with the breath

held, and with a gated acquisition to collect the data at the same time in the cardiac

cycle. Strain compensation is usually required by collecting separate strain data,

although data acquisition at certain times in the cardiac cycle can overcome this

need. SE is acquired within a single heart beat and motion correction is therefore

required; the advantage of this method is its higher SNR. [90] Whether these

sequences can be usefully modelled without also modelling cardiac and respiratory

motion will be a matter for investigation.

The in vivo model would be useful for simulating the effects of factors which cannot

currently be quantified, such as the effect of irregular heartbeats.

8.1.5 Diastole and systole

dMRI can be used to measure the microstructural changes that occur in the

transition from systole to diastole, for example changes in the helix and sheet

angles [10, 75]. Modelling these two states could be useful in the understanding

of pathological remodelling since an initial study of HCM patients showed that
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it is only in diastole that HCM changes are seen [96]. The introduction into the

model of two or more contraction states and the relationship between them could be

essential in fully understanding and modelling disease changes. The sheet structure

is fundamental to the changes in the shape of the heart between these two states

and it will therefore be necessary to introduce this sheet structure into the model.

8.1.6 Diffusivity

The diffusion of water in biological tissue is complex and fascinating. It is affected

not only by restrictions from cell membranes, but by interactions with IC and

EC structures such as organelles and proteins. In addition, the interaction with

the cell membrane appears to extend some distance from the membrane and to

have an anisotropic effect [65].

As the accuracy of several models [98, 106], including my own, has shown, it may

be possible to encapsulate these effects with a single diffusivity value and imper-

meable or semi-permeable membranes. Models should not be made unnecessarily

complex, but rather should be ‘as simple as possible, but not simpler’. Nevertheless,

better understanding and modelling of diffusion may increase understanding of

pathological changes.

The theory that slow diffusion occurs either side of the cell membrane, as well

as in water bound to proteins within the intracellular space echoes the ‘trapped

water’ theory of the 1970s. Le Bihan’s [65] exploration of membrane biology gives

estimates for some parameters such as the thickness of the slow layer next to the

membrane in the brain, but whether these are similar in heart tissue is not known.

From a modelling perspective, it would be relatively simple to have a layer either

side of the membrane where the diffusivity is lower and probably anisotropic (slower

perpendicular to the membrane than parallel to it. Indeed, Smoldyn allows for
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molecules to bind to surfaces and to exchange between this state and the faster

diffusion away from the membranes.

Care must be taken in modelling that the parameter values used are as accurate

as possible. When there are many parameters in a model, there is the potential

that almost any output value is achievable if the input parameters are adjusted

enough. Further biexponential analysis of heart diffusion MRI data may help to

derive appropriate parameter values for the diffusivities and volume fractions of

the fast and slow components, including anisotropy of diffusion.
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