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A B S T R A C T

Heart disease is the leading cause of morbidity and mortality in the western

world. The underlying mechanisms of heart failure (HF) remain largely unex-

plained. Increased myocardial tissue stiffness, diffuse fibrosis, and tissue remod-

elling have been identified as contributors to HF. However, their biomechanical

effects are not well understood.

In this thesis, the link between intrinsic mechanical properties of the myo-

cardium, estimated using an inverse finite element approach, and indices of

fibrosis quantified from T1 magnetic resonance imaging (MRI) was investig-

ated using patient data. No significant correlation was found between intrinsic

myocardial stiffness and native or post-contrast T1 times.

Another important determinant of left ventricular (LV) function is the micro-

structural tissue organisation. A statistical analysis of microstructural orient-

ations and myofibre disarray derived from diffusion-weighted magnetic res-

onance imaging (DWI) of healthy rats and end-stage spontaneously hyper-

tensive rats was conducted. No evidence of remodelling of orientations or in-

creased global myofibre disarray was found in the diseased rats, but hyperten-

sion did affect regional disarray. Hypertension had no significant effect on the

transmural distributions of primary or secondary eigenvectors of the diffusion

tensors.

Model-based parameterisations were developed to fit microstructural orienta-

tions directly to diffusion tensors, or to raw diffusion signals. These methods

avoid the need to perform eigenanalysis on the diffusion tensor, or, when fitting

to raw diffusion signals, eliminate the need to compute diffusion tensors using

least squares fitting.

Cardiac mechanics simulations are sensitive to the representation of micro-

structural orientations, as well as other factors such as loading conditions and
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kinematic constraints. To investigate the effects that variations in the micro-

structural orientation fields have on LV mechanics, a region of indifference was

constructed around the helix angle field parameters that best represent a high-

resolution DWI dataset of a canine heart. This indifference region defines the

field parameters to which the goodness-of-fit is insensitive to. A set of per-

turbed helix angle fields was determined from the decomposition of the indif-

ference region, and the perturbations were used to describe the microstructural

orientations in passive and contractile mechanics simulations. Passive mechan-

ics predictions were found to be insensitive to variation in helix angle para-

meters, but end-systolic predictions of ventricular geometry were substantially

affected.

This thesis demonstrated the use of computational model-based analyses of

myocardial microstructure, assessed through MRI, to provide tissue-specific

evaluation of LV mechanical function and microstructural remodelling. A par-

ticular emphasis is placed on the role of myocardial fibrosis, intrinsic myo-

cardial stiffness, and microstructural orientations.
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1
M O T I VAT I O N A N D O B J E C T I V E S

1.1 motivation

Cardiac disease is the leading cause of morbidity and mortality with increasing

prevalence due to diabetes [1] and obesity [2]. It poses a significant health risk

worldwide [3], and while cardiac disease accounted for one-third of deaths in

New Zealand [4, 5], the World Health Organisation predicts that cardiac disease

will become the number one course of mortality worldwide by the year 2030

with over 23.3 million people affected [6, 7]. Today’s knowledge of the heart,

its microstructure, and its electrophysiological and mechanical properties is

incomplete. For decades, researchers have been seeking a deeper understanding

of cardiac diseases such as HF, and the underlying pathological changes in

cardiac structure.

Heart failure with preserved ejection fraction (HFpEF), formerly called diastolic

HF, is a form of HF in which the ejection fraction (EF) is normal (EF > 50%).

It has been hypothesised that HFpEF is due to increased myocardial stiffness

or delayed relaxation of the ventricular muscle cells [8]. Myocardial fibrosis is

thought to play a critical role in the failing heart [9–12], but further investigation

of the effects of fibrosis on the mechanics of the heart are important to the

development of therapies.

Fibrosis is commonly assessed by invasive imaging such as histology of myo-

cardial tissue. Histological imaging is destructive and generally limited to an-

imal studies or selective patients undergoing surgery. T1 mapping, on the other

hand, is an emerging imaging technique, which allows for non-invasive assess-

ment of fibrosis and structural remodelling [13, 14].

1



2 motivation and objectives

Currently, it is unclear how T1 maps are related to passive myocardial stiff-

ness. This thesis uses a model-based computational framework to estimate

the intrinsic myocardial stiffness of human hearts and explores the correlation

between these estimates and potential indices of fibrosis derived from T1 ima-

ging.

An important determinant of the biomechanical function of the heart is its tis-

sue organisation. Microstructural information, such as myofibre orientations

and, potentially, sheetlet orientations, can be evaluated by DWI [15–17]. This

imaging technique exploits the Brownian motion of the water molecules within

myocardial tissue to determine local anisotropic diffusion. The extracted micro-

structural information can be used to personalise biomechanical models of the

heart. Typically, a diffusion tensor is derived at each voxel from the acquired

DWI. The direction of maximum water diffusion, represented by the primary

eigenvector of the derived local diffusion tensor, has been found to correlate

well with the local histologically-measured myofibre orientations, at least in

healthy hearts [18].

Representing the apparent diffusion with a tensor comes with several draw-

backs including spatial discontinuities in myofibre helix angle distributions due

to the non-directionality of eigenvectors, misrepresentation of myofibre orient-

ation in regions of high image noise or near isotropic diffusion, and error from

least squares fitting methods when calculating the diffusion tensors. Because

microstructural orientations of the left ventricle (LV) have significant impact on

its electrical and mechanical behaviour [19–22], estimation of microstructural

orientations should avoid introduction of error and strive for highest accuracy.

The estimation of intrinsic myocardial stiffness is sensitive to the model repres-

entation of microstructural orientations as well as other input variables such

as LV geometry, loading conditions, and kinematic constraints. To investigate

the impact that variations in microstructural orientations have on LV passive

and contractile mechanics, the sensitivity of the fitted helix angle fields to DWI

data needs to be assessed. A previous study performed a principal compon-

ent analysis of myofibre orientations derived from DWI across multiple canine

hearts to explore the sensitivity of electromechanical properties to uncertainty

in myocardial architecture [23]. However, to our knowledge, no study looked
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at quantification of intra-subject variability of myofibre orientations fitted to

DWI, which could be useful not only to propagate uncertainty to mechanics

modelling but also to other areas such as strain analysis.

The overall theme of this thesis is to use computational model-based analyses to relate

data from non-invasive MRI to the mechanics of the LV, and to use this approach to

understand the mechanisms of HF with a particular emphasis on the role of myocardial

fibrosis, intrinsic myocardial stiffness, and microstructural remodelling.

1.2 aims of this research

This thesis aims to parameterise microstructural orientations of the myocardium

from DWI and to estimate the passive intrinsic myocardial properties of failing

hearts using T1 mapping, cine MRI, and haemodynamic measurements. Spe-

cifically, this thesis focusses on the following goals:

1. Apply a parameter estimation framework to HF patients and healthy hu-

man subjects to quantify passive myocardial tissue stiffness.

2. Investigate the relationship between the estimated intrinsic myocardial

stiffness values and native and post-contrast T1 maps and extracellular

volume fraction (ECV).

3. Conduct statistical analyses of myocardial microstructure, estimated from

DWI, to examine the microstructural remodelling that takes place due to

hypertension.

4. Develop a framework for model-based parameterisation of microstruc-

tural information from DWI, by directly fitting to the diffusion tensors or

to the raw diffusion signals.

5. Estimate the variability in parameterised microstructural orientation fields

and quantify the sensitivity of LV mechanics predictions to this uncer-

tainty.
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1.3 thesis overview and contributions

This thesis is divided into two main parts to enable clear differentiation between

the main aspects of this work. Part I presents the clinically motivated estima-

tion of native and post-contrast T1 times, which are potential indices of fibrosis,

together with intrinsic myocardial stiffness from cardiac mechanics analysis in

human HF. Part II focusses on the model-based parameterisation of DWI and

the assessment of the sensitivity of cardiac mechanics modelling to the micro-

structural orientations parameterised from DWI. Finally, the thesis concludes

with a summary of the main outcomes of this work.

Chapter 2 offers background information on LV structure, imaging, and mech-

anics, starting with descriptions of cardiac anatomy and microstructure. The

pathophysiology of HF is summarised along with the main types of myocardial

fibrosis relevant to HF. A summary of MRI and a description of the finite ele-

ment (FE) modelling used in this thesis follows this, together with a short de-

scription of the constitutive equations that describe the mechanical properties

of myocardial tissue.

Part I: T1 Mapping and Intrinsic Myocardial Stiffness

Chapter 3 provides an overview of T1 mapping and the relationship of T1

indices and fibrosis in HFpEF.

Chapter 4 briefly describes the intrinsic myocardial stiffness estimation frame-

work. The processing steps of building cardiac models from cine MRI and the

temporal alignment of invasive pressure values with the cine MRI frames are

also outlined.

Chapter 5 presents the results of the T1 mapping analysis of a group of 12

patients, as well as the estimated intrinsic myocardial stiffness for those cases.

The relationship between the T1 mapping results and the intrinsic myocardial

stiffness estimates was examined. This is the first time that the intrinsic stiffness

index, derived from inverse FE modelling, has been correlated with T1 indices.
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Part II: Model-based Parameterisation of Diffusion-Weighted Images

Chapter 6 introduces the concepts for the analysis of diffusion tensors and for

describing myocardial microstructure derived from those.

Chapter 7 investigates microstructural remodelling due to hypertensive HF in

healthy Wistar-Kyoto rats (sWKYs) and spontaneous hypertensive rats (sSHRs)

using DWI. A statistical analysis of these data, focussing on microstructural

reorientation and indices of myofibre disarray, is presented.

Chapter 8 proposes a novel method for fitting cardiac microstructural orient-

ations directly from diffusion tensors. This framework produces smooth myo-

fibre fields without the need for phase unwrapping, and inherently weights

voxels of high fractional anisotropy (FA) over isotropic voxels.

Chapter 9 extends the framework for fitting myocardial microstructural orient-

ation fields to DWI to generate parametric representations of the LV directly

from multi-directional DWI.

Chapter 10 examines the indifference of microstructural orientation field para-

meters using a high-resolution DWI dataset of a canine heart. Perturbed helix

angle fields were created based on the quantified indifference of the goodness-

of-fit to the field parameters. To determine the impact that these variations in

microstructural orientations have on ventricular mechanics, the perturbed helix

angle fields were used to predict passive inflation and active contraction of the

LV, and the differences in predicted geometries were assessed afterwards.

Summary

Chapter 11 concludes by summarising the thesis and by outlining the signific-

ance and limitations of the analyses developed throughout this thesis. It also

presents ideas for future work.
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2
B A C K G R O U N D

This chapter provides the background information and key concepts on which

this thesis is built upon. It begins with a brief overview of the heart’s anatomy

and function and the cardiac microstructure, followed by a review of the current

clinical understanding of HF. Next, cardiac magnetic resonance imaging (CMR)

is introduced, before a review of cardiac modelling methods with a summary

of the FE method is given.

2.1 anatomy and function of the heart

The heart is the central organ of the cardiovascular system. Healthy human

hearts are fist-sized and weigh about 230 to 340 g. During a lifetime, the cardiac

mass increases as it reacts to constant stress.

Divided into halves by the septum, shown in Figure 2.1, each half of the heart

consists of an atrium and a ventricle. The multi-directional blood flow through

the chambers is maintained by a set of four valves. Atria and ventricles are con-

nected with the mitral and tricuspid valve, also termed atrioventricular valves.

Aortic and pulmonic valves, called semilunar valves, separate the heart from

the aorta and pulmonary vein. Left and right atria receive blood from the lungs

and the body, respectively, and transport the blood into the larger ventricles.

Subsequently, the blood is pumped into the systemic circulation by the LV and

into the pulmonary system by the right ventricle (RV).

When an individual is at rest, the human heart pumps about 4 – 6 litres per

minute, which is approximately equivalent to the blood volume of the body.

During physical exertion, the cardiac output can increase nearly five-fold. This

7
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Figure 2.1: Anatomy of the human heart. The arrows indicate the overall direction of

blood flow. Adapted from [24] with permission from the publisher.

boost is achieved by doubling the stroke volume, the volume of blood that is

being pushed out of the ventricle during contraction, and increasing the heart

rate by a factor of 2.5. With each contraction, the chambers eject about 50 – 100

ml of blood. The heart rate at rest is 50 – 80 bpm and can rise to over 200 bpm

under load [25].

Throughout a cardiac cycle, the atria initially fill while the chambers eject blood

into the arteries. When the ventricles relax, there is a drop in ventricular pres-

sure. It allows for the atrioventricular valves to open, resulting in blood flow

from the atria to the ventricles. This is supported by a contraction of the atria,

also called atrial systole. The ventricular systole follows. Here, the ventricular

muscle contracts, the pressure increases, the atrioventricular valves close and

the blood flows into the arteries only through the now opened semilunar valves.

Regurgitation of blood from the arteries during the relaxation phase (diastole)

is prevented by the closing semilunar valves [25]. See Figure 2.2 for the schem-

atic of the pressure-volume loop, which illustrates those stages of the cardiac
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cycle as well as common indices such as stroke volume and stroke work, which

refers to the work done by the ventricle to eject a volume of blood.

Figure 2.2: LV pressure-volume loop of a typical healthy heart showing the systolic

(red) and diastolic (blue) phases. Also shown is the stroke volume and the

stroke work, which is calculated as the area within the pressure-volume

loop. The end-diastolic pressure-volume relationship (EDPVR) can be de-

termined from the slope of the pressure-volume curve during LV filling. It

is commonly used to approximate LV chamber stiffness.

The Wiggers diagram in Figure 2.3 shows pressure and volume in the left at-

rium and ventricle as a function of time during two cardiac cycles as well as

the traces of the electrocardiogram (ECG), which measures the electrical signals

that coordinate contraction and relaxation of the myocardium. The phonocar-

diogram trace is a graphical representation of the commonly known double

heartbeat sound. Note how the opening and closing of the valves govern the

LV and aortic pressure as the cavity volume decreases during systole and in-

creases during diastole.
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Figure 2.3: The Wiggers Diagram shows the two phases of the cardiac cycle, diastole

and systole, for the LV and atrium. Top panel: Left aortic pressure, LV pres-

sure, and aortic pressure. Middle panel: LV volume. Bottom panel: Electro-

cardiogram waves (P, QRS, and T) and the heart sounds. Adapted from [26]

under Create Commons License.
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2.2 microstructure of the left ventricle

The microscopic structure of the heart affects the electrical and mechanical

performance of the cardiac muscle. The atria and ventricles consist of cardiac

myocytes, which account for 75% of the myocardium volume [27]. Other com-

ponents are the fibroblasts, macrophages, vascular tissue, and the extracellular

matrix. The latter consists of a complex hierarchy of collagen that holds the

different cardiac cells together. Thus, the extracellular matrix is vital in defin-

ing the myocardial architecture and acts both as transmural force transmission

and as potential energy storage during systole. It also delimits the sarcomere

extension during diastole.

Myocytes, the myocardial muscle cells, are long, tubular cells with average

lengths from 80 to 100 µm and diameters that range from 10 to 20 µm [28].

Myocytes connect longitudinally through intercalated discs [29, 30] and are ar-

ranged in a branching network of laminae lying parallel to each other [31].

These layers run transmurally from the endocardium (the innermost layer of

tissue that lines the chambers of the heart) to the epicardium (the outermost

layer of the myocardium), separated by cleavage planes, but coupled with a

network of perimysial collagen threads [32], as shown in Figure 2.4. Each layer

is about three to four cells thick [33]. The cells are enclosed and connected by

endomysial collagen. Figure 2.5 illustrates the laminar organisation within the

myocardium.

The mean myocyte axis is often defined as the myofibre orientation. This ori-

entation can be decomposed into longitudinal (inclination, helix, or myofibre

angle) and transmural (transverse or imbrication angle) components [34]. Myo-

cytes are nearly parallel to the epicardial and endocardial surfaces [35], so the

transverse angle is often approximated to 0◦. The orientation of the myofibres

varies transmurally from the epicardium to the endocardium [36–38], as illus-

trated in Figure 2.5. This fact is important for myocardial wall stress [39].
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Figure 2.4: Micrograph of transverse surface of myocardial tissue specimen from a

canine heart. Perimysial connective tissue weave surrounding myocardial

sheets is evident. The capillaries lie parallel to the myocytes. Reprinted from

[32] with permission from the publisher.

Figure 2.5: Illustration of laminar organisation of the cardiac tissue microstructure. The

fibre, sheetlet and normal directions are defined to be mutually orthogonal.

Adapted from [32] with permission from the publisher.
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2.3 heart failure

The complex syndrome of HF has many different clinical presentations. Its vari-

ations arise from the diverse causes, differing degrees of ventricular dysfunc-

tion, and wide array of signs and symptoms present in any given patient [40].

Primary symptoms of HF include fatigue, shortness of breath, and pulmonary

congestion [41]. It is a major public health issue, which is predicted to affect

23.3 million people worldwide by 2030 [6, 7] and poses a substantial risk for

morbidity and mortality [3]. It is often associated with obesity [2] and diabetes

[1], as well as with age [42], hypertension [43], and coronary heart disease [44].

Men are more often affected than women [45].

HF is clinically categorised by LV ejection fraction (EF), which is the ratio of

ejected blood volume to the volume at end-diastole (ED) and a measure for the

systolic function of the heart.

An EF < 50% is defined as the threshold for impaired LV systolic function [46].

Patients with HF symptoms, however, can also have normal EFs, which affects

about every second HF patient [46]. This discovery led to a new understanding

of HF as a heterogeneous disease, often characterised by the mechanism of

failure: 1) compromised contractile performance, also known heart failure with

reduced ejection fraction (HFrEF) or previously referred to as systolic HF [47];

or 2) increased myocardial stiffness, called HFpEF or, formerly, diastolic HF

[48, 49].

The scientific debate as to whether these two types of HF are distinct diseases

or simply opposite ends of a phenotypic spectrum is vigorous [49, 50]. It is clear

that they require substantially different treatment approaches, exemplified by

the failure of HFrEF therapy for patients with HFpEF [50].

HFrEF is associated with dilated cardiomyopathy (eccentric hypertrophic re-

modelling, see Section 2.3.2) and impaired contractility [51]. Treatments such as

angiotensin-converting enzyme (ACE) inhibitors and beta-blockers for HFrEF

aim to improve EF and reduce LV mass [52, 53].
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HFpEF is associated with diastolic dysfunction such as delayed relaxation, slow

LV filling, and increased diastolic myocardial stiffness [54], but it can also affect

systolic function [55]. Patients with HFpEF have normal EF [56, 57] or develop

eccentric remodelling due to small myocardial infarcts [56]. Because HFpEF

is such a heterogeneous diagnosis, large drug trials for HFpEF have been un-

successful [58, 59], and there are still many unanswered questions as to why

HFpEF appears resistant to therapy [60] or how to describe its pathophysiology.

This stagnation in therapeutic progress affects HFpEF patients heavily, who,

even though they are at lower risk of mortality than HFrEF patients, still have

a fourfold mortality risk compared with non-HF subjects [46].

HF often comes with the structural remodelling of the LV such as LV hyper-

trophy and characteristic changes in cardiac wall motion. Hypertrophy and

loss of muscle function are caused by changes in physiological, geometrical, or

haemodynamic loading [61–65]. The three major changes for the failing heart

are further expanded in the following subsections.

2.3.1 Changes in Haemodynamic Loading

Reduced contraction force occurs when the ventricle is overloaded with blood

so that the contraction becomes less efficient. A healthy heart reacts to escalated

filling with increased contractile force, and the cardiac output enlarges.

To maintain cardiac output and blood pressure and to compensate HF, the

heart rate rises. However, this puts more stress on the myocardium, deteriorates

ischemic heart disease, and can cause arrhythmias.

Stroke volume can be reduced as a result of changes to systole and diastole.

Decreased ED volume occurs when the compliance of the ventricle decreases,

i.e. the wall stiffens, leading to impaired ventricular filling. Increased volume

at end-systole (ES) is usually caused by reduced contractility.

The haemodynamic deficiencies manifest themselves in the common symptoms

of HF, which are swelling of limbs, difficulty breathing, and dizziness. Fatigue

and weakness as well as fluid retention are due to the reduced cardiac output
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and mean blood pressure in systolic dysfunction. These symptoms of conges-

tion of the body gave rise to the name congestive HF, which is synonymous

with HF. Diastolic dysfunction, on the other hand, can cause the blood to back-

up in the lungs and cause pulmonary oedema (lung swelling) and dyspnea

[66].

Medical treatment includes loop diuretics to increase salt and water excre-

tion through urine production to alleviate congestion, and medication to lower

blood pressure such as ACE inhibitors [52, 67]. Those treatments are not with-

out risk: studies showed that the direct-acting vasodilators worsened the long-

term prognosis of HF patients [68–70].

2.3.2 Changes in Geometry

LV wall thickening accompanied by an increase in LV mass is the most apparent

pathological characteristic of geometrical change in HF [65]. LV hypertrophy

can be caused by increased myofibre size as a reaction of the heart to main-

tain contractility. The remodelling towards LV hypertrophy results in increased

muscle stiffness while filling, changed force-tension relationships, and altered

material properties [32].

Pressure overload leads to concentric hypertrophy in which the chamber radius

does not increase, but the wall thickens. New sarcomeres are added in parallel

to existing ones, as shown in Figure 2.6. The ventricle becomes stiffer, while

higher pressures can be generated. The wall stress stays normal, and the hy-

pertrophy appears to be a beneficial growth response. The reduced compliance

impairs filling, leading to diastolic dysfunction [65].

For HF due to volume overload, new sarcomeres are added in series with exist-

ing sarcomeres. The wall circumferentially lengthens rather than radially thick-

ens, resulting in ventricular thinning and dilation, as seen in Figure 2.6. The

ventricular volume increases and the LV receives a greater volume of blood,

therefore improving the efficiency of the chamber but not normalising wall

stress. This type of hypertrophy is termed eccentric hypertrophy [65].
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Figure 2.6: Hypertrophy can develop as 1) concentric hypertrophy, where myocytes in-

crease in width compared to their diameter due to sarcomeres being added

in parallel, and which results in wall thickening, and 2) eccentric hyper-

trophy in which myocytes reduce in diameter and lengthen significantly as

sarcomeres are added in series, leading to thinning of the wall. Adapted

from [71] with permission from the publisher.

2.3.3 Changes in Diastolic Myocardial Stiffness

The third important mechanism underlying dysfunction of the heart is the in-

crease in the diastolic myocardial stiffness [72]. Two pathways of microstruc-

tural change can influence the diastolic myocardial stiffness: Intrinsic stiffness

of myocytes, and the stiffness of the extracellular matrix.

The intrinsic stiffness of myocytes is dependent on the proportion of expres-

sion of titin isoforms in the myocytes and their phosphorylation [73–75]. Titin

homeostasis has been correlated to increased passive myocardial stiffness in

patients [8], while titin-truncating variants are associated with eccentric hyper-

trophy in rats and humans [76].

Stiffening of the extracellular matrix is largely due to increased amounts of

collagen of which there are two major types in the heart: type I and type III.

Type I collagen is most prevalent, and because it has the tensile strength of steel
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[77], a small increase in its extent leads to a significant increase in stiffness of the

extracellular matrix. The stiffness is upregulated by collagen type I production

[78] or downregulated by collagen type I degradation [79].

A pathological, significant increase of collagen is commonly referred to as myo-

cardial fibrosis. The next Section 2.4 further explores myocardial fibrosis.

2.4 myocardial fibrosis

Myocardial fibrosis is one of the most common features in the end-stage fail-

ing heart [12, 80–82]. The increased amount of collagen accounts for various

ventricular dysfunctional processes, which generally involve deterioration of

diastolic function first, followed by decreased systolic performance [12, 13, 83].

There are two main types of fibrosis, which are also illustrated in Figure 2.7:

Reactive interstitial fibrosis. This diffusely distributed type of fibrosis expands

within the interstitium. Interstitial fibrosis progressively develops in hyperten-

sion and diabetes mellitus and marks the severity of the disease. Although

it is reversible under therapy [84], it can progress towards replacement fibrosis

[85, 86]. This motivates the measurement and observance of this type of fibrosis

in patients.

Replacement or scarring fibrosis. Scarring or replacement fibrosis has a more

localised distribution, as seen in ischemic cardiomyopathy, myocarditis, and hy-

pertrophic cardiomyopathy. However, it can also have a diffuse distribution, for

example in inflammatory diseases, depending on the underlying aetiology [87].

2.5 animal models of hypertension and heart failure

Animal models can be vital to the understanding of the pathophysiology of

HF [89]. They are bred to mimic specific characteristics of human diseases. For

research on HF, the model needs to resemble structural and functional remod-

elling similar to the progression of human HF.
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Figure 2.7: Cardiomyopathic processes of myocardial fibrosis. Adapted from [88] with

permission from publisher.
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The most commonly used animal model of hypertension is the SHR often

paired with the WKY as a normotensive control strain. This strain was de-

veloped by Okamoto and Aoki [90] by selecting and inbreeding WKYs. The

SHR is an animal model of genetic hypertension, developing HF with ageing

similar to humans. Persistent hypertension develops in the SHR after approx-

imately two to six months of age, followed by a relatively long period of stable

hypertension and compensated LV hypertrophy. At this stage, the blood pres-

sure of 200 mmHg significantly exceeds that of WKYs at 130 mmHg [91]. At

the age of 18 months, the animals begin to show evidence of impaired function

[92]. Now, mortality is increased, and LV hypertrophy is found in nearly all

SHRs [93].

The genetic differences between the SHR and WKY strains and within different

colonies of each strain are comparable to the genetic differences seen between

unrelated humans [94–96]. Hypertension is challenging to study in humans

due to differences in the two triggering elements of hypertension: genetic dis-

position and environmental factors. This leads to numerous variations in the

effects on the cardiovascular system and difficulties in the differentiation of

their causes. The lack of inter-individual variation is one of the striking advant-

ages of the SHR, but it also implies that the SHR can only model one of the

many possible causes of human hypertension [94, 97].

There are several limitations to the use of rat models regarding the differences

to the human heart. Firstly, cardiovascular diseases such as hypertension and

HF usually develop gradually in humans in contrast to the acute onset of symp-

toms in many rat models. Secondly, cardiovascular disease is uncommon in

young humans but markedly increases with age [98]. The SHR differs from hu-

mans as it reproducibly develops hypertension in young adulthood rather than

in middle age [94]. Thirdly, the cause of the onset of hypertension in SHRs is

poorly understood [94].

The SHR models the changes in myocardial collagen observed in HF and extra-

cellular matrix remodelling has been studied in this animal model using exten-

ded volume confocal microscopy [99]. This imaging technique allows detailed

investigation of myocardial tissue structure such as myocyte organisation and

collagen networks. LeGrice et al. [99] found that in SHRs perimysial collagen
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was deposited between sheetlets and that the organisation of sheetlets was less

ordered. Figure 2.8 outlines the striking differences between WKYs and SHRs

in terms of the collagen network. In the WKY, the perimysial collagen cords

loosely connect the adjacent muscle layers. In contrast, the perimysial collagen

surrounding and interconnecting muscle layers were fused and thickened in

the SHR. The endomysial collagen surrounding individual myocytes was also

thickened and seemed to be fused with the perimysial collagen cords within

the layers. In comparison, the connective tissues matrix appeared to be more

dense in the SHR.

These structural changes lead to increased stiffness in the sheetlet-normal dir-

ection and increased resistance to shearing. They may explain the altered mech-

anical behaviour observed in failing SHRs.

2.6 cardiac magnetic resonance imaging

The use of MRI in cardiology is growing, especially since MRI has an advant-

age over computed tomography for its better differentiation of soft tissues [100].

CMR can assess anatomy, regional and global function, tissue viability, per-

fusion, tissue injury, and fibrosis of the heart [101]. This thesis focusses on

the assessment of tissue characteristics such as microstructural orientation and

fibrosis by MRI.

The basic physical principle of MRI is based on the fact that atomic nuclei (e.g.

hydrogen protons in tissue) undergo a specific movement when they are ex-

posed to a combination of static and high-frequency, phase-synchronised mag-

netic fields. During this motion, called Larmor precession, they emit a measur-

able signal in the form of an alternating electromagnetic field until the preces-

sion has vanished. The magnetic moments of the protons precess at an angular

resonant frequency known as Larmor frequency. It depends on the strength of

the applied magnetic field and the gyromagnetic ratio of the proton.

After applying a strong static magnetic field, the protons generate a small lon-

gitudinal magnetisation in the direction of the static field (net magnetisation
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Figure 2.8: Segmented high-resolution images of the LV midwall from a 12 months

old healthy WKY (A and C) and a 12 months old diseased SHR (B and

D). Green: myocytes, yellow: blood vessels, dark blue: endomysium, red:

perimysium, light blue: interlaminar space, grey: scarring. Reprint from [99]

with permission from the publisher.
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vector). Through an additional radio frequency pulse, alternating with high-

frequency and applied for a short time, this magnetisation can be converted into

a transverse magnetisation. The transverse magnetisation immediately begins

to precess about the field direction of the static magnetic field, which means the

magnetisation direction rotates. The precessional motion of the tissue magnet-

isation induces an electric voltage in the receiver coil and can thus be detected

as the echo. Its amplitude is proportional to the transverse magnetisation. The

transverse magnetisation decreases after switching off the high-frequency al-

ternating field, leading the spins to return to parallel alignment with the static

magnetic field in a process called relaxation.

The following imaging parameters are often used to describe MRI acquisition:

Echo Time (TE) is the time between the radio frequency pulse and the signal

acquisition [102].

Repetition Time (TR) is the time between two successive radio frequency pulses

[102].

Inversion Time (TI) is the time between the 180
◦ inversion pulse and the 90

◦

excitation pulse in an inversion recovery pulse sequence [103].

Flip Angle is the angle to which the net magnetisation is deflected from the

magnetic field by the radio-frequency pulse [102].

Slice thickness and gap describe the depth of each image and the distance

between each slice [104].

T1 is the longitudinal relaxation time to return to equilibrium [105].

T2 is the transverse relaxation time to return to equilibrium [105].

In CMR, multiple imaging modalities are used. Some of the most common

methods are listed below. The imaging methods that are used and further ex-

plained in the following chapters are indicated by a dagger:

Cine MRI†. By acquiring multiples images (typically 30 frames) at different

stages during the cardiac cycle and assembling them into a movie, the heart

motion throughout the cycle can be made visible [106, 107]. An ECG triggers
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the imaging, starting and ending with the R wave of the ECG. Cine MRI is

considered the gold standard for cardiac function evaluation [108], and clini-

cians use it to quantify global and regional left and right ventricular function

by measuring parameters such as stroke volume, ejection fraction, end-diastolic

and end-systolic volumes, and masses [108–110]. It is also useful to assess valv-

ular function and the kinematics of the heart to detect abnormalities such as

ischaemia [111–113].

MRI Tagging. Tagged MRI is a technique often used to assess localised tis-

sue deformations. A grid pattern is created by weakening the signal intensity

through modulation of the magnetisation gradient [114]. Tagged MRI allows

direct tracking of myocardial deformation for cardiac modelling [115] or to de-

tect areas of altered deformation, a sign of myocardial defects [116, 117]. Tagged

imaging is widely available and frequently used in research as the reference

standard for other imaging methods such as CMR feature tracking or speckle

tracking in echocardiography [118, 118]. Cao et al. pointed out that the dedic-

ated imaging can potentially be a burden to patients, especially as arrhythmia,

motion, and breath-hold difficulty can lead to inadequate image quality [115].

Another commonly observed drawback is the fading of tags as time passes after

the application at the R-wave, which is especially pronounced during diastole

[119]. Tagging sequences vary substantially in complexity and resolution. A

good review of the advantages and disadvantages of available sequences can

be found in [118].

Displacement Encoding with Stimulated Echoes. Another way of tracking dis-

placements at high resolution is the displacement encoding with stimulated

echoes (DENSE) [120]. DENSE provides the most highly spatially and tempor-

ally resolved maps (about 1 mm and 10 ms respectively) of tissue movement

and allows for computation of regional LV motion and wall strains [121]. The

imaging technique provides excellent myocardial border definition since it is

based on a black blood sequence and is highly reproducible [122]. However, its

full clinical potential has not been explored yet, and to this point it remains

largely as a research tool since processing pipelines for strain analysis are not

yet fully developed and validated [123].
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Diffusion-weighted magnetic resonance imaging†. DWI allows for the ima-

ging of diffusion processes of water molecules in biological tissues [124]. The

diffusion of water molecules is restricted by the microstructural organisation of

the tissues, therefore DWI can reveal the myofibre structure of the heart [18].

It is a non-destructive imaging technique, which was used ex vivo only until,

recently, in vivo imaging became feasible [125–127]. For a review of advantages

and limitations, refer to Section 6.1.

Late Gadolinium Enhancement. Different types of tissues have different wash-

out rates for gadolinium, a contrast agent, which alters the T1 time. Late gad-

olinium enhancement (LGE) imaging can differentiate those tissues, making

scars and localised fibrosis in the myocardium visible. This is helpful in the

diagnosis of a range of cardiomyopathies, including myocardial infarction (MI)

[88]. Factors that influence, and therefore limit, LGE imaging are: 1) the appro-

priate inversion time between different subjects and conditions (choosing the

correct inversion time to null the signal from normal myocardium is done em-

pirically and of crucial importance to obtain images with enough diagnostic

quality); 2) the time delay after contrast administration, which may change the

scar size seen on the images; and 3) the threshold that should be used to define

hyper-enhancement when assessing the images in a clinical setting [128].

T1 mapping†. T1 values can be quantified and mapped for each voxel of the

myocardium. This parametric map represents the T1 time of any region of the

heart without the need for a contrast agent. It has been proven successful in

the diagnosis of scars and localised fibrosis [129]. T1 mapping can detect dif-

fuse fibrosis as well as other pathologies such as oedema [130, 131]. However,

challenges around reproducibility and standardisation of imaging sequences

across sites and vendors have to be met [132]. Advantages and limitations of T1

mapping are discussed in Section 3.5.

T2 mapping. T2 weighted MRI has been used to detect oedema in patients with

acute MI as well as to differentiate acute from chronic MI [133]. The T2 time

changes with the myocardial tissue water content, a common sign for many

pathologic conditions. T2 mapping can be useful for diagnosing myocardial

ischaemia and myocarditis, and cardiac allograft rejection [134–136]. Similar to

T1 mapping, the visual interpretation is subjective and threshold values are
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yet to be established. T2 times are found on a continuum between the healthy

and pathological areas [133, 137, 138]. There have been only few, single-centred,

trials, and no specific patterns have been identified between the different eti-

ologies [133]. A combination of visual assessment and measurement of the T2

values within regions of interests, therefore, remains the best approach for clin-

ical practise [133].

2.7 left ventricular mechanics modelling

Myocardial deformation is often modelled as a hyperelastic or viscoelastic con-

tinuum using the equations of continuum mechanics. In the following, a brief

overview of the key concepts such as stress and strains, myocardial constitutive

equations, and the FE method is given. Detailed explanations of cardiac mech-

anics beyond this brief review can be found in [139, 140]

2.7.1 Stresses and Strains in Soft Tissues

The deformation and traction fields acting on the material are represented by

strains and stresses. Stress is the amount of force acting on an infinitesimally

small plane within the material, while strain is related to deformation and

length changes or displacement gradients.

Any deformation can be expressed by a deformation gradient tensor (F) as

dx = FdX with F =
∂x

∂X
, (2.1)

which transforms a differential line element of the material in the reference

configuration dX to its deformed configuration dx, see Figure 2.9.

The volume change of the myocardium from the reference to the deformed

configurations can be described using the determinant of the F tensor

det(F) = J, (2.2)

which is often referred to as a Jacobian. For the purpose of mechanical model-

ling, the myocardium is often assumed to be incompressible, and J = 1 applies
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Figure 2.9: Illustration of reference and deformed configurations, and mapping

between them using the deformation gradient tensor, F.

[141]. However, this is a simplification, and volumetric changes in the myo-

cardium during the cardiac cycle have been observed [142], but their incorpor-

ation into cardiac simulations has yet to be fully accomplished [143].

The F tensor describes deformation and rigid-body rotations. To extract shape

change only, either the right Cauchy-Green deformation tensor (C) or the left

Cauchy-Green deformation tensor (B) is evaluated, depending on the position

of F in Equations 2.3 or 2.4. Both, C and B are independent of the rotational

aspect of F.

C = FTF (2.3)

B = FFT (2.4)

The Lagrangian formulation defines strains and stresses of a continuum with

respect to the reference configuration. The Eulerian formulation, on the other

hand, defines strain and stress with respect to the current, or deformed config-

uration. The two formulations can be converted using the deformation gradient

tensor [144].

The Green-Lagrange strain tensor (E) expresses the change in the length of line

elements. The relationship between E and the deformation tensor (F) is

E =
1

2
(C− I) =

1

2
(FTF− I), (2.5)

where I is the identity tensor.
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While the strain tensor contains the kinematic information, the stress tensor

holds the kinetic information. Stresses can be represented by a tensor, and are

considered to be at equilibrium throughout the myocardial tissue, provided

forces and momentum acting on the heart are balanced.

Two of the main types of stress tensors used in the modelling of the heart are:

• The Cauchy stress tensor (σ), which quantifies the applied force per unit

of deformed area. Its diagonal components are the normal stresses and

the off-diagonal components are the shear stresses. It expresses forces

and areas that are measured in experiments, and is considered a true

stress tensor. It is an Eulerian tensor.

• The second Piola-Kirchhoff stress tensor (S), which is used in continuum

mechanics because it describes material behaviour at a point in the ref-

erence configuration (Lagrangian formulation). This is useful as stresses

are often calculated with respect to material coordinates. It quantifies a

pseudo force per unit of undeformed area, and is, therefore, a pseudo

stress tensor since both, force and tensor, do not correspond to a physical

quantity and cannot be measured directly.

The second Piola-Kirchhoff stress tensor can be transformed from the Cauchy

stress tensor using the deformation gradient tensor (F), so that

S = J× F−1σF−T . (2.6)

In addition, several physical principles, governing soft tissue mechanics, apply

[145]:

Conservation of Mass. The mass must remain constant throughout the deform-

ation.

Conservation of Linear Momentum. The rate of change of the total linear mo-

mentum must be equal to the vector sum of all external forces acting on the

material. For this study, the body forces and accelerations are assumed to be

negligible.

Conservation of Angular Momentum. The change of the total angular mo-

mentum over time must be equal to the vector sum of the moments of the
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external forces acting on the system. This leads to symmetry of the Cauchy

stress tensor, which reduces the number of independent stress components to

six (three normal and three shear components) [146].

Principle of Virtual Work. The work done by the external loads must be equal

to the internal stress work (virtual work balance) [144]. A partial Lagrangian

formulation of this principle is∫
S : ∇δudV +

∫
pnδuda = 0, (2.7)

in which ∇δu is the spatial gradient of the virtual displacement δu, p the ex-

ternal pressure, and n the surface normal along which the pressure is applied.

The first term is the internal work integrated over the reference volume (V) and

the second term is the external work integrated over a deformed surface area

(a).

2.7.2 Constitutive Equations of the Myocardium

The relationship between stresses and strains are described using constitutive

equations. The second Piola-Kirchhoff stress tensor (S) can be expressed in

terms of the Green-Lagrange strain tensor (E) using the strain energy function

(ψ) as

S =
δψ

δE
. (2.8)

Thus, for hyperelastic materials, the stress tensor can be obtained as a derivative

of the strain energy function with respect to the work conjugate strain tensor

[144].

Many groups have proposed strain energy functions [20, 147–151] to model

the myocardium as a nonlinear, hyper-elastic, and anisotropic continuous ma-

terial. The mechanical behaviour of the myocardium can be represented by

constitutive relations that are based on the assumption of either transversely

isotropic or orthotropic tissue.

Examples of orthotropic material models are the material relation developed

by Costa [21], the pole-zero formulation of the strain energy density function
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proposed by Nash and Hunter [152], and, most commonly used, the structur-

ally based Holzapfel and Odgen [153] law derived from work of Humphrey

and Yin [154]. With these models, it can be challenging to estimate the many

unknown material parameters involved. The parameter estimation is limited

by the accuracy with which the microstructural orientations can be measured.

Also, the dataset needs to be sufficient for the quantification of the material

properties, i.e. the parameters need to be well identifiable given the data.

For the purposes of this thesis, a transversely-isotropic, pressure-independent

model proposed by Guccione et al. [149] was used, where

S =
C1
2

dQ

dE
eQ(E) (2.9)

and

Q = C2E
2
ff +C3(E

2
cc + E

2
rr + E

2
cr + E

2
rc) +C4(E

2
rf + E

2
fr + E

2
fc + E

2
cf). (2.10)

C1 modulates the overall intrinsic passive stiffness of the myocardium, C2 con-

trols the non-linearity of the stiffness in the fibre axis, C3 and C4 the shearing

stiffness in the cross-fibre to radial direction (C3) and in the fibre to cross-fibre

and fibre to radial directions (both C4), and Eij are the components of the

Green-Lagrange strain tensor with respect to the fibre (f), cross-fibre (c) and

radial (r) material directions.

Since both, the passive constitutive parameters of the myocardium and the mi-

crostructural orientations, are part of the strain energy density function and,

therefore, play a crucial role in the modelling of cardiac mechanics, those para-

meters must be estimated with care and for each heart individually. Discussions

on how either can be achieved are contained in Section 4.1 and Chapters 8 and

9.

2.7.3 Finite Element Method

The Galerkin FE method is commonly used as a numerical method for solv-

ing the work balance Equation 2.7. Because closed-form solutions to the stress

equilibrium equations do not exist for non-regular geometries, a numerical ap-

proximation is necessary. In the FE method, the LV geometry is discretised
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into non-overlapping elements, which are connected by nodes (compare Figure

2.10). Each model is then comprised of a finite number of elements. The geo-

metry is approximated by nodal parameters, which control interpolation func-

tions defined in terms of the local element coordinates (ξ1, ξ2, and ξ3 in the

three-dimensional case). These interpolation functions, often called (FE) basis

or blending functions, are used to approximate quantities that vary over a par-

ticular domain. The basis functions consist of sets of polynomials of different

degrees, depending on the desired accuracy of the approximation, see Figure

2.10.

With a higher number of nodal parameters, greater accuracy can be achieved to

approximate the shape and mechanics of the LV. This comes at a computational

cost, which grows non-linearly with the number of nodal parameters. The use

of interpolation functions can ensure continuous fields representing the geomet-

ric variables or solution parameters, while keeping the computational cost low.

There are a multitude of basis functions. Some of the more commonly used

are the Lagrangian interpolation, the Hermite basis functions, or the Bézier

functions, either in one, two, or three dimensions. In this thesis, cubic Hermite

and linear interpolation functions were used to describe the geometry of the

models.

The FE method was implemented in Cmiss
1, which uses a Lagrangian formula-

tion and integrates internal virtual work over the reference volume and external

virtual work (due to pressure loading) over the deformed surface area.

Further details on the FE theory and on basis functions can be found in [155]

and [156, 157], respectively.

1 Continuum Mechanics, Image analysis, Signal processing and System Identification,

www.cmiss.org
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Figure 2.10: A FE model and examples of linear Lagrange and cubic Hermite Inter-

polation. (Left) The full LV FE model, with nodes and interpolated lines

(silver), and element centre points (red), interpolated using cubic Hermite

basis functions. (Right) An exemplary element, once interpolated with lin-

ear Lagrange (gold) interpolation, and once with cubic Hermite (blue) to

illustrate the difference.

2.8 summary

This chapter outlined the anatomy and microstructure of the heart and dis-

cussed the haemodynamic, geometrical, and microstructural changes in HF. A

brief overview of myocardial fibrosis, animal models of hypertension, and CMR

followed. The chapter concluded with an introduction to LV mechanical mod-

elling.

The next part of this thesis focusses on T1 mapping and estimates of intrinsic

myocardial stiffness. The concepts of T1 mapping and the framework for in-

verse FE mechanical modelling to estimate indices of intrinsic myocardial stiff-

ness are presented (Chapters 3 and 4, respectively). Chapter 5 examines the

relationship between the T1 mapping results and the intrinsic myocardial stiff-

ness estimates.





Part I

T 1 M A P P I N G A N D I N T R I N S I C M Y O C A R D I A L

S T I F F N E S S





S Y N O P S I S

Increased myocardial stiffness and diffuse myocardial fibrosis are both key ob-

servations in heart failure with preserved ejection fraction (HFpEF).

This part of the thesis investigates the link between these phenomena and aims

to

• provide an overview of T1 mapping and the correlation between T1 in-

dices and fibrosis in HFpEF (Chapter 3);

• briefly describe the passive stiffness estimation framework and the ne-

cessary processing steps of building cardiac models from cine magnetic

resonance imaging (MRI) as well as the temporal alignment of invasive

pressure data with these models (Chapter 4);

• present the results of the T1 mapping analysis of patients, as well as the

estimated intrinsic myocardial stiffness for those cases (Chapter 5); and

• investigate the correlation of intrinsic myocardial stiffness with T1 indices

(Chapter 5).
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3
B A S I C S O F T 1 I M A G I N G A N D R E L E VA N C E

I N H F

MRI offers the ability to image tissue composition non-invasively because of

its sensitivity to soft tissue image contrast. T1-weighted imaging with gad-

olinium enhancement has been used for many years to image heterogeneous,

focal pathologies such as scarring and acute myocardial infarction (MI), or to

detect fatty infiltration, but relies on the regional contrast between healthy and

diseased tissue. This imaging modality, however, cannot detect diffuse, intersti-

tial fibrosis. Recently, T1 mapping has evolved to quantify the accumulation of

fibrosis and has become a promising clinical imaging technique.

This chapter introduces the principles of T1 mapping, explains how T1 maps

and extracellular volume fraction (ECV) are calculated, and summarises

changes in T1 indices observed in HFpEF.

3.1 principles of t1 mapping

In general, signal intensity in cardiac magnetic resonance imaging (CMR) is de-

termined by two parameters of the magnetic resonance relaxation of hydrogen

nuclei:

Longitudinal or spin-lattice relaxation time T1, which is the specific time de-

cay constant when the longitudinal magnetisation recovers approximately 63%

of its equilibrium value after a radiofrequency pulse in the MRI scanner.

Transverse or spin-spin relaxation time T2, which corresponds to the specific

time when the transverse magnetisation drops to approximately 37% of its ori-

ginal value after the RF pulse.

37
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Figure 3.1: Spin-lattice (top panel) and transverse (bottom panel) relaxation times. T1
marks the time point when approximately 63% of the longitudinal magnet-

isation is recovered, and varies significantly for different tissue types.
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Because the molecular environment of the water molecules defines the relaxa-

tion times, different types of tissue can be distinguished by their specific T1 or

T2 times (see Figure 3.1). This means that the rate at which the signal intensity

recovers varies for different tissues and in the presence of contrast agents.

3.1.1 Sequences and T1 Map Computation

T1 maps are parametric, reconstructed images in which each signal intensity or

relaxation time results from a number of acquisitions [158].

Figure 3.2 illustrates a typical T1 mapping sequence: Several images are ob-

tained at different time points after inversion by a radio frequency pulse. Since

the T1 relaxation follows an exponential function, the specific T1 time value can

be estimated for each voxel by fitting the curve

y = A−B · e−
t
T1 (3.1)

to the signal intensities. A and B are fitting parameters related to the equilib-

rium magnetisation and pulse, and t is the time after inversion.

Various image acquisition sequences exist [159, 160] and the choice of the ac-

quisition sequence strongly influences the accuracy and reproducibility. Differ-

ent sensitivity to motion artefacts, heart rate, and intrinsic T1 value ranges need

to be considered, especially when comparing study outcomes [131].

One of the earliest techniques, developed in the 1970s, is the Look-Locker se-

quence [161]. This method acquires image segments after rapidly repeated ra-

diofrequency pulses have been applied to cover the recovery curve, and inver-

sion times are predefined so that the train of radiofrequency pulses reaches the

steady-state. The acquisition is repeated after a relaxation period, and, there-

fore, this method offers a large number of images to fit the relaxation curve

to. However, this method does not enable T1 mapping as the images are taken

at different points during the cardiac cycle in which the tissue significantly

deforms and moves, both in as well as through the plane.

Because T1 values also depend on the type of pulse sequence, flip angle, field

strength, repetition time, and T2 time, the Look-Locker technique measures an
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Figure 3.2: T1 map computation. The MOLLI sequence uses 17 heartbeats to recon-

struct 11 images with different inversion times during diastole. All images

are combined to generate the T1 map by fitting a curve over the 11 acquired

initial voxels of the same location. Reproduced from [88] with permission

from publisher.

apparent T1 time (T∗1) rather than the true T1 time. The true T1 time can be

reconstructed using the so-called Look-Locker correction factor with the two

fitting parameters A and B as

T1 = T
∗
1 · (

B

A
− 1). (3.2)

The Look-Locker method has also been shown to be dependent on the heart

rate; in case of long T1 times or high heart rates, the relaxation time between

Look-Locker cycles may not be sufficient [159].

Messroghli et al. [158] developed the Modified Look-Locker Inversion recov-

ery (MOLLI) sequence, one of the most widely used sequences to date. 2-3

inversion pulses are followed by several readouts at various fixed inversion

times during diastole, see Figure 3.3. Short relaxation periods allow recovery of

longitudinal magnetisation between cycles. MOLLI enables the acquisition of

T1 times in only one breath-hold per slice (15-20 sec) while maintaining high
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signal-to-noise ratios. A typical MOLLI sequence follows a 3(3)3(3)5 scheme,

which means that 3 or 5 images are acquired after each inversion, with (3)

heartbeats as rest periods between inversion pulses. The inversion times vary

slightly to cover the relaxation curve more evenly. Consequently, images are

spaced by the nominal interval. Note that the T1 times have to be corrected by

Equation 3.2, and that the MOLLI sequence suffers from the same heart rate

dependence as the Look-Locker method [159, 162].

Figure 3.3: Modified Lock-Looker inversion pulse sequence scheme. Shown are three

Look-Locker (LL) cycles, each prepared by a separate 180° inversion pulse

(inv). The inversion time (TI) of the first LL cycle is defined as TImin. The

inversion times of the second and third LL experiment are determined by

TImin 6 TIincr and TImin 6 2× TIincr, respectively. There is a defined num-

ber of pausing heart cycles in between LL cycles in order to allow for un-

disturbed signal recovery. Reproduced from [163] with permission from

publisher.

MOLLI still requires a breath-hold over 17 heartbeats for each acquisition,

which might pose difficulties for patients. The shortened MOLLI [164] follows

a 5(1)1(1)1 scheme, which reduces the number of heartbeats down to 9 and sig-

nificantly shortens the length of the breath-hold. Another advantage is that it

does not require heart rate correction. However, it is more sensitive to motion

and requires motion correction to compute the T1 map.
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3.2 post-contrast t1 maps

Before T1 mapping became widely available, collagen accumulation was qual-

itatively observed in T1 weighted imaging with late gadolinium enhancement

(LGE). This contrast agent reduces the T1 relaxation time and, therefore, amp-

lifies the signal intensity of tissues with higher collagen content, as shown in

Figure 3.4.

LGE relies on stark spatial differences in tissue composition, as seen in scarring,

and does not allow to analyse the amount of fibrosis in the abnormal tissue

quantitatively. The image contrast is arbitrarily chosen during post-processing

to enhance the relative intensity difference between tissue types [165]. To date,

there is no standard for setting the contrast and results vary significantly [165–

168].

Figure 3.4: High-magnification comparisons of histological and LGE images showing

gadolinium contrast enhancing fibrosis. Reproduced from [169] with per-

mission from publisher.
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When combining LGE with T1 mapping, so-called post-contrast T1 maps (as

opposed to native T1 without the administration of contrast agents) can be

obtained to complement CMR. Generally, a contrast agent is given to the subject

after native T1 mapping. 10 to 15 min after administration, the T1 mapping

sequence is repeated [170]. On the resulting post-contrast T1 maps, myocardial

T1 times are generally shorter than on native T1 maps, as illustrated in Figure

3.5.

The signal intensity in the contrast-enhanced images is dependent on the tis-

sue properties: Local perfusion and volume of distribution, as well as water

exchange rates, blood flow, renal clearance, and wash-out rates of the contrast

agent [171, 172] have an effect. Due to a lower wash-out rate of scarred or

fibrotic myocardium, the gadolinium contrast agent is present for a longer time.

Hence, while native T1 times generally increase with disease, post-contrast T1

times of fibrotic tissues are shorter than in healthy tissue in the presence of the

contrast agents.

Figure 3.5: Typical native and post-contrast T1 maps. Myocardial post-contrast T1
times (right) are generally shorter than native T1 times (left) for the same

region of interest. Note that the blood pool has larger native T1 times

compared to the myocardium, while this difference is reversed in the post-

contrast T1 maps.
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3.3 extracellular volume quantification

ECV is the volume fraction of myocardial tissue that is not part of either the

intracellular compartment (such as myocells, fibroblasts, endothelial cells) or in-

travascular compartment (blood). ECV, therefore, includes the interstitial space,

which is the residual space left after the intracellular compartment and blood

were removed [160]. Many pathologies, such as diffuse fibrosis or MI, can

change ECV, and thus measuring ECV can be an important diagnostic tool.

Since ECV correlates well with connective tissue fraction and is histologically

validated [173–175], it is an useful and continuous surrogate of the extent of

fibrosis [13].

Post-contrast T1 maps are usually taken 10-15 min after contrast agent admin-

istration. This is when an equilibrium of gadolinium between blood and myo-

cardium has been achieved. Figure 3.6 illustrates contrast agent dispersion in

tissue and myocardium. Highly fibrotic tissue accumulates more gadolinium,

resulting in shorter post-contrast T1 times, and higher ECV estimates.

The ECV is estimated by taking the reciprocals of the T1 times, Rmyo and Rblood,

for the regions of interest (myocardium or blood pool) from the native and post-

contrast T1 maps [176, 177]. Hence, the changes in the blood pool serve as a

reference for changes in the myocardial tissue between native and post-contrast

T1 imaging.

The partition coefficient of gadolinium (λGd) is calculated as

λGd =
∆Rmyo

∆Rblood
=
R

post
myo − R

native
myo

R
post
blood − Rnative

blood

. (3.3)

The partition coefficient corresponds to the slope of the line going through

the measured values of R (as the reciprocal R rather than T1 is proportional

to contrast concentration). The slope increases as a result of the expansion of

the extracellular volume, or in other words, as a result of diffuse interstitial

fibrosis. The slope generally changes much less as a result of oedema, and the

native T1 is therefore more widely used to detect oedema [160]. Note that this

model assumes that a steady-state equilibrium of gadolinium contrast agent

exists between blood and myocardium, as discussed in [178].
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Figure 3.6: Myocardium and blood pool before and after gadolinium (Gd) administra-

tion. Note the differences in contrast dispersion in normal versus fibrotic

myocardium. Reproduced from [170] with permission from publisher.
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Correcting for the haematocrit level in the patient’s blood, to get a reference for

T1 times in plasma, returns a more stable and biologically significant biomarker

[179] from

ECV = λGd(1− haematocrit). (3.4)

The agreement of the histologically measured extent of fibrosis with ECV has

been proven in several studies. A strong correlation between the increase in

myocardial ECV and the histological evidence of fibrosis was found in mice

[179]. Flett et al. [180, 181] found a strong association between ECV and myo-

cardial fibrosis in aortic stenosis and hypertrophic cardiomyopathy, while Iles

et al. [13] found similar agreement of post-contrast T1 times and histology in

heart failure (HF). A study on patients with aortic stenosis, using native T1

times and the shortened MOLLI sequence, established that T1 times were re-

producible and sufficiently accurate to detect global myocardial changes in T1

indices without using contrast agents. They also demonstrated that T1 times

are correlated with the percentage of collagen volume fraction measured from

histology [182]. These studies suggest that T1 mapping could be very valu-

able to researchers and clinicians for its potential to gain accurate insight into

the extent of fibrosis non-invasively and with short acquisition times. ECV re-

duces the effect of confounding variables as they are calculated from the ratio

of change in myocardial T1 times relative to blood pool T1 times between native

and post-contrast T1 imaging [170].

Note that in healthy subjects, ECV may depend on age [179]. Clinically, there

is a wide spread of ECV values with an overlap of values between normal and

diseased myocardium [170, 183].
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3.4 reference t1 times in controls and heart failure

Certain pathologies have an effect on native and post-contrast T1 times, which

can be generalised as follows:

Native T1 times generally become longer in

• scarring (replacement fibrosis) [184–187];

• interstitial fibrosis [188];

• intra- and extracellular oedema [130, 189];

• amyloid infiltration [190–192];

and shorter in

• lipid infiltration [193]; and

• iron accumulation [191, 194].

Both, post-contrast T1 times and ECV increases in

• replacement fibrosis [185];

• interstitial fibrosis [13, 129, 195]; and

• amyloid infiltration [196].

While alterations in post-contrast T1 times have the potential to differentiate

between normal myocardium, diffuse myocardial fibrosis, and myocardial scar-

ring [179], it is limited by the inability to distinguish interstitial from myocyte

signal intensity clearly. Thus, in early disease processes, the difference in T1

values between healthy and disease states is minimal [170].

T1 times depend on the sequences and vendors used at each institution. It is

common practice to determine institutional normal values specific to the scan-

ner and sequence parameters. Many studies have estimated T1 times in healthy

subjects in an attempt to establish a baseline value for normal myocardium. A

few key observations are summarised below. All below mentioned studies used

the MOLLI sequence unless otherwise stated. For further reference on T1 times
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in normal and diseased tissue, refer to the extensive meta-study published by

Puntmann et al. [131].

Messroghli et al. [162] estimated normal myocardial baseline T1 times for

healthy human hearts on a 1.5 T system at 977 ± 63 ms (mean ± std) for native

T1 images and 483 ± 20 ms for post-contrast T1 times 10 to 15 min after gad-

olinium administration. Because T1 time estimation depends on the magnetic

field strength, Dabir et al. [197] investigated the effect of field strength and

found higher normal native T1 times in 3 T systems than in 1.5 T systems (1052

± 23 ms vs 950 ± 21 ms). Dabir et al. have also shown that T1 times can vary

significantly between regions, with normal native T1 times highest in inferior

septal segments (1.5 T: 995 ± 23 ms; 3 T: 1107 ± 21 ms) and lowest in antero-

lateral segments (1.5 T: 902 ± 59; 3 T: 1029 ± 67) [197]. In a study comparing

T1 values in men and women (n=330) measured with the SASHA sequence, no

difference was found in native T1 between control subjects, patients at risk for

HF, or those with HFpEF, irrespective of the presence of LGE in the septal re-

gion (p > 0.05 for all) [198]. Heart failure with reduced ejection fraction (HFrEF)

had significantly higher native T1 than all other groups (p<0.05 for all), except

in females between HFrEF and HFpEF.

Normal ECV values have been estimated at 25 ± 4 % [197] and 26.9 ± 2.8 %

[199]. Su et al. [200] observed elevated ECV in patients with HFpEF in compar-

ison to healthy control subjects (28.9% vs. 27.9%, n=62 vs. n=22, respectively).

Native T1 times did not increase significantly, while post-contrast T1 times de-

creased significantly from 649 ms to 613 ms. They also studied patients with

HFrEF and found that diffuse myocardial fibrosis is more severe in HFrEF than

in HFpEF based on the higher ECV estimate (31.2%, n=40) and the lower post-

contrast T1 times (545 ms). In the HFpEF group, myocardial ECV was correlated

with end-diastolic volume (r = 0.320, p = 0.011), end-systole (ES) volume (r =

0.474, p < 0.001), ejection fraction (EF) (r = -0.539, p < 0.001) and left ventricle

(LV) mass (r = 0.369, p = 0.003) among others.

The findings suggest that diffuse myocardial fibrosis, as measured by T1 map-

ping, is a key factor in the pathophysiology of HFpEF and may play a role

leading to diastolic dysfunction in patients with HFpEF as well as increased

risk of cardiac events [201].
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3.5 advantages , limitations , and perspectives of t1 mapping

T1 mapping is capable of quantifying tissue properties of the myocardium both

on a regional and a global scale. One of the main advantages is that it enables

direct myocardial signal quantification at a standardised scale rather than a

relative measurement (as is the case in LGE). Differences in signal intensities

could be analysed for their spatial variability, which might help to identify

specific myocardial patterns such as diffuse myocardial fibrosis, oedema, MI

amongst others.

As listed in the previous Section 3.4, multiple pathologies can alter native and

post-contrast T1 times. This lack in specificity can make it difficult to identify

the underlying mechanism for changes in T1 indices, and often, diagnosis be-

nefits from the use of multiple imaging modalities. For example, to exclude

oedema, T2 mapping may be considered in combination with native T1 map-

ping.

Institutions use different sequences and vendors, which makes the determina-

tion of normal and diseased T1 values difficult. Since T1 is sensitive to acquis-

ition parameters, standardised conditions could greatly improve the accuracy

and allow for cross-sectional comparisons [202].

Some patients have contraindications to the use of gadolinium contrast so that

the acquisition of post-contrast T1 maps is limited. In addition, T1 maps are

sensitive to the administration of the gadolinium contrast agent itself (dose,

concentration, relaxivity, rate of injection, and water exchange rate). The time

delay between gadolinium administration and imaging affects the final myo-

cardial voxel T1 value [162], since the T1 value exponentially increases with

the wash-out of gadolinium contrast. The gadolinium wash-out rate, however,

mainly depends on each patient’s glomerular filtration rate. Maceira et al.

[203] proposed a correction model of myocardial T1 values by blood T1 value

in their study of cardiac amyloid patients. ECV normalises T1 mapping to ac-

count for several of the contrast agent related confounders, as discussed in

Section 3.3.
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When interpreting T1 maps or ECV, it has to be acknowledged that constructing

the T1 map builds on a very simple assumption of a single homogeneous value

per voxel. Biological or molecular structures are much more complex, and there

is still a debate on what else influences the measurements.

3.6 review of studies linking t1 mapping and myocardial stiff-

ness

Fibrosis may be linked to diastolic dysfunction through increased myocardial

stiffness.

Ellims et al. [204] investigated the link between fibrosis and LV chamber stiff-

ness using invasive pressure-volume catheter measurements and native and

post-contrast T1 imaging. The passive chamber stiffness constant β, fitted to

pressure-volume curves, is thought to correlate with chamber compliance of

the LV [54]. Hence, they tested for an increase in native T1 times and ECV as

well as a decrease of post-contrast T1 times. Only the relationship between the

post-contrast myocardial T1 time and β was observed to be statistically signi-

ficant, while native T1 exhibited no significant correlation with LV chamber

stiffness. ECV showed a weak correlation, which did not withstand multiple

regression analysis.

A similar study undertaken by Rommel et al. [205], again using invasive

pressure-volume catheterisation, confirmed previous results in parts. They ob-

served higher ECV in patients with HFpEF and a high correlation of ECV

with the passive chamber stiffness β. They also correlated native T1 and post-

contrast T1 times with LV chamber stiffness. However, ECV was the only in-

dependent predictor for the passive chamber stiffness constant in the multi-

variate analysis. Moreover, they note that fibrosis is not the only contributor to

LV chamber stiffness, as the LV wall thickens and cytokeletons are altered.

Note that the passive chamber stiffness constant used in these two studies is a

load and geometry dependent measurement and is not intrinsic to myocardial

tissue. The following Chapter 4 introduces the concept of intrinsic myocardial
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stiffness, and further discussion on the difference between the two indices can

be found in Section 5.5.

3.7 summary

Native or post-contrast T1 mapping can not only help to differentiate patho-

physiologies and to assess fibrosis but are also correlated with passive ventricu-

lar stiffness. LV passive stiffness measurements, however, are confounded by

the geometry of the LV and hence, an intrinsic myocardial stiffness estimate

could provide further insight in the effect of elevated fibrosis. It is hypothes-

ised that myocardial stiffness may better correlate with T1 estimates as both

measure intrinsic properties of the tissues such as stiffness and fibrosis.

The following chapters first introduce the framework to estimate myocardial

stiffness and then investigates the correlation between T1 indices and myo-

cardial stiffness in human HF.





4
E S T I M AT I O N O F I N T R I N S I C M Y O C A R D I A L

S T I F F N E S S

Increased intrinsic myocardial stiffness of the LV may play a key role in the

development of HFpEF.

One index of LV stiffness is provided by the diastolic chamber stiffness constant

derived from the pressure-volume relationship between end-isovolumic relax-

ation (eIVR) and end-diastole (ED), but this stiffness index does not directly

reflect the stiffness of the LV myocardium. This index is also confounded by

non-linear geometric effects and the differences in unloaded geometry, residual

stress, and pressure loading conditions between patients.

To address those issues, Wang [145] and Wang [206] developed a passive para-

meter estimation framework to determine the intrinsic myocardial stiffness,

which is independent of the unloaded LV geometry and loading conditions.

This framework was adopted in this thesis to estimate intrinsic myocardial stiff-

ness in HF patients (in the following Chapter 5). Hence, this chapter at hand

provides an overview of the framework and describes the two key subject-

specific inputs for this framework: 1) LV finite element (FE) models built from

patient cine MRI; and 2) minimally invasive LV pressure measurements tem-

porally scaled to match the cine MRI.

53
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4.1 framework for estimation of intrinsic myocardial stiffness

Generally, the concept behind the passive parameter estimation framework is to

personalise a LV FE model from patient data at diastasis (DS) and to inflate this

model from DS to ED under the assumption of certain material properties and

loading conditions. By optimising the material properties, in this particular case

the intrinsic myocardial stiffness, the model predicted diastolic deformation

closely matches the actual deformation captured by the cine MRI. An overview

of the framework is shown in Figure 4.1.

The framework requires patient data such as cine MRI, which were used to con-

struct LV geometric models at each frame (see Section 4.2), as well as the min-

imally invasive pressure measurements registered to those geometries as load-

ing conditions (see Section 4.3) for the mechanics simulation. Microstructural

information, such as myofibre orientation extracted from histology or diffusion-

weighted magnetic resonance imaging (DWI), describes the anisotropic nature

of the myocardial mechanical response. For the following parameter estima-

tions in humans, myofibre orientations of a typical mammalian heart [37] were

adapted to the patient-specific geometry. The baseplane motion served as a

kinematic boundary constraint and the baseplane displacements between the

deformed and the reference geometries were calculated from the images.

In the transverse-isotropic Guccione [149] material model (Equation 2.9), the

parameter C1 scales the overall stiffness. Since this intrinsic myocardial stiff-

ness index is estimated using personalised geometries and pressure loading

conditions, it is therefore independent of those factors. The resultant intrinsic

myocardial stiffness values can be compared amongst subjects.

The framework is implemented in Python which calls the in-house software

package Cmiss
1 to simulate LV mechanics. The LN_COBYLA (Constrained Op-

timization BY Linear Approximations) algorithm, which was used to optimise

the intrinsic myocardial stiffness parameter, is provided through the NLopt
2

package.

1 www.cmiss.org

2 nlopt.readthedocs.io
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Figure 4.1: Overview of intrinsic myocardial stiffness parameter estimation framework.

Yellow: Patient data such as pressure data of the LV, recorded invasively,

and cine MRI. Light blue: Input data for the mechanics model, such as

microstructural information, temporally scaled pressures as loading condi-

tions, and LV FE models segmented from cine MRI representing the de-

formed geometry. The individualised model is then fed into the mechanics

prediction and parameter estimation framework (dark blue), which adjusts

the intrinsic myocardial stiffness parameter until the best estimate of C1
(purple) is found. This corresponds to the smallest error between predicted

and measured surface points.
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4.2 geometric models for intrinsic myocardial stiffness estim-

ation

Cine MRI was used to create a three-dimensional FE model of the LV using an

interactive guide point modelling technique, implemented in the Cim
3 software.

It was developed by Young et al. [207] to allow semi-automatic segmentation

and the creation of LV geometric models from cine or tagged MRI. Cim is based

on a pre-defined ventricular model, which is then personalised to each study

through user input as described previously [145, 208–210]. Epicardial and endo-

cardial surfaces at each frame were generated from short and long-axis images.

Often, it was sufficient to set guide points at frames corresponding to ED, ES,

and DS only, and potentially a few frames in between. The semi-automatic seg-

mentation creates the cardiac coordinate system based on user selection of the

LV base centroid, LV apex, and right ventricle (RV) insertion points. During

model segmentation, the model is updated in real-time, and epicardial and en-

docardial contours are propagated to all frames in the cine MRI sequence using

non-rigid image registration while keeping LV mass constant to within 5% of

variation for all frames.

Before every segmentation, the alignment of short- and long-axis images was

checked carefully. Papillary muscles were excluded; however, identification of

those can be challenging at ES, so careful segmentation was undertaken at ED,

where identification is easiest, and only minimal guide point selection took

place at ES.

For mechanics solutions, very thin myocardial walls can pose issues such as

collapsing/coalescence of the endocardial and epicardial wall or inversion of

the walls [206]. To avoid this, guide points for the basal plane were placed at

the basal-most point in the myocardial wall for all long-axis images to ensure

a reasonable LV wall thickness of at least 3 mm all around the basal plane. For

the same reason, the apical region was visually checked [206].

The final set of models corresponded to the best fit to the guide points for each

cine MRI frame and provided accurate geometric representations of the LV at

3 CIM v 8.2, University of Auckland, New Zealand
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all frames throughout the cardiac cycle. Figure 4.2 illustrates the fitting process

and shows exemplary models at ES, DS and ED.

Cim constructs the model in a prolate-spheroidal coordinate system with Bézier

interpolation functions, while the mechanics analysis requires a different inter-

polation scheme, defined in the rectangular cartesian coordinate system with

tricubic Hermite basis functions [157]. Therefore, the models were converted

into a 16 element tricubic-Hermite FE model at each frame [145, 206].

4.3 pressure analysis for intrinsic myocardial stiffness estim-

ation

Pressure measurements serve as loading conditions for mechanics modelling;

as such, they need to be registered with each of the cine MRI frames.

4.3.1 Pressure Trace Selection

LV and aortic pressures were processed in Matlab
4. Using Fourier transforma-

tion, pressure traces were filtered first to remove noise (threshold chosen by the

user on a case by cases basis). Then, the R peaks were identified from the electro-

cardiogram (ECG) traces5 and used to separate out the LV and aortic pressure

traces into the individual cycles (see Figure 4.3, top and middle panels). In a

subsequent step, the individual pressure traces that should be included in the

analysis were chosen. If the catheter touches the endocardial wall during the

measurement, the patient can experience arrhythmias or recoil, both of which

show on the pressure traces. The latter can be observed as two distinct peaks

in the LV pressure curve. Pressure cycles affected in this way were excluded.

4 MathWorks Inc., Natick, Massachusetts, USA
5 Algorithm provided by Sergey Chernenko, http://www.librow.com/articles/article-13.
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Figure 4.2: Workflow to create LV models in Cim. Left top panel: Endocardial and epi-

cardial surfaces are segmented through guide point fitting on multiple short

and long axes image across the cardiac cycle. RV insertion points and basal

and apical LV centroids are defined to construct the cardiac coordinate sys-

tem. Right top panel: Snapshot of geometric model embedded in the cine

MRI stack. Bottom panels: The model tracks the contours through the car-

diac cycle. At ES, the LV is contracted and LV volume is minimal. Through

DS to ED, the model slowly inflates. Endocardial meshes are shown in

green, and epicardial meshes in blue.
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Figure 4.3: Pre-processing of representative pressure and ECG traces and identification

of cardiac events. (A) ECG traces, which were recorded simultaneously with

the LV and aortic pressure traces. R peaks were automatically identified to

extract individual cycles. (B) LV and aortic pressure traces, separated into

individual cycles. (C) Multiple LV and aortic pressure cycles overlaid, with

markers indicating: ED (green), DS (red), eIVR (black), eIVC (yellow), and

dicrotic notch/ES (blue).
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4.3.2 Identification of Cardiac Events on Pressure Traces

Since pressure measurements were not recorded simultaneously with CMR,

they had to be temporally aligned to the cine MRI frames in an additional

processing step. Wang [206] demonstrated that simple linear scaling of the

R-to-R interval does not yield physiologically sensible pressure-volume loops,

and proposed a piece-wise linear temporal scaling method using time points

marking multiple cardiac events.

Five cardiac events were identified in the pressure traces (see Figure 4.4) and

the corresponding ECG:

End-diastole is indicated by the R peak of the ECG and marks the beginning

of an individual cycle.

End of isovolumic contraction occurs at the minimum of aortic pressure when

aortic valve opens. LV and aortic pressure have to be the same at this point.

End-systole is indicated by the dicrotic notch in the aortic pressure. The di-

crotic notch was identified in the aortic pressure curve as the small downward

deflection due to the closing of the aortic valve. The aortic pressure at the time

of the dicrotic notch has to be equal to the pressure of the LV, so by finding the

point with the same pressure, ES can be marked in the LV pressure curve.

End of isovolumic relaxation can be identified as the point of maximum change

of rate of LV pressure (where the second derivative peaks) after ES and before

minimal pressure is reached.

Diastasis is, clinically, often assumed to correspond to the minimum LV pres-

sure. However, since DS marks the short period of time during diastole when

neither pressure nor volume are changing substantially, the minimum pressure

may not necessarily be the DS pressure (in particular, rapid recoil during isovo-

lumic relaxation can correspond to the minimum pressure). Hence, the DS time

point is chosen at the inflection point of the LV pressure trace (where the second

derivative of the LV pressure equals 0) at or after the minimum pressure.

Refer to [206] for further explanation of cardiac event identification.
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Figure 4.4: Schematic of cardiac events on LV and aortic pressure traces. Based on [26].

4.3.3 Identification of Cardiac Events in Cine MRI

The same five cardiac events, ED, end-isovolumic contraction (eIVC), ES, eIVR,

and DS, were identified on the cine MRI frames (see Figure 4.5 for reference):

End-diastole is indicated by the R peak, and since cine MRI is triggered by the

ECG, this is usually the first frame of cine MRIs.

End of isovolumic contraction is determined as the frame just before or at

which the aortic valve opens.

End-systole is automatically determined by Cim, which updates the cavity

volume during the segmentation process. ES marks the point at which the LV

is most contracted and ventricular volume lowest. The image that corresponds

to the lowest volume is chosen. It coincides with the first frame in which the

aortic valve is closed.

End of isovolumic relaxation is determined as the frame just before or at which

the mitral valve opens.

Diastasis can be identified as the point of inflexion on the volume curve gen-

erated by Cim. DS is also the frame just before left atrial contraction and can

sometimes be identified by the partial closing of the mitral valve, should the
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valve be visible. It can be challenging to pick the correct frame from multiple

potential frames. Where necessary, the frame that yields the highest area under

the pressure-volume loop or the most vertical eIVC segment was chosen.

Figure 4.5: Schematic of cardiac events on LV volume traces. Based on [26].

4.3.4 Scaling Pressures to Cine MRI

After the cardiac events were determined, the individual pressure traces were

divided into five segments: DS to ED, ED to eIVC, eIVC to ES, ES to eIVR, and

eIVR to DS. Then, each segment of each trace was temporally scaled to match

the duration of the respective MRI segment, resulting in multiple pressure val-

ues for each MRI frame. Those pressure values were averaged to find the mean

LV pressure trace, which serves as loading conditions for the parameter es-

timation mechanics modelling, as illustrated in Figure 4.6. The mean pressure

curve was also offset by the DS pressure to satisfy the assumption of a load-

free geometry at DS. This presents a limitation of this approach, particularly

for hypertensive cases, but generally not for normotensive cases.

In combination with the volume information from the Cim models, the pressure-

volume loops can also be drawn to check the quality of the temporal registration

(see Figure 4.6), even though only the DS pressures and models are of interest

for the passive parameter estimation.
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Figure 4.6: Representative beat-averaged LV pressure traces (left) and averaged

pressure-volume loops (right), both offset by LV DS pressure.

4.4 objective function and parameter identifiability

Once the intrinsic myocardial stiffness parameter estimates were found, the

objective function landscape was assessed for identifiability.

4.4.1 Objective Function Definition

Mechanics simulations predict the LV deformation from DS to ED by solving

finite elasticity equilibrium equations (see Section 2.7). These equate internal

work (stresses in the LV) with external work (pressure load acting on the endo-

cardial surface of the LV).

The transversely isotropic constitutive model used in this study was proposed

by Guccione et al. [149] (refer to Equation 2.9). In this thesis, only the C1 para-

meter, which scales the overall stiffness of the myocardium, was optimised. The

other three parameters C2, C3, and C4, which control the material anisotropy

in the myofibre (f), cross-myofibre (c), and radial (r) directions, were set to pre-

viously published values at C2 = 8.61 kPa, C3 = 3.67 kPa, and C4 = 25.77 kPa
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to simulate physiologically realistic anisotropic mechanical responses of the LV

[208].

The parameter estimation framework estimates the intrinsic myocardial stiff-

ness index by minimising an objective function that quantifies the error in

model predicted motion of surfaces points with the motion of the same set of

surface points derived from cine MRI. This objective function, a mean squared

error (MSE), is calculated as

Φf =
1

n

n∑
i=1

(d̂i − di)
2

, (4.1)

where d̂i are the model predicted locations of a set of n surface data points and

di the MRI-derived surface points at each frame (f). Both the epicardial and

endocardial data projections were included in the calculation of Φf.

Minimising this objective function penalises error in model predictions at each

frame from DS to ED. The optimal material parameters minimise the overall

objective function

Φ =

f∑
i=1

Φf (4.2)

across all f frames. The estimated intrinsic myocardial stiffness parameter is

most consistent with the surface data and pressure loading provided by the

cine MRI-derived geometric models and the pressure data.

Note that surface points rather than material points are tracked. The objective

function is, for example, insensitive to torsion, and the parameters may be less

identifiable. Three-dimensional kinematic data, such as displacement encoding

with stimulated echoes or MRI tagging, may add additional information, refer

to Section 5.5.

4.4.2 Parameter Identifiability Analysis

Parameter estimation is usually followed by the assessment of the parameter

identifiability to ensure that the optimal parameter is unique, and to under-

stand the variability that is propagated to subsequent analyses. One common
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way to quantify identifiability is to assess the second derivative of the objective

function with respect to the parameters. Here, large second derivatives indicate

small regions of indifference at the optimum and, therefore, greater identifiab-

ility of the estimated parameter.

Wang [206] found that the identifiability of the intrinsic myocardial stiffness

parameter was affected by the magnitude of the estimated intrinsic myocardial

stiffness and by the amount of deformation in the surface data between DS

and ED. The latter is because, with increasing intrinsic myocardial stiffness, the

sensitivity of myocardial deformation to changes in stiffness decreases. Also,

the cine MRI resolution and the segmentation method limit the resolution at

which the smallest amount of myocardial deformation can be detected. Hence,

there is a threshold value for the estimated intrinsic myocardial stiffness beyond

which the sensitivity to deformation falls short of the detectable amount of de-

formation in the geometric data, and the intrinsic myocardial stiffness estimate

becomes non-unique and unidentifiable. To verify that the optimal parameter

is indeed identifiable, even if a minimum value was found and the second de-

rivative value appears to be high, the optimal parameter has to be smaller than

the threshold value (εthresh). If it is greater, the only valid assumption is that

the parameter for this particular LV has to be at least as stiff as the threshold

intrinsic myocardial stiffness, but the actual value cannot be quantified. With

reference to Figure 4.7, εthresh is calculated as

εthresh = ε0 +α, (4.3)

where

α = f× (
s

2
)2 (4.4)

depends on the voxel size (s) of the cine MRIs and the number of frames (f)

between DS and ED. The signed plateau error (ε0) can be calculated as

ε0 = 2× εopt − εplateau. (4.5)

The optimal value (εopt) is the MSE at the optimal parameter (C1,opt) and the

plateau MSE (εplateau) is the value at which the objective function plateaus at

very high intrinsic myocardial stiffness values (such as 40 kPa, which was es-

sentially the same as the DS model with almost no deformation, except that the
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base plane was displaced to match the ED surface data). The intersection of the

threshold value with the monotonically decreasing (signed) objective function

returns the identifiability threshold (C1,t).

The α value can also be used to define a region of indifference, in which changes

of the passive stiffness parameter lead to negligible increases in the respective

objective function value.

Refer to Figure 4.7 for a representative parameter sweep of a human heart with

the optimal C1 value and the threshold values.

Another approach to quantify uncertainty is the Gaussian approximation of

the parameter estimation error (σ2) from the objective function at the optimum

(εopt) and the second derivative of the objective function at that point as

σ2 =
εopt

ε ′′(C1,opt)
. (4.6)

4.5 summary

This chapter described the framework for estimating intrinsic myocardial stiff-

ness, which is used in Chapter 5. The index of intrinsic myocardial stiffness

is determined using personalised patient data, or more specifically, geometric

models derived from cine MRI, and invasively measured LV pressures. Pressure

data and cine MRI were temporally aligned using the cardiac events.

In the following chapter, the results of the intrinsic myocardial stiffness para-

meter estimation are presented together with the indices derived from T1 map-

ping, and the relationship between the indices is investigated.
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Figure 4.7: Schematic of identifiability threshold using the parameter sweep. The

intrinsic myocardial stiffness parameter value at the intersection of the

threshold error (εthresh) with the mirrored objective function (grey curve)

is the intrinsic myocardial stiffness identifiability threshold (green marker).

The red markers at the intersections of the objective function with εindiff =

α + εopt indicate the contour of the indifference region. The plateau er-

ror value (εplateau) is determined at very high estimates of stiffness (C1 =

40 kPa). C1,t is determined as the parameter at which εthresh = ε0 +α inter-

sects with the objective function.
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C O R R E L AT I O N O F T 1 M A P P I N G A N D

I N T R I N S I C M Y O C A R D I A L S T I F F N E S S I N

T H E H U M A N H E A RT

While an increase in fibrosis can, potentially, be detected by T1 mapping in-

dices such as native and post-contrast T1 times and ECV, only two studies

have looked at the link between T1 mapping and surrogates of cardiac stiffness

[204, 205]. The passive chamber stiffness constant from pressure-volume cath-

eter measurement used in those studies does not necessarily reflect the stiffness

of the myocardium and may be confounded by non-linear geometric effects as

well as differences in resting geometry or pressure loading condition between

patients [206].

This chapter explores the relationship between T1 mapping and intrinsic myo-

cardial stiffness to examine the influence of fibrosis on passive myocardial tis-

sue properties. T1 mapping and cardiac catheterisation were performed as part

of an extensive study provided by collaborators at the St Francis Hospital, New

York [211, 212]. The myocardial stiffness and T1 maps were estimated for 12

patients, and the relationships between the measures were examined. To our

knowledge, this is the first time T1 mapping has been studied in relation to

intrinsic myocardial stiffness.

5.1 methods and dataset of human hearts

The T1 mapping and estimation of intrinsic myocardial stiffness were applied

to patients who underwent cardiac catheterisation and CMR as part of their

69
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clinical evaluation. The study was approved by the St Francis Hospital Internal

Review Board, and all patients gave written informed consent.

The dataset consists of native and post-contrast T1 mapping, cine MRI, and

cardiac catheter measurements of LV and aortic pressures together with ECG

traces. A total of 12 patients were selected for the study. Table 5.1 presents

demographic information for the selected patients.

5.1.1 T1 Image Acquisition

CMR was performed on a clinical 1.5 T scanner (Siemens Avanto1) with a 12

channel coil (six channels from an anterior coil and six channels from a spinal

coil). For T1 mapping, a breath-hold (10 sec–15 sec) shortened MOLLI sequence

was used, with the following parameters:

Native T1 images. 5(3)2 scheme, inversion times: 90 ms–3700 ms, echo time:

1.13 ms, repetition time: 740 ms.

Post-contrast T1 images. 4(3)2(3)2 scheme, 15 min after administration of

0.15 mmol/kg–0.17 mmol/kg body weight gadolinium-based contrast agent

(Magnevist2 gadopentetate dimeglumine or Dotarem3 gadoterate meglumine),

inversion times range: 90 ms–2950 ms (individually determined to null the myo-

cardial signal), echo time: 1.13 ms, repetition time: 700 ms.

Both image sets had an in-plane resolution of 1.406 mm × 1.406 mm (256 pixel

× 192 pixel) and a slice thickness of 6 mm with 2 mm gaps. 5–6 short-axis planes

and 1–3 long-axis planes were acquired. All images were motion-corrected on

the scanner.

1 Siemens, Malvern, PA, USA
2 Bayer HealthCare Pharmaceuticals Inc., Wayne, New Jersey, USA
3 Guerbet, Aulnay-sous-Bois, Paris, France
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5.1.2 Segmentation and T1 Map Computation

T1 images were acquired at three or more short-axis locations. For cases with

more than three short-axis slices or more post-contrast than native T1 images,

the three short-axis slices that were closest to 20%, 45%, and 65% of the LV

length were selected from the native and post-contrast T1 imaging stacks. This

ensured that similar locations along the cardiac long-axis were included in the

study.

Endocardial and epicardial surfaces, excluding papillary muscles, and the blood

pool were manually segmented using Matlab
4. For each case, the resulting

masks were applied to all motion-corrected inversion time images to limit curve

fitting to the region of interest only, which decreases computing time per map.

The T1 relaxation follows an exponential curve (see Chapter 3), which can be

described as

S = A−B · e
− t
T∗
1 , (5.1)

where S is the signal intensity of the same voxel across all inversion images,

and t the inversion time of each of those images. The fitting of the parameters

A, B, and T∗1 was performed on a pixel-by-pixel basis in Matlab using least

squares curve fitting.

As described in Chapter 3, the corrected T1 time can be reconstructed using the

two fitting parameters A and B by

T1 = T
∗
1 · (

B

A
− 1). (5.2)

Signal intensities express the magnitude of the magnetisation vector. Immedi-

ately following the inversion pulse, the magnetisation is negative; however, it

is still represented by positive signal intensity. In consequence, before the expo-

nential curve can be fitted to the signal intensities, some signal intensity values

need to be mirrored about the TI-axis to yield negative values at the shorter

T1 times. The time point at which the magnetisation passes through S = 0 is

4 MathWorks Inc., Natick, Massachusetts, USA
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dependent on the T1 time, hence the number of time points at which signal in-

tensities need to be negated varies. Figure 5.1 illustrates how this problem was

addressed: in a first iteration, none of the signal intensity values were negated;

in the second fitting iteration, the first signal intensity value was negated, and

an exponential curve was fitted to the raw data; in the third, the first two in-

tensity values were negated; etc. After each iteration, the error sum of squares

(SSE) was calculated as

SSE =

n∑
i=1

(Sm,i − Sf,i)
2 (5.3)

over all n inversion time points with Sm,i being the measured signal intensity

and Sf,i the fitted intensity. The parameters that were fitted in the iteration at

which SSE was minimal are chosen.

Fits were also dismissed if the following conditions for the parameters were not

met:

• 0 < T∗1 < 2500: T∗1 cannot be negative as it is a time constant. In theory, it

should not be above 2500 ms, which is the nominal T1 time for water on

a 1.5 T scanner.

• 0 < A and 0 < B: To yield a realistic, increasing exponential function with

a positive asymptote.

• B > A: To ensure that T1 > 0, see Equation 5.2.

A typical result of T1 curve fitting and spatial mapping processes is shown in

Figure 5.2, together with histograms of T1 values within the myocardium and

the blood pool for a native T1 map.

To enable regional differentiation of myocardial T1 times, the myocardium was

divided into six segments per slice, similar to the American Heart Association

Standardized Myocardial Segmentation [213]. Those segments are shown in

Figure 5.3. First, LV and RV centroids were selected to create the polar axis.

Right-handed polar coordinates for each voxel were then computed. Each seg-

ment spans 60
◦ of the whole circle, and nomenclature was borrowed from the

American Heart Association standard.



74 correlation of t1 mapping and intrinsic myocardial stiffness

Figure 5.1: T1 curve fitting results. (A) Parameter B is negative, this solution is not

acceptable. (C) Error sum of squares (SSE) is minimal, this indicated that

negating the first 2 signal intensity values provided the best fit. (B and

D) While these solutions yield realistic exponential curves, they have a high

SSE, and their T1 time is shorter than the apparent T∗1. Raw signal intensities

in green, fitted (and negated where appropriate) in grey.
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Figure 5.2: Native T1 map of LV equatorial slice (left) and histogram of native myo-

cardial T1 values across the whole LV (right). Two regions of interest, myo-

cardium and blood pool, were segmented for later calculation of ECV.

Figure 5.3: Myocardial segments applied to T1 map, using LV and RV centroids to

register segments. Segment 1: inferior, 2: anteroseptal, 3: inferoseptal, 4: in-

ferior, 5: inferolateral, 6: anterolateral.
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After T1 map reconstruction, native and post-contrast T1 times at each voxel,

case ID, contrast modality, slice location, region of interest, segment number,

and haematocrit values were exported and statistically analysed in R5.

5.1.3 Haematocrit Measurements

Blood tests (to measure haematocrit) were not part of the CMR and catheterisa-

tion protocol per se. If the patient was an in-patient at the St Francis Hospital,

blood work was taken every 6-12 hours. If the patient was an out-patient under-

going an elective catheterisation, the blood work was drawn close to the time

of the catheterisation. Haematocrit values can be found in Table 5.4.

5.1.4 Cine MRI Acquisition

Patients also underwent cine MRI in the same imaging session as the T1 ima-

ging. Balanced steady-state free-precession cine MRIs with retrospective ECG

gating were acquired during breath-hold (average 8 seconds) at inspiration. The

images were acquired in a stack of short-axis planes (8 mm thickness with 2 mm

gap) and three long-axis planes (2-, 3-, and 4-chamber views). Imaging paramet-

ers were: echo time: 1.34 ms–1.41 ms, repetition time: 53 ms–56.2 ms, flip angle:

57
◦–77

◦, number of frames throughout the cardiac cycle: 30, in-plane resolution:

1.25 mm × 1.25 mm (for case SF 17: 1.56 mm × 1.56 mm).

5.1.5 Model Creation from Cine MRI

The images were processed with the software tool Cim as described in Chapter

4 to build the geometric models that were later used for the passive parameter

estimation. Cim reports on functional metrics such as LV mass and LV cavity

volumes at ES and ED. LV mass also includes standard deviation, which is the

variation of mass across all frames within the cardiac cycle. Table 5.2 presents

5 http://www.r-project.org/
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those functional indices for the individual cases. Clinical EF values may be

different from EF values derived from Cim, as Cim takes the whole volume

of the cavity into account, while clinical estimates are often limited to a few

discrete slices. Wall thickness was measured at the equator at ED in Cim.

Table 5.2: Functional metrics of St Francis patients derived from geometrical Cim mod-

els and pressure analysis. LVM: LV mass (g) including standard deviation

across all cine MRI frames (%), WT: wall thickness (mm), EDV: ED volume

(ml), ESV: ES volume (ml), EF: EF estimated in Cim (%), LV ESP: LV ES

pressure (mmHg) measured invasively, LV EDP: LV ED pressure (mmHg)

measured invasively. Values were divided into tertiles (based on minimum

and maximum values) to colour-code. Red: first tertile, orange: second ter-

title, green: last tertile, in order of lowest to highest for all measurements

apart from EF, for which the order is reversed.

LVM WT EDV ESV EF
LV

ESP

LV

EDP

SF 17 150 ± 1.6 10.9 99 36 63 109 4.3

SF 35 200 ± 1.5 11.3 165 69 58 135 26.7

SF 40 120 ± 3 7.6 114 54 53 - -

SF 58 86 ± 2.8 6.8 106 35 67 126 10.8

SF 66 102 ± 3.3 7.6 116 42 64 176 27.8

SF 70 141 ± 3.5 8.5 160 70 57 106 10.0

SF 72 131 ± 2.1 7.6 136 72 47 105 7.5

SF 73 145 ± 3.3 8.6 199 92 54 103 11.8

SF 76 237 ± 1.7 14.9 108 48 56 124 8.4

SF 83 126 ± 2.3 11.2 71 35 51 101 26.0

SF 85 198 ± 2.6 10.05 189 134 29 - -

SF 88 155 ± 1.3 9.55 130 38 71 127 15.2
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5.1.6 Pressure Data Acquisition and Analysis

Patients underwent cardiac catheterisation within 12 hours prior to the MRI.

Typically, MRI was acquired in the afternoon, after catheterisation was per-

formed in the morning. The catheter data consisted of LV and aortic pressures,

both with simultaneous ECG recordings (sample rate: 500 Hz). The catheter

was advanced into the LV via femoral artery access under the guidance of live

x-ray monitoring of the chest cavity. LV pressure data were recorded while the

catheter was in the LV. Then, the catheter was pulled from the LV through the

aortic valve into the aorta, where aortic pressures were recorded. The patients

also underwent coronary angiography. The data were recorded on a Phillips

Xper Information Management system6.

The pressure traces were temporally scaled using the software tools described

in Chapter 4 to extract the loading conditions for the parameter estimation.

ED and ES pressures were also extracted from the pressure curves and are

presented in Table 5.2.

The LV pressure recording for SF 40 was highly corrupted, potentially due to

movement of the catheter during the acquisition, and pressure could only be

extracted for one cardiac cycle. In addition, this single pressure trace did not

exhibit the expected monotonously increasing pressure but suffered from large

variation in pressure during diastolic filling. For SF 85, no LV pressure was

available. In consequence, SF 40 and SF 85 were excluded from the passive

inflation simulations.

The pressure-volume curves from DS to ED, derived from the geometric models

and the temporally aligned pressure data, are plotted in Figure 5.4. For refer-

ence, the pressure curves for each individual case can be found in Appendix

A.4.

6 Koninklijke Philips N.V., Amsterdam, Netherlands
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Figure 5.4: Beat-averaged pressure-volume curves from DS to ED for all cases.

5.2 results of t1 mapping and extracellular volume estimation

The mean values for native and post-contrast T1 times of the myocardium are

presented in Figures 5.5 and 5.6. Native and post-contrast T1 times were in-

versely correlated (Pearson’s correlation, R = -0.8, p = 0.003, not shown), which

was expected since, with a greater extent of fibrosis, the native T1 times should

increase and post-contrast T1 times should decrease.

Collaborators at the St Francis Hospital provided the institutional mean value

and standard deviation for native T1 times as 970.5 ms ± 24.3 ms. Those insti-

tutional values were evaluated from a small normal cohort (about 20 patients)

on the hospital’s MRI scanners using the same protocols and sequences, and

are consistent with reference values for normal myocardium reported previ-

ously (see Section 3.4). As a guideline, the clinicians classify native T1 times

two standard deviations above the normal value as abnormally high. Those

thresholds were included in Figure 5.5 to aid interpretation.
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Figure 5.5: Septal, native T1 times for all cases, plotted as violin plots with mean and

standard deviation (SD). Solid horizontal line: St Francis institutional nor-

mal values. Dashed lines: ± 1 SD, dotted lines: ± 2 SD off the institutional

normal value. MI: case was found to have evidence of myocardial infarction.

IC: case SF 85 suffered from severe ischaemic cardiomyopathy.

Figure 5.6: Post-contrast T1 times of the myocardium for all cases, plotted as violin

plots with mean and standard deviation. MI: case was found to have evid-

ence of myocardial infarction. IC: case SF 85 suffered from severe ischemic

cardiomyopathy.
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Native T1 times have been reported to be higher in the septum compared to

other regions of the LV [132, 164, 197, 214, 215]. To account for such regional

differences in the segments and to verify the assumption that T1 times are

homogeneous longitudinally, mean T1 times were estimated using a mixed-

effects linear model (MELM) defined as

T1 ∼ −1+ caseID + (1| segment). (5.4)

Observing the Akaike Information Criterion (AIC), it was determined that the

slice location (at apex, equator, or base) had no significant effect on T1 times

and was, therefore, not further considered as an effect in the model. The ran-

dom effect of segment and the fixed effect of caseID were found to be signific-

ant (p < 0.01). This means that T1 times were not only significantly different

between subjects, but T1 times in the anteroseptum (segment 2) and infero-

septum (segment 3) were higher than in the other segments, consistent with

the previous reports. The mean and standard deviation values per segment are

listed in Table 5.3. To interpret the results of T1 mapping in the context of the

institutional values, only the septal values were used to ensure consistency, as

the institutional values were measured in the septal wall.

Table 5.3: Native T1 times (in ms) per segment across all cases in this study. Values

given in ms.

Segment 1 2 3 4 5 6

Estimate 990.3 1021.1 1019.5 974.9 977.0 963.0

Std. Error 10.8 10.6 10.5 10.4 10.5 10.6

A few cases exhibited evidence of MI, as indicated in Table 5.1. Those cases were

identified through the radiologist’s reports, and by sighting the post-contrast

T1 maps, which are presented in Appendix A.2. The identified cases are high-

lighted where appropriate.

Overall, native T1 times displayed a large range of values. It was not surprising

that no case showed significantly lower native T1 times than the institutional

threshold, as only very few diseases such as iron accumulation and lipid infilt-

ration have been shown to decrease T1 times.
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Cases SF 72, SF 66, SF 58, and SF 85 were particularly high in septal native T1

times, all above the 2 SD-threshold. While cases SF 72 and SF 85 were the two

cases with the lowest EF measured with the software tool Cim, see Table 5.2,

the clinical measurements of EF for those cases were within the normal range.

SF 85 suffered from ischemic cardiomyopathy, which affected almost half of the

total myocardium. The basal to distal anterior, anteroseptal, and anterolateral

segments and apical cap were enhanced on LGE imaging. This explains the ex-

ceptionally high native T1 times and reduced post-contrast T1 times. Otherwise,

the LV mass was high and ED and ES volumes were increased, with systolic

function severely reduced. SF 58 appeared to be normal in volumes, EF, and

mass. The patient was taking antihypertensive medication but still presented

with high systolic blood pressure. SF 66 was similar, with very high blood pres-

sure during the catheterisation and elevated systolic blood pressure measured

during the MRI. This case was also classified as Class II in the New York Heart

Association Heart Failure Classification7. The radiologist’s finding for SF 72 sug-

gested fibrosis. EF for this patient was slightly reduced, potentially progressing

from HFpEF to HFrEF, as ES and ED volumes were also elevated. The LV was

hypertrophied. The patient was taking beta-blockers and was normotensive at

the time of the MRI acquisition.

Looking at the other end of the spread of septal native T1 times, SF 76, the

lowest in T1 times, was the largest heart within the group and showed increased

wall thickness. These findings indicate severe hypertrophy. Systolic pressure

was elevated in the catheter measurement, while diastolic pressure was normal.

ED and ES volumes were also normal, and EF preserved. SF 35 also showed

hypertrophy and dilation as well as MI, and was a controlled hypertensive

with high systolic pressure. But overall, this patient had extreme pathology.

High preload during catheter measurement was seen in SF 83, which otherwise

was normal in all indices apart from EF bordering to HFrEF. SF 88 had high

systolic and diastolic blood pressures, alongside higher LV mass and increased

ED volume.

7 Class I: No limitation of physical activity. Ordinary physical activity does not cause undue fa-

tigue, palpitation, dyspnoea. Class II: Slight limitation of physical activity. Comfortable at rest.

Ordinary physical activity results in fatigue, palpitation, dyspnoea.
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The four cases SF 17, SF 40, SF 70, and SF 73 were neither particularly low or

high in septal native T1 times. SF 17 was classified as hypertensive but presen-

ted with normal LV pressure during catheter measurements and MRI acquisi-

tion. The LV was hypertrophied and EF preserved. SF 40 appeared to be normal

apart from a potentially slightly dilated LV. No hypertension was observed. SF

70 is another case with MI, which reflects in the wide distribution of T1 times in

Figure 5.5. The patient was normotensive but had high ED volume, indicating

that the LV may be dilated. Other measures were normal. Patient SF 73 had

a very high ED volume, pointing towards dilation, and high LV mass. EF was

preserved, but the LGE showed evidence of MI.

For septal post-contrast T1 times, a threshold value was not provided and may

not be sensible, since it is dependent on the subject-specific wash-out rates

of the contrast agent. The mean values are reported in Table 5.4. A MELM

was fitted using a similar model as proposed in Equation 5.4, but no clear

tendency to higher or lower T1 times was observed across different regions or

slice locations. Because post-contrast T1 times decrease with fibrosis, the cases

identified as substantially lower in post-contrast T1 times were SF 85, SF 66,

and SF 58.

ECV was calculated according to Equations 3.3 and 3.4 as an overall, per pa-

tient value from the mean values of native and post-contrast T1 times for the

two regions of interest, myocardium and blood. This implies that native and

post-contrast T1 maps did not need to be registered to each other. Registration

is a requirement for the voxel-by-voxel cross calculation of ECV. St Francis Hos-

pital’s institutional values for ECV were 27.15%± 2.4%. The ECV value, along

with the haematocrit, are reported in Table 5.4.

Figure 5.7 illustrates native T1 times and ECV as a scatter plot. The centre

grey area is defined by the threshold values for both native T1 times and ECV.

Combinations of ECV and native T1 times that fall within this area are con-

sidered normal. An increase in ECV along with elevated native T1 times may

be a good biomarker of fibrosis [216], so plotting the two measurements against

each other allows for easier classification of patients. SF 76, SF 83, SF 88, and

SF 35 were all normal, both in ECV and native T1 times. For those cases, T1

mapping provides no evidence for fibrosis. The effect of the noted ischemic car-
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diomyopathy in case SF 85 was underpinned by very high ECV in combination

with native T1 times. The other patient demonstrating high ECV and native T1

times was SF 58. All other cases featured high T1 times and normal ECV.

Overall, a wide spread of native T1 times, post-contrast T1 times, and ECVs

were seen across the patients of this study.

Table 5.4: Native and post-contrast T1, haematocrit (HTC) and extracellular volume

(ECV) for all cases. Myo: Values averaged across myocardial region of in-

terest. Blood: Values averaged across blood pool region. Post: post-contrast.

T1 times in ms, HTC and ECV in %.

Native

myo

T1

Post

myo

T1

Native

blood

T1

Post

blood

T1

HTC ECV

SF 17 1000 - 1600 - 39.3 -

SF 35 986 479 1370 369 46.5 29.0%

SF 40 998 502 1490 393 45.8 28.6%

SF 58 1060 474 1650 350 38.1 32.1%

SF 66 1040 447 1520 319 49.3 26.1%

SF 70 1010 485 1490 342 40.4 28.4%

SF 72 1030 494 1570 385 45.7 29.2%

SF 73 1010 504 1490 383 41.2 30.1%

SF 76 960 508 1460 376 44 26.3%

SF 83 994 472 1410 352 51.7 25.2%

SF 85 1110 420 1550 392 45 42.7%

SF 88 989 509 1560 394 45.4 27.4%
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Figure 5.7: ECV plotted against native myocardial T1 times. Solid lines: St Francis insti-

tutional normal native T1 time and ECV values. Dashed lines: ± 1 standard

deviation off the respective normal value. Dotted lines: ± 2 standard devi-

ation off the respective normal value. The grey rectangle indicates normal

and abnormal ranges for native T1 times and ECV. MI: case with MI. IC:

case with ischaemic cardiomyopathy.
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5.3 intrinsic myocardial stiffness estimates

Using the geometric models derived from cine MRI and the pressure data as

loading conditions, the bulk myocardial passive stiffness parameter was estim-

ated adapting the framework described in Chapter 4. The estimates were tested

for identifiability using the approach described in Section 4.4.2. Table 5.5 re-

ports the estimated intrinsic myocardial stiffness, the lower and upper limits

of the indifference interval, the estimate of uncertainty in the parameter (see

Equation 4.6), and the threshold C1 value, as well as the MSE of projected sur-

face points for the optimal C1 value for each case. The parameter sweeps and

threshold values for each case are presented in Appendix A.3.

Lowest estimates of intrinsic stiffness were seen for case SF 17 and SF 76, but the

fitting error for SF 17 was very high in comparison to other cases. High intrinsic

myocardial stiffness was estimated for SF 66 and SF 73. Case SF 83 was the only

case for which C1 was not identifiable. This meant that the estimated passive

stiffness parameter could not be trusted, and, therefore, the threshold value was

used instead, as described in Section 4.4.2. Otherwise, most parameter sweeps

indicated that the intrinsic myocardial stiffness estimates were identifiable, with

well-defined minima. For cases SF 40 and SF 85, passive inflation could not be

simulated due to missing or corrupted LV pressure measurements.

It should be noted that the framework estimates a global intrinsic myocardial

stiffness. This implies that, in cases of MI (SF 35, SF 70, and SF 73), the LV is

not compartmentalised into regions of infarct and remote tissue. This limitation

is due to the nature of the available data. To ensure identifiability of multiple

stiffness parameters, the framework would need to be extended to tracking of

material points (e.g. using tagged cine MRI or Displacement Encoding with

Stimulated Echoes MRI) instead of surface point projections.
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Table 5.5: Results of intrinsic myocardial stiffness parameter (C1) estimation for each

case in the St Francis study. Lower and upper values of C1 represent the

region of indifference, within which the exact C1 parameter cannot be de-

termined confidently. C1 thresh: threshold value as introduced in Section

4.4.2. MSE: Mean squared error in projection of surface points between ref-

erence model and predicted model. Uncertainty in parameter estimated ac-

cording to Equation 4.6. For case SF 83 the optimal C1 value is higher than

the threshold value, in which case the threshold value was used for further

analysis and is considered the minimum likely C1 value. All C1 values in

kPa, MSE in mm2.

C1
C1

lower

C1

upper

C1

thresh

Uncer-

tainty
MSE

SF 17 0.8 0.5 2.5 2.4 0.6 13.7

SF 35 3.3 2.0 6.5 13.8 1.9 5.6

SF 58 3.9 2.9 5.9 23.2 1.3 5.0

SF 66 6.8 4.4 12.9 21.1 3.3 3.8

SF 70 1.2 0.8 2.0 12.3 1.0 12.2

SF 72 2.3 1.6 3.9 13.4 0.7 2.6

SF 73 5.6 3.4 17.0 11.6 3.3 3.2

SF 76 1.0 0.7 1.7 8.1 0.3 2.8

SF 83 13.0 5.2 - 5.6 17.5 4.1

SF 88 2.2 1.5 4.0 14.0 1.3 7.0
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5.4 relationship between t1 mapping and intrinsic myocardial

stiffness

This section tests the hypotheses that intrinsic myocardial stiffness estimates

are positively correlated with global native T1 values and ECV, and negatively

correlated with global post-contrast T1 times. Note that native T1 mapping may

indicate myocardial fibrosis or oedema and that post-contrast T1 mapping may

be a more specific marker of fibrosis [129].

For this section, in contrast to the previous, which focussed on the clinic inter-

pretation of the T1 values in the septum, global estimates of T1 times were used.

The global T1 values can be found in Appendix A.1. This was considered to be

consistent with the fact that the intrinsic myocardial stiffness is a global index.

As the framework for estimating the myocardial intrinsic stiffness parameters

does not account for regional differences in stiffness, as seen in MI for example,

the global T1 times data were chosen to include areas of MI as well. The estim-

ates of intrinsic myocardial stiffness for each case were plotted against native

T1 times in Figure 5.8.

A Pearson test for correlation was performed to test if native T1 times could

predict C1 estimates, but the correlation was not significant (R2 = 0.43, p = 0.22).

This finding is consistent with previous studies, where native T1 times were

not found to be correlated with estimated chamber stiffness from simultaneous

pressure-volume recordings [204, 205].

Post-contrast T1 times were also tested for correlation with C1 and appeared

to be a better predictor of intrinsic myocardial stiffness, as shown in Figure 5.9.

Statistical significance, however, could not be established, and the correlation

was weak (R2 = -0.61, p = 0.084). Interesting outliers were SF 70 with an ex-

traordinary low C1 estimate given it has the second-lowest T1 time and SF 73

with a rather stiff myocardium. Both cases were found to have evidence of MI.
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Figure 5.8: Myocardial intrinsic stiffness estimates (C1) plotted against native T1 times.

A Pearson test for correlation was performed, but the correlation coefficient

was not found to be statistically significant. MI: case with myocardial infarc-

tion. The 95% confidence interval is shown in grey.

Figure 5.9: Myocardial intrinsic stiffness estimates (C1) plotted against post-contrast

T1 times. The Pearson test indicates that the two measurements were not

correlated, and the correlation coefficient was low (R2 = -0.61). MI: case

with myocardial infarction. The 95% confidence interval is shown in grey.



90 correlation of t1 mapping and intrinsic myocardial stiffness

Correlating the estimated optimal intrinsic myocardial stiffness with the mean

value of T1 times neglects the variability in T1 times and the uncertainty in the

parameter estimate. A second set of correlation analyses were performed for the

T1 times and C1, in which each the variables were weighted by the standard

error in T1 measurements and uncertainty in C1 estimates (see Equation 4.6).

However, the weighted correlation was also not significant. The results can be

found in Appendix A.5.

ECV, plotted in Figure 5.10, did not reveal a significant correlation with C1.

Of the three correlations tested, ECV and intrinsic myocardial stiffness were

the least related. This was a somewhat surprising finding, given that previous

studies found ECV to correlate with LV chamber stiffness [204, 205]. C1 varied

widely across cases, while ECV values were within a normal, narrow range.

Potential confounding factors such as the sensitivity of ECV to the sampling of

haematocrit, giving rise to the suggested low separation in ECV, are discussed

in Section 5.5.

Figure 5.10: Myocardial intrinsic stiffness estimates (C1) plotted against ECV. The Pear-

son test indicates that the two measurements were not correlated. MI: case

with myocardial infarction. The 95% confidence interval is shown in grey.
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In conclusion, post-contrast T1 times were not found to correlate with the in-

trinsic myocardial stiffness in this small dataset, and neither were ECV nor

native T1 times.

5.5 discussion and conclusions

In this chapter, T1 mapping, which is thought to quantify fibrosis, was com-

pared to the intrinsic myocardial stiffness estimated through an integrated com-

putational modelling framework. The patients underwent cine MRI, T1 map-

ping, and in vivo LV pressure measurements through cardiac catheterisation.

This is the first study of this kind that uses T1 mapping in combination with a

model-based assessment of the intrinsic stiffness of the myocardium. Previous

studies have used LV chamber stiffness measurements, which are confounded

by geometric effects and dependent on individual loading conditions.

T1 maps were computed for each case at a basal, an equatorial, and an apical

short-axis slice, but were found to be longitudinally homogeneous. In native

T1 times, values in the septal region were higher compared to other regions.

Because native and post-contrast T1 images were not registered to each other,

the ECV calculation was only possible using the T1 times averaged over the

regions of interest, not on a voxel-by-voxel basis. This seemed justified for this

study, where the bulk T1 mapping indices were correlated with the intrinsic

myocardial stiffness estimate.

The hypothesis that intrinsic myocardial stiffness increases with higher native

or lower post-contrast T1 times could not be confirmed, as the correlations

were not statistically significant. This may be due to the low number of cases,

but could also be a result of the small spread of pathologies, even though the

spread in T1 times was satisfactory. Future studies would benefit from the in-

clusion of patients with more evident fibrosis or more pronounced diastolic

dysfunction. For native T1 times there is doubt how specific this index is to

fibrosis; oedema [130] and other diseases may also increase native T1 times,

while not affecting the intrinsic myocardial stiffness to the same extent. This

lack in specificity of native T1 mapping may be one of the reasons for the poor
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correlation of native T1 times and C1 estimates. T2 mapping was not considered

in this study; this additional imaging may help to exclude oedema as the un-

derlying mechanism for increased native T1 times [133]. Post-contrast T1 times

are believed to be more specific to fibrosis [13] and hence, it is hypothesised,

to intrinsic myocardial stiffness [204, 205]. However, the use of post-contrast

T1 times is debatable as wash-out rates and the administered doses of contrast

agent are different per individual. ECV has thus been proposed to be a better

and more reliable predictor of fibrosis, especially when increased ECV occurs

together with increased native T1 times [216]. In this study, however, no rela-

tionship between ECV and intrinsic myocardial stiffness was observed, perhaps

due to the small number of cases, or the narrow variation around normal values

observed in ECV as opposed to the wide range of C1 values.

It is not clear if the narrow range of ECV values seen is indeed because the

patients did not exhibit increased fibrosis (the much wider range across nor-

mal and elevated native T1 times would suggest some did), or if the ECV val-

ues were confounded. The question arises as to which measurement has the

largest influence on the computation of ECV. Previous studies have shown little

variation in ECV when considering intra-study variability, and ECV has been

shown to be stable over a wide range of time after contrast injection [217, 218].

Calculated ECV is dependent on native and post-contrast T1 times as well as

directly proportional to the haematocrit of the blood as derived from Equa-

tion 3.4. Note that, while T1 values are averaged over the blood pool or the

myocardium and the effects of outliers are reduced, the haematocrit value is a

one-off measurement. It has been shown that haematocrit values vary signific-

antly depending on the time passed after the CMR examination [219], and may

even change by up to 11% depending on the patient’s posture while the blood

sample is taken [220]. In this study, blood sampling was not standardised, and

at this point, this question remains unanswered.

It was surprising to see no correlation of post-contrast T1 times and intrinsic

myocardial stiffness, as previous studies have found evidence of a similar re-

lationship [204, 205]. Both of those studies determined the chamber stiffness

constant from an exponential curve fit to the ED pressure-volume relationship.

This constant does not reflect the intrinsic material property and is also depend-
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ent on pressure and reference chamber geometry, but it has been used by many

researchers as a means for indexing diastolic chamber properties [221, 222]. As

part of this study, an attempt was made to fit the same chamber stiffness con-

stant to the diastolic pressure-volume curves to enable comparison between

this and the previous studies. However, the parameters that describe the curve

were found to be non-unique (refer to Appendix A.6). This may, potentially,

explain some of the variation seen in the referenced studies. In addition, to be

able to compare the chamber stiffness between patients, it would be preferable

to estimate the slope of each curve at the ED pressure, which was done for

this study. The correlation between post-contrast T1 times and chamber stiff-

ness estimated as the slope at ED was not significant, as presented in Appendix

A.6. One hypothesis was that model-based estimations of intrinsic myocardial

stiffness may be a better predictor of fibrosis in comparison to the chamber

stiffness derived from pressure-volume curves. Both T1 mapping and intrinsic

myocardial stiffness reflect properties inherent to the myocardial tissue itself,

independent of the load or geometry of the LV.

The statistical analysis of T1 times and intrinsic myocardial stiffness estimates

would benefit from the inclusion of more patients as the current subject number

is rather small (n = 10) and contains three cases with MI (for which the model-

ling framework presently lacks applicability). Datasets that include native and

post-contrast T1 mapping, cine MRI, and invasive pressure measurements are

rare. As gadolinium contrast agents and invasive cardiac catheterisation are not

normally administered without indication, they do not include normal volun-

teers. Patients included in this study presented with, for example, chest pain

and were thereafter referred to further cardiac imaging, and some were found

to be normal after the fact. Because only a limited number of CMR were per-

formed, the overall study cohort size is small.

The intrinsic myocardial stiffness framework is limited by assumptions regard-

ing pressure data and the construction of geometrical models. Pressures were

not taken simultaneously to the MRI acquisition but were only guaranteed to

be measured within a 12 hours time frame. Patients first underwent the car-

diac catheterisation procedure and were then referred to the MRI laboratory.

Blood pressure may vary a lot depending on the time of day, sedation, and
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other circumstances. The quality of the pressure data and the number of usable

cardiac cycles were also different from patient to patient. Ideally, the pressure

data would be averaged over multiple cycles, and the LV pressure monoton-

ically increases during diastolic filling to match the increasing volume of the

LV. In case SF 40, only one cardiac cycle was considered suitable, but upon

closer inspection, it exhibited a large variation in values. For this reason, this

case was, thereafter, excluded from further analysis. This study also does not

take the variability of the measured pressure traces into account. To validate

the beat-averaged pressure-volume curves and the derived estimates of cham-

ber stiffness, performing pressure perturbation experiments in addition to the

invasive pressure recordings would be useful.

The assumption of a load-free state at DS may be inappropriate. Increased pres-

sure at DS has been observed for hypertensive patients, and sometimes, sub-

atmospheric pressure just prior to DS can be observed. This concern was also

addressed by Wang [206], who extended the framework to a more robust cal-

culation of the load-free state.

The segmentation of the LV comes with several drawbacks: The Cim software

propagates changes made to the segmentation and the geometric model from

ED to the last frame of the cycle, but it does not ensure consistency between the

last and the first frame (ED) of the cine MRI frames. This can lead to a sudden

change in geometry, and, in some cases, to a drop in LV volume. Care was taken

to minimise this, but it could not be eliminated. Also, there are limitations to

the segmentation accuracy itself, such as misalignment of images or inter- and

intra-observer variability in segmentation.

The framework used the same anisotropic material properties for all hearts.

It has been shown, however, that anisotropy varies from case to case [145].

To achieve the estimation of the parameters that describe anisotropy (C2 to

C4 in Guccione’s model), the framework would need to be extended to take

into consideration additional data rather than surface tracking only [223]. This

can be accomplished by tracking material points or deformations, e.g. from 3D

displacement encoding with stimulated echoes (DENSE) or tagged cine MRI.

More accurate tracking of material points could also reduce the region of in-

difference in the objective function close to the optimal material parameters.
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Unfortunately, MRI tagging data were not available in this study, but future

work could include additional data derived from DENSE imaging.

It should be noted that, even if more detailed kinematic data was available,

the Guccione parameters are coupled [224], and the comparison of all four

parameters proves difficult [145]. In fact, instead of comparing the constitutive

parameters across patients, it would be more desirable to analyse their stress-

strain-relationships. This justifies why, for the purpose of this study, the estima-

tion of parameters was limited to C1 to enable cross-patient comparison of the

(scalar) intrinsic myocardial stiffness.

Another potential limitation is the lack of personalised microstructural data for

each patient. DWI was not acquired, but instead, a typical mammalian descrip-

tion of the myofibre orientation through the LV wall was used for all patients

[37]. This limitation is further discussed in Chapter 10.

In future work, the regional difference in T1 mapping indices could be used to

construct a regional map of stiffness values to scale the overall stiffness. This

could potentially account for regionally heterogeneous fibrosis and myocardial

stiffness properties, which have been observed in certain pathologies such as

MI. The impact of MI on anisotropic properties requires further examination

[225–227].

On a similar note, it would be interesting to repeat the correlation study while

setting regions of MI to be stiffer (at, say, a fixed, high stiffness value) during

the modelling and excluding those regions from the calculation of mean T1

times. This may address a limitation of the current framework, which is that

the intrinsic myocardial stiffness is set globally and that the LV is not com-

partmentalised into regions of different stiffness values. This could, potentially,

reduce variability in T1 times and improve identifiability in C1, and may lead

to stronger correlations between the two measures.

Another potential study could directly customise the material properties (such

as C1) from native or post-contrast T1 times. This would be a step towards

estimating myocardial tissue parameters that are derived directly from CMR

and may improve constitutive parameter identifiability. However, it remains

unclear if the relationship between T1 times and tissue parameters is strong
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enough, and if linear scaling of material parameters by T1 indices would suffice.

In addition, it remains unclear whether sufficiently rich data can be obtained

to validate such an approach.

In conclusion, T1 mapping may further the understanding of underlying mech-

anisms in HF, and, for the benefit of personalised cardiac modelling, underpin

the estimation of myocardial stiffness. However, more work has to be done to

ensure accurate pressure readings and robust estimation of intrinsic myocardial

stiffness, alongside further investigations as to how exactly fibrosis affects myo-

cardial stiffness, how sensitive T1 times are to fibrosis alone, and ultimately

how T1 indices are related to intrinsic properties of the myocardium.
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S Y N O P S I S

Cardiac tissue microstructure can be evaluated through diffusion-weighted mag-

netic resonance imaging (DWI).

The aims of this part of the thesis are to:

• introduce the concepts of analysing diffusion tensors and describing myo-

cardial microstructure (Chapter 6);

• investigate microstructural remodelling in heart failure (HF) using healthy

and hypertensive rat hearts (Chapter 7);

• develop a novel method to construct parametric representations of myo-

cardial microstructure directly from diffusion tensors. This method avoids

the need for eigenanalysis and phase unwrapping. The fitting also weights

diffusion tensors with high fractional anisotropy (FA) over those with low

to avoid selection of arbitrary eigenvectors (Chapter 8);

• further extend the novel framework to parameterise representations of the

myocardial microstructure of the left ventricle (LV) directly from multi-

directional DWI to avoid the need for diffusion tensor calculation (Chapter

9); and

• assess the indifference of myofibre field parameters and to determine the

impact that variations in myofibre fields have on ventricular passive and

active mechanics (Chapter 10).

99





6
A N A LY S I S O F D I F F U S I O N - W E I G H T E D

I M A G I N G F O R C A R D I A C M O D E L L I N G -

O V E RV I E W A N D M E T H O D S

This chapter aims to give a brief overview of the principles behind DWI and

the construction and eigenanalysis of the diffusion tensor. This lays the found-

ation for the following chapters, in which the limitations of using diffusion

tensors are discussed. Invariants such as FA and local eigenvector coherence

are introduced, and validation studies are reviewed to motivate the use of the

primary diffusion orientation as a representation of myocardial microstructure.

The chapter also illustrates how the diffusion data is embedded in finite ele-

ment (FE) LV models to describe microstructural orientations. To establish the

basis for the following Chapter 7, the calculation of helix, imbrication, and

sheetlet angles from eigenvectors is described, as well as how helix angles can

be phase unwrapped.

6.1 analysis of diffusion-weighted imaging

In this section, background information on the eigenanalysis of the diffusion

tensors is given, alongside a short review of validation studies of DWI.

6.1.1 Overview and Theory of Diffusion-Weighted Imaging

The basic principles of DWI were introduced in the 1980s. They are a result of

combining nuclear magnetic resonance imaging (MRI) principles with standard

101
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MRI methods to encode molecular diffusion effects in the nuclear magnetic

resonance signal [228–231].

Due to the thermal energy carried by molecules, they show a random trans-

lational movement. During this diffusion-driven displacement, the water mo-

lecules reveal tissue structure on a microscopic scale. For example, water mo-

lecules in the brain travel over distances of around 10 µm while bouncing off

or interacting with the tissue components such as cell membranes, tracts, or

macromolecules [232]. Hence, the molecular motion may be of uneven direc-

tional distribution as it is restricted by these structures. This is known as tissue

anisotropy. In short, DWI allows deriving information on microstructural ori-

entations from the observation of restricted displacement of water molecules in

tissue.

The diffusion is encoded in the MRI signal with magnetic field gradients [233].

When protons diffuse, both phase and frequency encoding are affected [234].

Figure 6.1 shows two gradient pulses along a probing direction applied to a

set of coherent spins, which induce a phase shift on the spins. The shift is

dependent on the amount of diffusion. After both gradient pulses have been

applied, the magnitude of the measured signal, probed along the direction of

the two pulses, is smaller. Accordingly, only molecular displacements that take

place along this gradient direction are visible by observing variations in the

signals of diffusion measurements [233], as seen in Figure 6.2.

Thus, when the gradient direction aligns with the main diffusion direction, the

signal attenuation is maximal and the signal intensity therefore low (compare

Figure 6.3). By using different gradient directions, the tissue can be tested for

the main diffusion direction, which has been shown to align with the structure

of the tissue (refer to Section 6.1.4).

The basic relationship of the signal intensity (Sj) for the jth gradient direction

and the non-diffusion-weighted signal (S0) is

Sj = S0e
−γ2G2Dappj δ2(∆− δ

3 ), (6.1)

where γ is the gyromagnetic ratio of protons, δ and G represent the duration

and magnitude of the motion probing gradient, ∆ is the time difference between

the centres of the pair of gradient pulses, and D
app
j is a scalar value, called
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Figure 6.1: Diffusion effects on a set of coherent spins where each coloured vector

stands for a single magnetisation vector. (Top) A gradient pulse sequence

whose net area is zero. (Middle) Phase plots for non-diffusing spins prior

to the first gradient, between gradients, and after the second gradient. (Bot-

tom) Phase plots for diffusing spins at the same time intervals. Reprinted

with permission from the author [234].
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Figure 6.2: Signal intensity of gradient directions across and along the diffusion direc-

tion. Nuclei diffuse along the cylinder (e.g. a capillary in the myocardium);

for diffusion gradients aligned with the diffusion direction, the signal atten-

uation is maximal and the signal intensity minimal.

Figure 6.3: In DWI, images are acquired for multiple gradient directions (here: 30 direc-

tions) to measure the signal intensities and the alignment of diffusion and

gradient directions more accurately. The image corresponding to the red

arrow illustrates the signal attenuation well: In the midwall, the myofibres

are expected to be circumferentially aligned, and in the free wall and the

septum (red boxes) to be parallel to the red arrow. Therefore, low signal

intensities are expected in the highlighted area.
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apparent diffusion coefficient, which reflects the molecular diffusivity under

restriction in the direction of the gradient1. The signal intensities are often ac-

quired using the Stejskal-Tanner acquisition sequence [231].

6.1.2 Eigenanalysis of Diffusion Tensors

The apparent diffusion coefficient (Dapp) is directionally dependent and can

be approximated by a tensor [235]. Then, Equation 6.1 can be rewritten as

Sj = S0e
−γ2gTjDgjδ

2(∆− δ
3 ), (6.2)

with Sj being the signal intensity of the jth diffusion gradient direction (gj),

which is the vector that describes the direction in which the gradient is applied.

Equation 6.2 can be further simplified to

Sj = S0e
−bQj·D, (6.3)

where b is the diffusion-weighting factor condensing imaging sequence para-

meters for an idealised imaging sequence such that

b = γ2δ2(∆−
δ

3
), (6.4)

and Qj is the outer-product of gj

Qj ·D = gj ⊗gj ·D = gj ·Dgj = gTjDgj, (6.5)

as the pre- and post-multiplication of gj is collocated.

D is the symmetric, 3 × 3 diffusion tensor

D =


D11 D12 D13

D12 D22 D23

D13 D23 D33

 . (6.6)

1 In contrast to the free diffusion, the apparent diffusion coefficient indicates the hindered and

modulated diffusion process by both restriction mechanisms and other effects like blood flow in

small vessels, etc.
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AsD has six independent elements, and because Sj is normalised by S0, at least

seven measurements (six linearly independent motion probing gradient direc-

tions and one non-diffusion-weighted image) are necessary for the determina-

tion of D [235].

Often, more directions are available; to fit the diffusion tensor to this over-

determined set of data, Equation 6.3 was rewritten in the form of a linear

regression [124] as

−
ln( SjS0 )

b
=

3∑
k=1

3∑
l=1

Qkl,jDkl (Dkl = Dlk,Qkl,j = Qlk,j). (6.7)

Equation 6.7 above can be simplified as a linear system [34] of

x = BA, (6.8)

with x being a j× 1 vector storing the measured signals of Sj, S0 and b as

x =

[
−

ln(S1S0 )
b −

ln(S2S0 )
b · · · −

ln(
Sj
S0

)

b

]T
, (6.9)

and B being a j× 6 matrix storing the dot-products of the gradient directions:

B =



Q11,1 Q22,1 Q33,1 2Q12,1 2Q23,1 2Q31,1

Q11,2 Q22,2 Q33,2 2Q12,2 2Q23,2 2Q31,2

...
...

...
...

...
...

Q11,j Q22,j Q33,j 2Q12,j 2Q23,j 2Q31,j


. (6.10)

Note that Qj is the same for every voxel and slice and hence can be pre-

computed.

If A consists of the six elements of tensor D

A =

[
D11 D22 D33 D12 D23 D31

]T
, (6.11)

then the components of D can be calculated by taking the pseudo inverse B+

of B so that

BTx = BTBA

(BTB)−1BTx = (BTB)−1BTBA

⇒ A = B+x (6.12)
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with

B+ = (BTB)−1BT . (6.13)

D can be visualised as a sphere (isotropic diffusion) or as an ellipsoid (an-

isotropic diffusion). Three eigenvectors (e1, e2, e3) and their corresponding

eigenvalues (λ1, λ2, λ3), calculated by diagonalising D at each voxel, define the

orientations of the principal axes of the diffusion ellipsoid, as shown in Fig-

ure 6.4. The primary eigenvector (E1) gives the direction of maximal diffusion

since it corresponds to the largest eigenvalue of D.

6.1.3 Fractional Anisotropy and Local Eigenvector Coherence

The most important measurement for anisotropy is fractional anisotropy (FA)

derived from the eigenvalues, which represent the diffusivity in the respective

eigenvector direction [236], and is calculated as

FA =

√
3

2

(λ1 − λ)2 + (λ2 − λ)2 + (λ3 − λ)2

λ21 + λ
2
2 + λ

2
3

, (6.14)

where λ is the mean diffusivity

λ =
λ1 + λ2 + λ3

3
. (6.15)

FA varies between 0 (isotropic diffusion) and 1 (anisotropic diffusion) and quan-

tifies the aspect ratio of the diffusion tensor, but does not provide any dir-

ectional information. For water, which is not constrained by tissue structure,

diffusion is isotropic (all three eigenvalues are equal) and FA = 0, as illustrated

in Figure 6.4. On the other hand, very low FA could also be measured in tissue

with a lattice structure, where the diffusion of the individual water molecule

is indeed constrained, but the sum of the water diffusion in the crossing my-

ofibres may appear isotropic, depending on the resolution of the imaging. Poor

image quality and noise may also be a source of low fractional anisotropy [237].
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When the diffusion within the plane perpendicular to E1 (e2-e3-plane) is of

interest, the transverse FA (tFA) is calculated as

tFA =

√
2
(λ2 − λ̂)2 + (λ3 − λ̂)2

λ22 + λ
2
3

, (6.16)

where λ̂ is the mean transverse diffusivity

λ̂ =
λ2 + λ3
2

. (6.17)

Transverse FA expresses how much the secondary and tertiary eigenvalues are

separated. If both eigenvalues are equal, transverse FA is 0 and the diffusion

appears to be isotropic across the e2-e3-plane.

Figure 6.4: Visualisations of the diffusion ellipsoid and FA, as well as the λ2-λ3-plane

and transverse FA (tFA). The diffusion ellipsoid is characterised by its eigen-

values (λ1, λ2, λ3) and eigenvectors (e1,e2,e3). (Left) Isotropic diffusion, the

diffusion ellipsoid is a sphere. (Right) Anisotropic diffusion.

Another measurement is local eigenvector coherence (C) [238] as

C =
1

n

n∑
i=0

|e1 · e1,i|. (6.18)

It takes account of diffusion tensors in the n neighbouring voxels and computes

the average dot product between E1 (e1) of the central voxel with E1 of the

surrounding voxels (e1,i). If all neighbouring E1 are perfectly aligned, C = 1.
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The local eigenvector coherence can also be expressed as an average angular

difference between the central E1 and its neighbouring E1. In this thesis, this is

called E1 disarray, and calculated as

E1D = arccos(C). (6.19)

Now, if E1 is perpendicular to all its neighbours (and the neighbours perfectly

align with each other), E1D = 90◦.

6.1.4 Review of Experimental Validation Studies

Throughout this thesis, DWI is used to quantify myofibre orientation, i.e. the

orientation of the long-axis of myocytes. The diffusion tensor represents the

diffusive behaviour within the volume of a voxel; in consequence, the extracted

diffusion orientation represents the mean orientation of all myofibres within

the equivalent myocardial volume. It is, therefore, an aggregate measurement.

Multiple, parallel lying myofibres form sheetlets that are separated by cleavage

planes. If, and how well, DWI can represent the sheetlet orientation, which runs

along the sheetlet perpendicular to the myofibre orientation, is the subject of

ongoing debate; further discussion of this can be found in Chapter 7.

Several previous studies have demonstrated that aggregate myofibre orienta-

tions correspond well with E1 extracted from diffusion tensor magnetic res-

onance imaging (DTI). On the other hand, the relationship between sheetlet

orientations from histology and DTI is less clear. The following section is a

very brief review of studies that investigated the agreement of microstructural

information derived from DTI with myofibre orientations estimated by histo-

logy of other imaging methods. All values are reported as mean ± standard

deviation.

Myofibre orientations

• In an early study, Scollan et al. [15] compared aggregate myofibre ori-

entations derived from ex vivo DTI and histology and found the mean
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voxel error to be about 12
◦ while acknowledging that the uncertainty of

their histology measurement was close to 10
◦, similar to what others have

achieved.

• Holmes et al. [239] studied 70 formalin fixed rabbit hearts and obtained

DTI and histology at the same locations. They found that the agreement

of DTI orientations with histology was 3.7◦± 6.4◦.

Myofibre and Sheetlet orientations

• Six sheep LVs were analysed using DTI and corresponding direct histo-

logy in a study by Kung et al. [240]. The correspondence between second-

ary and tertiary eigenvectors and locally observable sheetlet orientations

from histology differed by 8
◦± 27

◦.

• Gilbert et al. [16] performed a structure tensor analysis of high resolu-

tion MRI to quantify sheetlet orientations. They found both methods to

agree by 9
◦± 8

◦ for helix angles and 12 ± 11
◦ for imbrication angles, but

saw significant differences for laminar orientations at 34
◦± 27

◦.

• Bernus et al. [17] explored sensitivity of and correspondence between

DTI and 3D fast flow low angle shot (FLASH) imaging. The most exten-

ded direction of FLASH signals agreed well with that the primary dir-

ection of diffusion throughout the LV (13.3◦± 6.7◦). There was a much

greater discrepancy of up to 27.9◦± 17.4◦ between the shortest directions

of the FLASH structure tensors and the diffusion tensors.

• In a study sought to validate in vivo DTI measures of cardiac microstruc-

ture against histology, Nielles-Vallespin et al. [241] characterised mi-

crostructure in BaCl2-contracted and KCl-relaxed porcine hearts. They

specifically studied differences in the transition of sheetlet orientations

across the LV and found sheetlet angles estimated from ex-vivo DTI to

correlate well with histology: for the contracted hearts, the median of

diffusion-derived secondary eigenvector angles was 62
◦ (interquartile

range 60
◦ to 66

◦) versus sheetlet angles of 75
◦ (interquartile range 70

◦
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to 80
◦) measured in histology; for the relaxed hearts, secondary eigen-

vector angles of DTI were 18
◦ (interquartile range 14

◦ to 20
◦) versus 30

◦

(interquartile range 20
◦ to 35

◦) for histological sheetlet angles.

6.1.5 Relationship of Secondary Eigenvectors and Sheetlet Orientations

LeGrice et al. suggested that cleavage planes slide during myocardial con-

traction and contribute significantly to the observed wall thickening in systole

[242]. They also proposed that the amount of wall thickening is linked to the ini-

tial sheetlet orientation. As systolic wall thickening is a vital component of LV

function [243, 244], comparing sheetlet angles in HF could help to understand

underlying mechanisms of dysfunction.

Sheetlet angles (also called cleavage plane/sheet angles) have been measured

in multiple studies, but there is no consensus as to how sheetlets are orient-

ated. Some studies measured consistently negative sheetlet angles through the

myocardial, mainly anterior, wall [20, 242, 245–247], while others found a pro-

gression from negative to positive angles or vice versa [20, 32, 248]. Sheetlet

angles are also regionally dependent as they vary from apex to base or from

free wall to septum [20, 32, 242, 247].

Recently, the investigation of the relationship of DTI derived secondary eigen-

vector (E2) angles with histology has gained attention [241, 249, 250]. This re-

lationship between E2 angles from DTI with the sheetlet orientation measured

in histology is not yet confirmed. While the debate over E2 angles remains un-

resolved, the conclusions drawn from analyses of E2 angles have to be treated

with care. Some of the factors, which may limit the correlation of sheetlet angles

from histology with E2 angles from DTI, are:

Multiple sheetlet orientations. It is well established that two distinct families

of sheetlets, which are approximately perpendicular to each other, exist in the

myocardial wall [242, 248]. Using one single angle to represent the orientation

of both distributions at once is not valid. This shortcoming is not limited to

DWI; preparation artefacts of histology obscure the existence of the two sheetlet
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populations [240] and therefore make accurate measurement and comparisons

with DWI difficult. Since the eigenvectors are, by definition, orthogonal to each

other, this implies that the two sheetlet orientations themselves would need to

be perpendicular in order to be accurately represented by eigenvectors. This is

an invalid assumption, as families of sheetlets are not necessarily perpendicular

to each other [240, 242, 251].

Eigenvector mis-sorting in highly isotropic regions. If secondary and tertiary

eigenvalues are similar, image noise and small differences in eigenvalues could

lead to mis-sorting of the eigenvalues [17]. It has also been suggested that the

tertiary eigenvector may be representative of a secondary sheetlet family [240]

or could represent the sheetlet-normal [249].

Averaging over large imaging volumes. The DWI resolution is relatively low

in comparison to histology, especially when image slices are thick. It is unclear

how this volume averaging affects the extracted E2 angles. For example, DTI

cannot distinguish between the two dominant sheetlet orientations and may

average over two families, leading to highly transversely isotropic tensors. Be-

sides, especially when DWI is performed in vivo, in-plane resolution tends to

be much larger, e.g. 2.7 mm × 2.7 mm in [250], and the volume clearly includes

a large variety of heterogeneous sheetlet orientations, which were not captured

by the diffusion tensor [252].

Limited accuracy in comparison to other microstructural imaging.

Bernus et al. compared secondary and tertiary eigenvectors derived from DTI

with the corresponding eigenvectors of structure tensors derived from high-

resolution 3D FLASH cardiac magnetic resonance imaging (CMR) [17]. They

found large discrepancies between the respective eigenvectors (median angu-

lar difference between the two corresponding E2: 32.9◦, tertiary eigenvectors:

27.9◦). They concluded that the overall agreement between the tertiary eigen-

vectors (putative sheetlet-normal orientations) was poor. In this study, they also

segmented cleavage planes and compared their normal vector with the tertiary

eigenvectors from DTI. Here, the estimated angular difference was 19.6◦.

Phase unwrapping. Since sheetlet angles vary vastly across regions, they can-

not be easily described by a transmural gradient as has been done for the E1
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angle. The Streeter model of transmural helix angle variation, for example, can

be used to phase unwrap angles. Such methods are not readily available for E2

angles.

All of the above issues place considerable doubt on the assumption that second-

ary eigenvectors represent the myocardial sheetlet orientation.

As part of the animal study in Chapter 7, confocal microscopy images were

taken. Unfortunately, they were limited to a few specimens only, which did not

necessarily coincide with the hearts that underwent DTI. WKY16 was the only

heart included in this study at hand for which such an image was acquired.

Nonetheless, it is interesting to compare the cleavage planes with the E2 angles

shown in Figure 6.5. While the general trend between microstructure sheetlet

angles and E2 angles seems to agree, the E2 angles are larger (mean E2 angle

in the midwall: 34
◦). Note that this rather qualitative comparison is only valid

in the mid-wall, where myofibres are oriented approximately circumferentially.

To estimate the sheetlet orientation from the confocal images, the image cutting

plane would need to follow the myofibre orientation [253].

6.1.6 Limitations of Diffusion-Weighted Imaging

DWI observes diffusion non-destructively, and it does not interfere with the

diffusion process itself [232]. It is increasingly used and expected to be a prom-

ising technology for determining microstructures of different organs, such as

the heart, and for diagnosing neurological diseases.

However, there are some limitations for DWI, including:

• The signal-to-noise ratio influences the quality of diffusion tensors [254–

256]. The trade-off between data quality and data acquisition time is es-

sential in clinical use [257]. This especially affects applications for in vivo

DWI as a diagnostic tool due to breathing artefacts. Physiological motion

interferes with DWI and renders the result inaccurate [258].

• From an experimental point of view, DWI spatial resolution is limited

in comparison to other imaging methods of microstructure such as histo-
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Figure 6.5: Confocal microscopy image of the LV of WKY16, taken at the equatorial free

wall. Since sheetlet angles were measured with respect to the rotated wall co-

ordinate system, estimating them was only valid in the mid-wall, where my-

ofibres lie approximately in the radial-circumferential plane. Sheetlet angles

in the confocal image had an angle of about 20
◦, while estimated E2 angles

from DTI for a similar region were around 34
◦. Note that the angles de-

rived from DTI were measured across a much larger volume, not just across

a cutting plane.
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logy. The physical limitation of DWI resolution is about 10 µm because

water molecules move about this much during the measurement time of

10–100 ms [258].

• DWI only measures the average water self-diffusion within a voxel. If

there are multiple myofibre populations with different orientations, their

contribution to the signal is averaged, and the direction of maximal dif-

fusion is not accurately represented [258]. In tractography, for example,

myofibre crossing is a critical issue encountered in determining tracking

direction, as low anisotropy is observed, and directions of eigenvectors

do not correspond to those of the crossing myofibres [257, 259].

• A diffusion tensor may not be the best representation of diffusion in het-

erogeneous microstructure. This issue is further discussed in Chapter 9.

To address this, more parameters need to be extracted, meaning that the

six-parameter tensor approach must be replaced by an alternative method

such as q-ball imaging [260–263], or by fitting to the diffusion signals, as

is the focus of Chapter 9.

6.1.7 Review of In Vivo Diffusion-Weighted Imaging

While ex vivo DWI is highly useful in research to investigate microstructural re-

modelling due to growth and disease, in vivo DWI could become a clinical tool

to diagnose cardiac diseases connected to changes in myofibre orientations and

microstructure. Hypertrophy is one of those pathologies for which animal stud-

ies [125, 127, 264, 265] have suggested that in vivo DWI could prove useful. It is

also considered to help with the diagnosis of subacute and chronic myocardial

infarction (MI) [266–269].

Resolving the molecular diffusion of water while the heart beats or the pa-

tient breathes is a challenging limitation for in vivo DWI. The standard Stejskal-

Tanner sequence is highly sensitive to motion and not suitable for in vivo DWI.

Therefore, several novel sequences have been proposed [269–272]. One example

is the pulse sequence developed by Nielles-Vallespin et al., which is based
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on the diffusion encoded stimulated echo approach [125, 126, 270, 273], and was

tested for its reproducibility in healthy hearts and in hypertrophy [127, 264].

The imaging takes place over two heartbeats. The diffusion encoded stimulated

echo sequence is sensitive to strain during the cardiac motion since it requires

a longer diffusion time than the ex vivo Stejskal-Tanner sequence. Strain con-

founds the cardiac diffusion measured [126, 252, 270, 274, 275].

6.2 embedding microstructural information in cardiac mod-

els

A good way to represent the detailed information derived from DWI is to use

a parameterised model of myocardial microstructure. After all, the microstruc-

tural information derived from DWI can be used as input data for mechanics

modelling (as done in Chapters 5 and 10), where constitutive equations describe

transverse isotropic material response with respect to microstructural axes (see

Chapter 2).

A computational LV model should not only accurately describe the geometry

of the ventricle, but also reflect the microstructure of the myocardium. Material

axes can be used to represent the underlying orientations of myofibres, the

direction within the myocardial sheetlets, and the sheetlet-normal direction,

which is perpendicular to the sheetlets.

To analyse the DTI as representations of microstructure and to quantify eigen-

analysis results, the eigenvectors of the diffusion tensors were embedded into

geometrical models. This enables the construction of local coordinate systems

at each voxel and subsequent estimation of angles, such as helix, imbrication,

and sheetlet angles (see Section 6.3).

The following sections explain in detail how the geometric model was fitted to

the data, how coordinate systems were evaluated, and how helix, imbrication,

and sheetlet angles were calculated.
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6.2.1 Geometrical Model of the Left Ventricle and Its Coordinate Systems

Anatomic models of the LV geometry provide the basis for analysing the em-

bedded microstructural information. Once the microstructure is defined with

respect to the geometric model, it can serve as input data for the ventricular

mechanics analysis, in which the directional material behaviour is modelled

along microstructural axes.

The global FE model coordinate system is aligned according to the convention

for the cardiac coordinate system, as shown in Figure 6.6. The x-axis points from

the LV base towards the LV apex, while the y-axis points from the centroid of

LV to the centroid of the right ventricle (RV). The z-axis is orthogonal to both x-

and y-axes and directed from the anterior towards the posterior of the LV. The

origin of the cardiac coordinate system is located along the longitudinal axis at

one-third of the distance from the basal LV centroid to the apical LV centroid.

The geometric FE model for the LV used throughout this thesis consists of

34 nodes and 16 tricubic Hermite hexahedral elements (four circumferentially,

four longitudinally and one transmurally). The FE material coordinates (ξ1, ξ2,

ξ3) are arranged in a right-handed coordinate system such that ξ1 is directed

approximately circumferentially, ξ2 longitudinally from apex to base, and ξ3

transmurally from endocardium to epicardium, as illustrated in Figure 6.6. The

FE coordinate axes are not bound to be orthogonal to each other, as the element

boundaries are dictated by the anatomical features.

At each material point, a local wall coordinate system consisting of three ortho-

gonal axes (F, G, H) can be constructed. F aligns with the local circumferential

FE coordinate (ξ1), H is orthogonal to the ξ1 − ξ2 wall plane, and G is con-

structed as the orthogonal axis on the F-H plane in a right-handed coordinate

system. The local wall coordinate system can be used as a reference for the

helix, imbrication, and sheetlet angles.
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Figure 6.6: Definition of the cardiac coordinate system illustrated on a template LV

model. The long-axis passes through the centre of the LV, as (A) shows. The

y-axis is directed towards the RV. The z-axis is orthogonal to the x and y-

axes and points out of the page. (B) illustrates the FE coordinate system in

red and a local wall coordinate system at an arbitrary point within the LV

in blue. Note that ξ1 (circumferential direction), ξ2 (longitudinal direction),

and ξ3 (transmural direction) are not necessarily orthogonal to each other,

while F, G, and H are defined to be orthogonal.
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6.2.2 Fitting Geometric Models of the Left Ventricle to Image Data

The geometric FE model needs to represent the LV well to get an accurate

fit of microstructure orientations. The RV, papillary muscles, and the imaging

background are usually excluded, leaving only the LV as the region of interest.

A typical geometric fitting process went as follows: Surface information for

the epicardium and endocardium were manually extracted from the DWI data

using Matlab
2. Three groups of points were digitised for each heart: the endo-

cardial surface points, the epicardial surface points, and the landmark points

for the definition of the cardiac coordinate system. The latter included the basal

centroids of LV and RV, and the apical centroid of LV (see Figure 6.7).

Figure 6.7: Digitisation and geometric fitting of the LV endocardial and epicardial sur-

faces, illustrated on an excised rat heart suspended in a fluid-filled container

(white disc). (A and B) Segmenting the surface separately for each slice. (C)

Digitised surface points and landmarks in Cmgui, green point: LV apex, red

point: LV base, and blue point: RV base.

2 MathWorks, Inc., Natick, Massachusetts, United States
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Following segmentation, surface data were transformed into the cardiac co-

ordinate system. This was performed in the 3D visualisation software Cmgui
3.

The digitised points were rotated and translated such that the cardiac coordin-

ate system of the template model and the three landmark points were coincid-

ent, as shown in Figure 6.8. The transformation matrix obtained from this step

was applied to all data so that the surface data were aligned with the template

LV FE model.

Figure 6.8: Rotation of the original DWI data into the cardiac coordinate system using

the landmark points. (A) Before rotation, the template LV model and the

segmented data were not aligned. (B) After rotation, the segmented data

and surface points are aligned with the cardiac coordinate system.

The LV FE model was fitted to the shape of the segmented LV by minimising

the sum over all squared Euclidian distances between the n segmented surface

points (s) and their corresponding projected points on the LV model’s surface

(p)

Ogeom =
∑
n

(p− s)2. (6.20)

The endocardial and epicardial surfaces were fitted separately by optimising the

nodal parameters of the corresponding surfaces. The nodal parameters were the

three coordinates x,y, z with their respective seven derivatives associated with

the cubic Hermite interpolation scheme. A Quasi-Newton least squares method

was used to minimise the objective function in Equation 6.20. See Figure 6.9 for

the result of the geometrical fitting.

3 CM Graphic User Interface, http://physiomeproject.org/software/opencmiss/cmgui
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Figure 6.9: LV geometric models before and after fitting the mesh surface to the seg-

mented data. (A) Template LV mesh (brown) and segmented data points

(green) with projected error vectors colour-coded by Euclidian distance of

projected and segmented points). (B) Epicardial surface after geometric fit-

ting. (C) Endocardial surface after geometric fitting.

6.3 calculation of material axes and angles

Besides the coordinate systems that describe locations within the geometric

model (the global cardiac coordinate system, the element-specific FE coordin-

ate system, and the local wall coordinate system), a microstructural material

coordinate system can be determined to represent the myocardial tissue archi-

tecture.

Microstructural material axes are defined as: myofibre (f), sheetlet (s), and

sheetlet-normal (n) orientations. For the computational model, the initial myo-

fibre orientation points along ξ1 and is therefore aligned with the local circum-

ferential wall coordinate (F), the sheetlet axis points from apex to base along

G, and the sheetlet normal orientation is orthogonal to the wall plane, same as

H. F, G, and H are unit vectors. The initial material axes before rotation cor-

respond to helix, imbrication and sheetlet angles of 0◦ (see below for further

definition). The material axes are rotated out of this initial orientation when

fitted to DWI data.



122 analysis of diffusion-weighted imaging

The following sections describe how helix, imbrication, and sheetlet angles are

calculated for two vectors f and s, representing a vector parallel to the myofibre

orientation, and a perpendicular vector lying within the sheet, respectively.

Helix Angle Calculation

The helix angle (α) of a unit vector f is calculated by projecting f onto the local

circumferential coordinate F and the local longitudinal coordinateG (see Figure

6.10 (B))

α = arctan(
f ·G
f · F

). (6.21)

The helix angle varies between ±90◦ and a helix angle of 0
◦ means that the

myofibres are orientated in the radial-circumferential (ξ1 − ξ3) plane.

Helix angles are sometimes referred to as fibre angles or myofibre angles.

Imbrication Angle Calculation

The myofibre orientation (f) is often assumed to lie within the wall plane. How-

ever, if this is not the case and out-of-plane angles are found, these so called

imbrication or transverse angles can be calculated after the wall coordinate sys-

tem (F,G,H) was rotated by the angle α aroundH to create the new coordinate

system (F′, G′, H). F′ now aligns with the projection of the vector f onto the

wall plane, as shown in Figure 6.10 (C). The imbrication angle is calculated as

β = arctan(
f ·H
f · F′

). (6.22)

Some groups use the term transverse angle instead of imbrication angles [276,

277]. Both terms are equivalent.
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Figure 6.10: Helix, imbrication, and sheetlet Euler angle definitions. (A) An initial wall

coordinate system was embedded in the LV FE model at a representative

data point. (B) The helix angle (α) is enclosed by the projection of vector

f (into the F-G coordinate plane) and the coordinate F. (C) After rotation

of the coordinate system around H by the angle α, the imbrication angle

(β) is calculated. (D) The coordinate system is rotated around G′ by the β,

and the sheetlet angle (γ) can then be calculated using H′ and G′.
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Sheetlet Angle Calculation

To calculate the sheetlet angle γ of the unit vector s, the wall coordinate system

is rotated yet again, this time around G′ by the angle β to get the new coordin-

ate system (F′′, G′, H′), refer to Figure 6.10 (D). F′′ is now aligned with f, and

the sheetlet angle can be calculated as

γ = arctan(
s ·G′

s ·H′ ). (6.23)

In this definition, γ = 0◦ corresponds to the sheetlet planes lying parallel to the

circumferential-radial plane.

The term sheetlet was chosen over sheet, as they do not form continuous exten-

ded structures that traverse the entire heart [251]. The terms sheet angles and

sheetlet angles are, hence, equivalent.

Since the three angles above depend on each other and the order in which the

coordinate system was rotated, those angles are Euler angles. The sheetlet angle

is therefore dependent on the imbrication angle, which in turn is dependent on

the helix angle.

An alternative approach for interpolating microstructural orientations is by us-

ing (log-Euclidean) tensor interpolation [278, 279] or quaternions instead of

Euler angles. This representation of microstructure based on quaternions was

explored in Appendices C and D.

6.4 phase unwrapping of helix angles

When performing eigenanalysis, there is no guarantee that all vectors lie in

the same hemisphere. Two neighbouring vectors may have the same orienta-

tion, but they could be pointing in opposite directions. The respective diffusion

tensors were acquired at locations only a few µm apart, so they should be con-

sistent in their diffusion orientations. Diffusion tensors merely represent the

axes along which water diffuses the most; the diffusion occurs along an axis in

both directions. When eigenanalysis is performed, one of the two possible E1
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is chosen. It affects the calculation of helix angles if E1 directions rather than

orientations are considered.

Consequently, a correction process was proposed to phase unwrap the helix

angles according to an expected angle, predicted by an approximate model

[145]. This model assumed a linearly interpolated transmural rotation of helix

angles from +70◦ at the endocardium to −60◦ at the epicardium based on what

has previously been measured [32, 36, 37], as shown in Figure 6.11.

First, the predicted approximate helix angle (α ′) was estimated based on the

transmural location of the voxel. Next, the predicted angle and the helix angle

derived from eigenanalysis (α) were compared. If the difference between the

two, α−α ′, was

• greater than 90◦, then 180◦ were subtracted from α;

• less than −90◦, then 180◦ were added to α;

• otherwise, no phase unwrapping was performed.

An example of the raw and phase unwrapped helix angles for a short-axis slice

is shown in Figure 6.12. The expected myofibre vector rotation from -60° at

the epicardial surface to +80° at the endocardial surface became more evident

after the correction. Still, some areas do not show the expected orientation, as

highlighted in Figure 6.12. This issue is the focus of the following chapters.

6.5 summary

This chapter offered background information on the DWI methodology and

processing, as well as a review of experimental validation studies, and a dis-

cussion of the limited ability of the secondary eigenvector to represent sheetlet

orientations. To lay the foundations for the following chapters, the method for

embedding microstructural data derived from DWI into geometric FE models

was also presented. The calculation of angles and phase unwrapping of helix

angles is of importance for Chapters 7 and 8 especially.
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Figure 6.11: Helix angle model for phase unwrapping.

Figure 6.12: Colourmap with raw and phase unwrapped E1, colour-coded by the helix

angle. In some areas, phase unwrapping fails to correct the helix angle

adequately. This is highlighted in the right panel by the black rectangle.
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Q U A N T I F Y I N G M I C R O S T R U C T U R A L

R E M O D E L L I N G I N H Y P E RT E N S I O N U S I N G

D I F F U S I O N T E N S O R I M A G I N G

In this chapter, an animal model of hypertension, namely the spontaneous hy-

pertensive rat (SHR), was used to investigate the effects of hypertension on

the remodelling of the myocardial microstructure. DTI was acquired for four

SHRs and four healthy Wistar-Kyoto rats (sWKYs) and statistically analysed

for changes in microstructural orientations and myofibre disarray. Both are po-

tential markers of LV remodelling in HF due to hypertension.

The analysis used mixed-effects linear models (sMELMs) to investigate the ef-

fect of hypertension on transmural gradients of E1 and E2 angles across mul-

tiple regions of the LV, and to test for increased myofibre disarray due to the

disease.

7.1 motivation

Microstructural orientations, such as myofibre and sheetlet orientations, define

the predominant axes for mechanical and electrophysiological function and con-

tribute to systolic wall thickening [32, 280]. Myofibre orientations vary not only

transmurally but also regionally [281]. They remodel in disease [282], which

has direct mechanical and electro-mechanical consequences and may lead to

dysfunction.

Structural remodelling and progressive reorganisation of the extracellular mat-

rix are key observations in HF [145]. The most predominant characteristic of

LV hypertrophy due to hypertension is the thickening of the LV wall and the

127
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increase in total cardiac mass [65]. The laminar structure is disrupted, and thick

endomysial collagen layers enclose the myofibres while surrounding perimysial

collagen between adjacent muscle layers fuses with interconnecting collagen. In

SHRs, the myofibre cross-section is enlarged, and the muscle layers were more

dispersed and disordered compared to WKYs [99].

Myocardial disarray has been long recognized [283] in LV hypertension and

refers to the irregular arrangement on every level of myocardial organisation

(from myofibrils and myofilaments to myofibres and fascicles) [284]. With DTI,

measurement of myocardial disarray is limited to the level of myofibres, which

may become less spatially aligned. Myofibre disarray can, potentially, be quan-

tified using local eigenvector coherence, as suggested in a DTI study of one

SHR and one WKY by Giannakidis et al. [284]. They identified disrupted

local eigenvector coherence in the SHR and observed that the smoothly vary-

ing myofibre orientations were no longer existent in the SHRs.

FA may also correlate with increased myofibre disarray [265]. It is important

to note that one voxel in DTI corresponds to many myofibres and sheetlets

of microstructure. Furthermore, the diffusion tensor is an expression of the

distribution of myofibre orientations within the volume of one voxel. Localised

myofibre disarray within this voxel may result in lower FA. In contrast, E1

disarray expresses disarray at a larger scale of multiple voxels, as it is an index

derived from multiple, neighbouring eigenvectors.

FA has also been shown to inversely correlate with fibrosis in a study using

animal models of MI [285] and in a study on human MI [268] due to swollen or

disarrayed myofibers, and an increase in collagen concentration replacing the

extracellular matrix in MI.

7.2 dataset and image acquisition

The effect of hypertension on LV remodelling in the aged, hypertensive heart

was investigated, using the SHR as an animal model of disease, and the WKY

as control. Hearts of four WKYs and four SHRs at 21–23 months of age were
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excised, perfused with St. Thomas’ Hospital cardioplegic solution to relax the

hearts, and then fixed in a state close to end-diastole (ED) using Bouin’s solu-

tion. One week later, DTI was performed using a 3D fast spin-echo pulse se-

quence on a Varian 4.7T MRI scanner. Each image set consisted of 11 or 12

short-axis slices with a thickness of 1.5 mm and no gap between slices. The

diffusion sensitivity was b = 1404 s/mm2 (with δ = 4.4 ms; ∆ = 7.8 ms; Gmax =

40 G/cm). Each slice contained one non-diffusion-weighted anatomical image

and 30 diffusion-weighted images. Other imaging parameters were as follows:

TE = 15 ms; TR = 3 s; number of gradient averages = 6; field of view = 20 mm ×

20 mm × 16 mm; in-plane resolution = 128 voxel × 64 voxel (zero-pad interpol-

ated to 128 × 128 voxels); in-plane voxel dimensions = 156 µm × 156 µm. After

segmentation of the LV, 15–20 voxels cover the myocardial wall in its depth,

and 8-11 slices cover the LV longitudinally, depending on the size of each heart.

All rats were housed in the animal facility at the School of Biological Science,

University of Auckland, and fed the same diet with unrestricted access to food

and water. The experimental study was approved by the Animal Ethics Com-

mittee of the University of Auckland and conformed to the National Institutes

of Health Guide for the Care and Use of Laboratory Animals (NIH Publication

No. 85–23). Dr Alexander Wilson, formerly of the Auckland Bioengineering

Institute, led the study and provided the data [286].

For this dataset, each voxel represents a relatively large volume (in comparison

to the dimension of myocytes) of the myocardium that includes a distribution

of multiple myofibres and sheetlets as well as collagen, see Figure 7.1. This

relationship between the voxels and the myofibres and sheetlets changes as

the myofibres rotate through the wall. In the midwall, myofibres are roughly

aligned in the short-axis plane, so that the image short-axis resolution covers

about 4-6 myocytes within this plane. It is important to note that each voxel

from DTI includes up to 12 sheetlets in the long-axis direction (and many more

myocytes within the sheetlets).

All SHRs had consistently larger LV ED volumes compared to the WKY con-

trols, exhibiting signs of eccentric LV hypertrophy. Table 7.1 outlines functional

data for each animal.
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Figure 7.1: DTI image resolution in comparison to microstructure. The image resol-

ution was much higher in the short-axis plane, where, within this plane,

156 µm × 156 µm cover only a few myofibres, which are approximately 10

µm – 25 µm in diameter and about 100 µm long. While the confocal micro-

scopy image block pictured was only 400 µm thick, a DTI slice was 1.5 mm

thick. Therefore, one voxel covers only a few myofibres in the short-axis

plane, but it includes up to four times as many sheetlets than shown in the

confocal image block.

7.3 preprocessing of data for statistical analysis

Diffusion tensors were constructed for each voxel using Equation 6.7 and eigen-

analysis was performed on the diffusion tensors to extract the eigenvectors and

eigenvalues at each voxel. The eigenvectors were subsequently embedded in a

geometric model of the LV, which was fitted to the endocardial and epicardial

surfaces as described in Section 6.2. The four apical elements were excluded as

very few voxels were located within those elements. The element number and

the FE material coordinates within each element were evaluated for all voxels.

The E1 angle and the E2 angle were calculated with respect to the local LV wall

coordinate system at each voxel in the same way in which myofibre and sheetlet
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Table 7.1: Rat study demographics. Age (months), LVM: LV mass (g), EDV: end-

diastolic volume (mL), ESV: end-systolic volume (mL), EF: ejection fraction

(%). LVM, EDV, ESV, and EF data were not recorded for SHR16, but the

images were used to analyse microstructure.

ID Age LVM EDV ESV EF

W
K

Y

2 21 770 570 170 70

7 22 858 500 188 62

10 21 852 560 154 73

16 23 817 475 188 60

Mean ± SD 22±1 824±40 526±46 175±16 66±6

SH
R

16 21 — — — —

33 21 1819 1161 614 47

34 21 1415 789 433 45

41 22 1378 964 575 40

Mean ± SD 21±0.6 1537±245 971±186 541±95 44±4

(n=3) (n=3) (n=3) (n=3)

angles were calculated, see Section 6.3. E1 angles were also phase unwrapped

according to Section 6.3. FA and transverse FA were calculated as well as E1

disarray (refer to Equations 6.14, 6.16, and 6.19).

To investigate regional differences, for example in FA, the myocardium was di-

vided into multiple regions to represent volumes such as the free wall or the

septum. Utilising their element numbers and locations, voxels were assigned to

one of 36 regions, which circumferentially divide each element into approxim-

ately equal thirds, as shown in Figure 7.2. The data were not further partitioned

longitudinally because voxels were sparse already due to the image slice thick-

ness. Some of the regions were further classified as regions of the free wall or

the septum, as highlighted in Figure 7.2. The remaining regions were collect-

ively referred to as remote1 regions.

1 Here, remote means the region is neither within the septum nor the free wall.
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Overall, the dataset consists of 138,633 voxels across the 36 regions (on average

290 voxels in elements 5 to 8, 610 voxels in regions 9-16) and four hearts in each

of the two groups. Table 7.2 gives an overview of the input data available for

statistical analysis.

Figure 7.2: Elements of the LV FE model and the regions into which the elements were

divided. Regions 6c, 7a, 10c, 11a, 14c, 15a represent the free wall, while re-

gions 5a, 8c, 9a, 12c, 13a, 16c were assigned to the septum. All other regions

were collectively referred to as remote regions. Regions 5-8 are the most

apical regions, regions 9-12 constitute the equatorial regions, and regions

13-16 were close to the base.
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Table 7.2: Input data for statistical comparison of healthy and diseased rat hearts. Some

factors were discrete (D), and some continuous (C).

Name Values

Case

information

Study ID
WKY{2,7,10,16} (D)

SHR{16,33,34,41} (D)

Animal model WKY, SHR (D)

Spatial

information

Region number 5a .. 16c (D)

Circumferential coordinate ξ1 0 .. 1 (C)

Longitudinal coordinate ξ2 0 .. 1 (C)

Radial coordinate ξ3 0 .. 1 (C)

Microstructural

angles

Phase unwrapped E1 angle -180
◦ .. 180

◦ (C)

E1 transverse angle -90
◦ .. 90

◦ (C)

E2 angle -90
◦ .. 90

◦ (C)

Disarray

metrics

Fractional anisotropy 0 .. 1 (C)

Transverse FA 0 .. 1 (C)

E1 disarray 0
◦ .. 90

◦ (C)
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7.4 methods for statistical analysis

MELMs are designed to quantify the underlying relationship between response

and explanatory variables in hierarchical or multilevel data [287]. The explanat-

ory variables are often referred to as effects. Fixed effects represent independent

variables that are predefined and random effects correspond to subject-specific

components when multiple groups are involved. MELMs determine the statist-

ical significance of effects on both population and subject-specific bases. Note

that MELMs assume a linear relationship between the response and explan-

atory variables and require that the data are normally distributed and inde-

pendent observations. It is therefore important to examine the form of the data

before applying a MELM — and transform the data if needed — as a violation

of this requirement could lead to unreliable results.

The main advantage of MELMs is that they allow statistical analyses of effects

such as spatial distributions (e.g. regions) or the effect of disease while sim-

ultaneously modelling for random effects (e.g. individual animals). The tests

acknowledge inter-subject variability and hence provide not only an overview

of the behaviour of the data but also the variability among the cases.

For a MELM, the statistical significance of an effect is not usually determined

by its p-value as done in fixed-effects models. Instead, one approach to com-

puting p-values is to use likelihood ratio tests to compare the maximum likeli-

hood estimates of the model that includes the factor in question and the model

without this factor. The optimal model can be selected based on the Akaike In-

formation Criterion (AIC) [288], which trades off the variation explained by the

model (goodness of fit) against the number of parameters (effects) included in

the model. If the analysis of variance (ANOVA), which performs a Chi-squared

test between the two models, indicates that inclusion of an effect does not signi-

ficantly improve the model fit (i.e. p > 0.05), this effect is deemed insignificant

[289].

All analyses were performed in the statistical computing and graphics environ-

ment R2 using the MELM package lme4 and the package effsize.

2 http://www.r-project.org/
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In the following chapters, effects are printed in italics, such as animal group and

region. Where a MELM was defined, the following R-typical notation format

was used to describe the relationship of fixed effects, interactions, and random

effects to the outcome variable:

outcome variable ∼1+ fixed effect (7.1)

+ interacting effect 1 : interacting effect 2

+ (1 | random effect).

The term (1 | random effect) indicates a random effect, and the term interacting

effect 1 : interacting effect 2 means that interacting effect 1 is modulated through

interacting effect 2. Note that the leading constant 1 indicates that an intercept is

fitted for each level of the fixed and random variables.

Most values are given as mean (M) and standard deviation (SD).

The Cohen’s d [290] was used throughout this chapter to quantify effect sizes

where appropriate. Cohen’s d is defined as the difference between the means

of two normal distributions divided by the pooled standard deviation for the

data, i.e.

d =
x̄1 − x̄2
s

=
µ1 − µ2
s

. (7.2)

The pooled standard deviation (s) for two independent samples (with different

sample sizes n1 and n2) is

s =

√
(n1 − 1)s

2
1 + (n2 − 1)s

2
2

n1 +n2 − 2
. (7.3)

The magnitude of effect sizes is classified using the thresholds provided in [291],

i.e. |d| < 0.2 as negligible, |d| < 0.5 as small, |d| < 0.8 as medium, and otherwise

as large.

7.5 microstructural orientations in healthy and hypertensive

hearts

The E1 angle represents the aggregate intra-voxel helix angle. It is debated if

the E2 coincides with the more dominant cleavage plane orientations [15, 240,
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292, 293] and if tertiary eigenvectors may align with the less dominant cleavage

plane/sheetlet orientations [240]. See Section 6.1.5 for an in-depth discussion on

the relationship between the E2 angle derived from DTI and the histologically

measured myocardial microstructure.

In the following, E1 angles and E2 angles were analysed for the effect of disease

(in this case, remodelling due to hypertension).

7.5.1 Results of the Statistical Analysis of Primary Eigenvector Angles

The effect of animal group on the transmural gradient of E1 angles was quanti-

fied. An initial visual inspection of mean values indicated that there might be

small effects of animal group on angles at different circumferential locations (free

wall/septum/remote). The transmural gradients appeared to follow a linear re-

lationship, which was also seen in [294]). Therefore, the model only included

a linear relationship with the normalised wall depth to avoid unnecessary com-

plexity. The effects were then tested for significance guided by the AIC (see

Appendix B.1 for details).

The finalised model accounted for the normalised wall depth, circumferential region,

and animal group, as well as their cross effects, and used random intercepts and

slopes of normalised wall depth and animal, as given in Equation 7.4.

E1 angle ∼1+ ξ3 + animal group + circumferential region (7.4)

+ animal group : circumferential region

+ ξ3 : circumferential region

+ (1+ ξ3 | animal).

Figure 7.3, a forest plot of the estimated effects alongside their 95% confidence

intervals, summarises the results. It is not surprising that normalised wall depth

is the single largest and highly significant effect, as most of the variation in E1

angles is due to the transmural rotation of angles. All other effects appear small

compared to this effect.
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Figure 7.4 shows the transmural gradients for WKYs and SHRs, and both gradi-

ents agreed well with previously reported values [36]. There was no effect of

animal group on the slopes of the transmural gradient as demonstrated by the

exclusion of this effect in Equation 7.4. Hence, the gradient is very similar for

WKYs and SHRs as shown in Figure 7.4, with the large 95% confidence inter-

vals overlapping. Overall, WKY E1 angles range from 65
◦ at the endocardium

to -53
◦ at the epicardium, and for SHRs from 73

◦ to -44
◦, respectively.

Endocardial E1 angles in the free wall and the remote areas (outside of septum

and free wall) were very similar for both, WKY and SHR, and the transmural

gradient is only 7.2◦ steeper in the free wall than in the remote locations. In the

septum, WKY E1 angles were 6.6◦ higher and the constant offset between WKY

and SHR E1 angles was smaller.

In summary, there is no significant difference in the slope of the transmural

gradient between the two animal groups. This finding is in line with other stud-

ies, where no difference in transmural gradients of E1 angles between models

of HF and controls was found [63, 294]. In the free wall and the septum, SHR E1

angles were higher at the endocardium. All of those effects were small in com-

parison to the dependence of E1 angles on normalised wall depth. The random

slopes and per-animal transmural gradients, as well as the complete results, can

be found in Appendix B.1.
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Figure 7.3: Forest plot of effects on E1 angles. Indicated are the differences of the effects

to the intercept (WKY, free wall, ξ = 0), with the whiskers representing the

95% confidence intervals. As expected, ξ3 had the largest significant effect

on E1 angles. The transmural variation in angles was much greater than

the effect of circumferential region and animal group. E1 angles of SHRs were

higher at the endocardium (+8.5◦).
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Figure 7.4: E1 angles with 95% confidence intervals predicted by the MELM. (Top)

Overall effect of animal group on transmural gradients. (Bottom) Transmural

gradient for WKYs and SHRs by circumferential region. The gradients of

WKYs and SHRs are parallel because the cross effect of ξ3 : animal group

was not significant and, hence, not included in the model.
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7.5.2 Results of the Statistical Analysis of Secondary Eigenvector Angles

In the following, the E2 angle distributions for the WKYs and SHRs were stat-

istically analysed.

Because it is known that sheetlet angles vary vastly from apex to base and from

free wall to septum [32], it was assumed that the same might apply to the E2

angles, should they indeed be found to agree well with histologically measured

sheetlet angles. The initial MELM, therefore, included not only animal group and

ξ3 as fixed effects, but also the longitudinal region (apex/equator/base) as well

as the circumferential region (free wall/septum/remote), under the assumption

that they have large cross effects. However, when the significance of each effect

was assessed, animal group was not statistically significant and hence taken out

of the model (compare Appendix B.1 for details).

MELM was defined as follows:

E2 angle ∼1+ ξ3 + longitudinal region + circumferential region (7.5)

+ ξ3 : longitudinal region

+ ξ3 : circumferential region

+ longitudinal region : circumferential region

+ ξ3 : circumferential region : longitudinal region

+ (1+ ξ3 | animal).

Figure 7.5 illustrates the predicted transmural gradients. The complete list of

effect sizes and statistical significance of each factor can be found in the forest

plot in Figure 7.6, and the full results are presented in Appendix B.1.

Unlike E1 angles, E2 angles did not exhibit a consistent transmural gradient

across all regions. In fact, all effects included in the model were highly signific-

ant (p < 0.001), and the smallest effects sizes were at least 19
◦, suggesting that

transmural gradients varied greatly between the different circumferential and

longitudinal regions.

In the septum, transmural gradients of E2 angles were all positive and the

95% confidence intervals overlap, implying that transmural slopes were mostly
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Figure 7.5: E2 angles and gradients for three longitudinal regions and circumferential re-

gions with respective 95% confidence intervals, predicted by the MELM.

The factor animal group was not significant and hence, no separate plots

for WKYs and SHRs are shown.

consistent across the longitudinal direction. In the remote areas and the free

wall, apical and equatorial gradients were both positive, while basal E2 angles

decreased with normalised wall depth. This agrees very well with previously

reported observations in the free wall [32]. Visually, the most striking difference

lies in the apical transmural gradient of E2 angles, which is much steeper in the

free wall than in the other two circumferential locations.

Overall, considerable variation in transmural gradients is evident, and it is im-

portant to note that hypertension did not affect the prediction of E2 angles.
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Figure 7.6: Forest plot of effects on E2 angles, indicating effect size and confidence

intervals. Plotted are the mean difference in effect between the intercept

(WKY, apical, free wall, ξ3 = 0) and the respective other effects, with the

whiskers representing the 95% confidence intervals.
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7.6 myofibre disarray in healthy and hypertensive hearts

Both FA and E1 disarray were analysed across and within the two animal

groups to investigate if disease has an effect overall, if individual regions were

significantly different from the overall mean (such as LV/RV intercept or the

free wall), or if disease has a different effect on different regions.

7.6.1 Statistical Analysis of Fractional Anisotropy

MELM was conducted to test for significance of the effect of animal group, region

(fixed effects) and animal (random effect) on FA using

FA ∼ animal group : region + region + (1 | animal). (7.6)

There was no significant effect of the fixed factor animal group on FA by itself

so the model was reduced by this factor. However, both region alone (p < 0.001)

and the interaction of region and animal group (p < 0.001) had significant effects

on FA. The random effect animal explained variances of σ2 = 0.001.

The mean scores of the two animal groups were estimated for WKYs (M = 0.242,

SD = 0.076) and SHRs (M = 0.246, SD = 0.08). A Cohen’s d effect size was

calculated and confirmed that the effect was negligible (d = 0.034). Figure 7.7

shows box plots and histograms for all collated data across the two animal

groups. The distribution of FA in SHRs was slightly more skewed to the right

(skewness WKY: 0.33, SHRs: 0.55), but overall, the two distributions look very

similar. This may be misleading as it does not account for regional differences

in FA.

Regional differences in FA may be found across the LV. For example, in the

intersection of the LV and the RV, myofibres could potentially cross as the two

ventricles join, leading to lower FA, while in contrast, the LV free wall may ex-

hibit higher FA. To further test how different regional FA were from the overall

mean FA across all regions, the Cohen’s d effect size was calculated between

each region and the overall mean across all voxels of the LV. Regional FA is
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Figure 7.7: Histograms and box plots of FA for all voxels across WKYs and SHRs re-

spectively.

presented in the polar chart of FA in Figure 7.8. The full results of the MELM

and the Cohen’s d effect size estimates can be found in Appendix B.2. Overall,

only a small number of regions seem to substantially diverge from the overall

mean FA distributions across the LV. In general, FA was higher in the inferior

free wall, while it tended to be comparatively low in the equatorial septum and

the apical free wall. This finding was contrary to a study of regional hetero-

geneity by McGill [295], where they found higher FA values in the septum

compared to the lateral, anterior, and posterior regions of equatorial slices in

healthy humans. They also studied transmural variability and determined that

FA was higher in the midwall than in the endocardium and epicardium. This

supported a previous study of Jiang et al. [296], who looked at transmural

variability in sheep myocardium and found that FA profiles demonstrate a not-
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able decreasing trend of FA from the epicardium towards the endocardium.

However, normalised wall depth had no significant effect in this analysis at hand,

and the factor was removed from the MELM.

To estimate the effect of the region-animal group interaction, the effect of animal

group on each of the 36 regions was quantified using the MELM in Equation 7.6.

The averages of FA for each group as well as the Cohen’s d effect size between

representative distributions of SHRs and WKYs for each region are plotted in

polar charts in Figure 7.9. The effect of animal group was not significant, and

consequently, FA was not found to be lower in disease. Hypertension did have

an effect on regional FA in more than half of the 36 regions. Higher FA values

were found in the anterior septal regions as well as in the inferior free wall,

while it was comparatively lower in the anterior free wall.
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Figure 7.8: Effect of fixed factor region on FA across all animals. Each segment of the

polar chart is labelled with the regional FE value. Where the Cohen’s d

effect size was classified as ’negligible’, the region is coloured in grey; where

the effect size is greater than the threshold of 0.2, the segment is colour-

coded according to scale to highlight the regions that were substantially

different from the overall distribution of FA.
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Figure 7.9: Effect of fixed factor animal group on regional FA. Average FA per region

for all WKYs (top left) and SHRs (top right) from MELM and Cohen’s

d effect size (bottom) for all regions, indicating the effect of disease on the

region (SHR-WKY). Significantly different regions were colour-coded by the

Cohen’s d, but if the effect size was classified as ’negligible’ (less than 0.2),

the segment was coloured in grey to aid interpretation.
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7.6.2 Statistical Analysis of Primary Eigenvector Disarray

Initial inspection of E1 disarray distributions suggested that the data were

highly positively skewed, and were thus tested for normality. A logarithmic

transformation was performed to achieve normality:

E1Dlog = log(E1 disarray). (7.7)

Both measures, FA and E1 disarray, are thought to correlate with myofibre disar-

ray. However, they do not measure the same diffusive behaviour or microstruc-

ture. FA measures how elongated the diffusion tensor is. Myofibre disarray that

occurs within the volume of a voxel leads to lower FA. E1 disarray, on the other

hand, expresses the disarray of the E1 in a neighbourhood and operates on mul-

tiple voxels at the larger scale. Higher E1 disarray may be observed in the cases

where low FA leads to arbitrarily selected eigenvectors (refer to Chapter 8 for

an in-depth explanation on this), thus increasing the measured E1 disarray in

the proximity of those voxels. Poor image quality and noise could be another

possible explanation for low FA or E1 disarray.

In Figure 7.10, E1 disarray is plotted against binned FA. The exponential re-

lationship is evident, and indeed, E1Dlog and FA were correlated (Pearson’s

r = -0.504, p < 0.001).

E1Dlog was modelled using a MELM similar to the one for FA in Equation 7.6,

defined as

E1Dlog ∼ animal group : region + region + (1|animal). (7.8)

Again, animal group without any cross effect had no significant effect on E1Dlog.

The mean of E1Dlog in WKYs (M = 2.052, SD = 0.639, back-transformed geomet-

ric M = 6.8◦) and SHRs (M = 2.034, SD = 0.573, back-transformed geometric M

= 6.6◦) were used to calculate the effect size, which was classified as negligible

(Cohen’s d = 0.029).

Region had a significant effect on E1Dlog (p < 0.001), but only in three regions.

E1Dlog was substantially different from the overall E1Dlog. Figure 7.11 shows
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Figure 7.10: Relationship between E1 disarray and FA. The FA values were divided into

bins of 0.05 width and E1 disarray plotted against those bins. FA and E1

disarray were correlated exponentially.

the regional differences across all animals, and there is no pattern or cluster

visible for those three regions. More results can be found in Appendix B.2.

The region-animal group interaction was estimated as significant (p < 0.001) by

the MELM. The model’s estimates of t-values and the Cohen’s d effect sizes

were used to classify regional differences between the two animal groups (see

Appendix B.2). The result is presented in Figure 7.12.

Overall, because the factor animal group was insignificant, E1Dlog and, hence, E1

disarray was not found to be larger for the diseased group. Hypertension had

an effect on regional E1 disarray in more than half of the 36 regions. Two key

observations were: 1) E1 disarray tended to vary across all three longitudinal

elements in the same circumferential sector, and appeared rather consistent

longitudinally; 2) Interestingly, the largest effects were negative, meaning that

disarray was lower in the SHRs towards a less disarrayed structure. This is

counter-intuitive. Specifically, in the anterior septum and the inferolateral free

wall E1 disarray was lower, while in the anterior and inferior free wall, E1

disarray was more substantial in aged, hypertensive rats.
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Figure 7.11: Effect of fixed factor region on E1 disarray across all animals. Each region

was labelled with the value of the geometric (back transformed) average E1

disarray. Segments were colour-coded by Cohen’s d effect size according

to scale. If effect size was negligible, the segment was coloured in grey.
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Figure 7.12: Effect of fixed factor animal group on regional E1 disarray. Average E1 disar-

ray per region for all WKYs (top left) and SHRs (top right) and Cohen’s

d effect size (bottom) for all regions, indicating the effect of disease on the

region (SHR-WKY). Only significantly different regions with a Cohen’s d

above ’negligible’ are colour-coded.
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7.6.3 Transverse Fractional Anisotropy

Transverse FA is a measure of how distinguishable the tertiary eigenvector is

from E2. If transverse FA = 1, both eigenvalues are equal and diffusion is iso-

tropic in the plane perpendicular to E1. Ideally, the E2 is uniquely determined,

and the difference between the secondary and tertiary eigenvalue is high for

the E2 to be considered meaningful. This is especially important when micro-

structural orientations are inferred from the E2 orientation, such as the putative

sheetlet orientations.

The mean scores of transverse FA for the two animal groups were estimated for

the WKYs (M = 0.151, SD = 0.076) and the SHRs (M = 0.137, SD = 0.078). See

Figure 7.13 for histograms of distributions of transverse FA for both animal

groups.

Figure 7.13: Histogram and box plots of transverse FA for all voxels across WKYs and

SHRs respectively.
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Since the effect animal group was small (Cohen’s d = 0.213), a MELM was em-

ployed to further test for significant effects on transverse FA, without the insig-

nificant factor animal group. This model was defined as

Transverse FA ∼ animal group : region + region + (1 | animal). (7.9)

The interaction of animal group - region as well as the factor region were signific-

ant (both p < 0.001).

Similar to the analysis of FA, regional differences estimated by MELM were

visualised using Cohen’s d effect size (see Figure 7.14). The inferior free wall

showed slightly higher transverse FA values, while transverse FA values were

slightly lower in a small number of regions in the anterior wall. Effect sizes

were small nonetheless.

Figure 7.14: Effect of fixed factor region on transverse FA across all animals. Each region

is labelled with the value of the average transverse FA and colour-coded by

the Cohen’s d effect size according to scale. If the effect size was negligible,

the region is not coloured.
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The effect of the region-animal group interaction on regional transverse FA is

presented in Figure 7.15. The average transverse FA values for each region,

estimated by the MELM, are reported for all 36 regions in SHRs and WKYs,

alongside with the difference between the two animal groups expressed as effect

size.

Interestingly, transverse FA was much lower in the posterior free wall in SHRs.

This suggests that there were only small differences between the secondary and

tertiary eigenvalue, and could, potentially, indicate higher E2 disarray. In terms

of microstructural orientations, the putative cleavage planes may be separated

in a less pronounced fashion. Other regions with negative, small effect sizes

were spread across the LV without a visible pattern, and only in the inferior

septum, transverse FA was slightly higher.

In general, transverse FA values were very low. There was no threshold trans-

verse FA value reported in the literature, but a typical transverse FA value of

0.15 corresponds to λ3 ≈ 0.8× λ2, and transverse FA values need to be closer to

0.4 to achieve unique determination of eigenvectors (λ3 ≈ 0.55× λ2). This sug-

gests that a majority of voxels had little differentiation between the two least

eigenvalues, and were more prone to mis-sorting of eigenvalues.

Full results can be found in Appendix B.2.
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Figure 7.15: Effect of animal group on regional transverse FA. Average transverse FA per

region for all WKYs (top left) and SHRs (top right) from MELM and Co-

hen’s d effect size (bottom) for all regions, indicating the effect of disease

on the region (SHR-WKY). Only significantly different regions with a Co-

hen’s d effect size above ’negligible’ are colour-coded.
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7.7 discussion and conclusions

The microstructural remodelling of the LV was investigated using an animal

model of hypertension. E1 and E2 angles (myofibre and putative sheetlet ori-

entations), as well as measures of disarray (FA, transverse FA, and E1 disarray),

were considered to determine if and what kind of effects hypertension has on

the microstructural organisation.

Microstructural orientations can be expressed through myofibre and sheetlet

orientations. The latter are perpendicular to the myofibre orientations. In this

study, the myofibre orientation was assumed to align with the E1 of the diffu-

sion tensor. That the sheetlet orientation aligns with E2, however, is a disputed

assumption and has to be taken into consideration when interpreting the putat-

ive sheetlet orientation derived from DTI.

Myofibre orientations, represented by E1 angles, were similar for the aged SHRs

and WKYs, which was in line with other studies [63, 294]. The myofibre orient-

ation exhibited the expected transmural variation proposed by Streeter [36] and

could be modelled using linear relationships. The study of myofibre disarray

showed that the distributions were similar overall between the normal and the

diseased cases. Myofibre disarray did have a regional effect, with higher FA val-

ues in the anterior septal regions as well as in the inferior free wall, while it was

lower in the anterior free wall. E1 disarray and FA correlated exponentially and

regional effects of hypertension on E1 disarray were also observed. Generally,

the trend towards higher E1 disarray agreed well with the trend towards lower

FA in the same regions.

Transverse FA, which was much lower than conventional FA, tended to be lower

in the posterior-lateral free wall in the SHRs. Transverse FA is a measure of how

uniquely determined the secondary and tertiary eigenvectors are, and may, pos-

sibly, be due to the existence of multiple dominant sheetlet orientations across

the volume of a voxel. Of course, the other possible explanation is that the tissue

truly is transversely isotropic [286, 294]. If the unique distinction between the

two vectors is not evident, interpreting the E2 angle as putative representations

of sheetlet orientations is questionable. In cases of low difference of second-
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ary and tertiary eigenvalues, mis-sorting of the eigenvalues and corresponding

eigenvectors may lead to E2 angles that are misregistered by as much as 90
◦.

With this in mind, E2 angles showed much more regional variation, indicated

by the significant effects that the longitudinal or circumferential locations had

on E2 angles. The animal model itself did not have an effect, which suggests

that hypertension did not cause reorientation in the diseased animals. E2 angles

showed a strong correlation with the normalised wall depth, implying that

transmural gradients were indeed significant, but that the direction of the ef-

fect varied vastly between regions. As such, the distribution of E2 angles does

not indicate that a simple rule-based model, which is appropriate for the de-

scription of E1 angles, can be employed for E2 angles. Overall, many effects

that were deemed significant by the MELM were not relevant due to small

effect sizes and large confidence intervals.

In general, including more animals in this study would be beneficial to the stat-

istical analysis and may alleviate issues with large confidence intervals. These,

often overlapping, confidence intervals made it difficult to determine the seem-

ingly large differences in the two animal groups of WKY and SHR. If the study

was extended to include WKYs and SHRs of younger age, it would allow for

comparison not only between the animal models but may also give insights

into the development of the microstructure. Wilson [286] found more prom-

inent changes in functional measurements, such as cardiac output, in the 14

months old animals in comparison to the 21 months old. This points to the pos-

sibility that microstructural reorientation is more evident in the younger rats

than in the older animals.

DTI has several limitations for measuring microstructure. Firstly, crossing my-

ofibres or families of myofibres and sheetlets are not necessarily perpendicu-

lar to each other, but when using the standard eigenanalysis approach, eigen-

vectors are defined to be orthogonal. Therefore, it is inappropriate to repres-

ent crossing myofibres or multiple sheetlets with eigenvectors. Secondly, the

voxel volumes are large in comparison to the microstructure, and the diffu-

sion tensors thus quantify the aggregate diffusion within a voxel, which covers

many myofibres and sheetlets. Lastly, in areas of low FA, low transverse FA, or

low signal-to-noise, mis-sorting of the eigenvalues may be encountered, which
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could lead to spatial inconsistencies predominantly in the E2 orientations. This

was one of the reasons why the angles of the tertiary eigenvectors were not

further studied in this work. There is ongoing debate whether the tertiary ei-

genvector represents the sheetlet-normal orientation or may even align with a

second family of sheets, and the inclusion of the tertiary eigenvector in this

thesis appeared to be unjustified given the non-unique determination of E2

and the tertiary eigenvector in areas of low transverse FA. Also, since the three

eigenvectors are orthogonal, interpreting E2 angles is effectively equivalent to

analysing the tertiary eigenvector.

This study used a geometrically fitted model to derive the local wall coordinate

system and respective microstructural orientations. Some studies have used a

simplified geometry of a rotationally symmetrical, truncated prolate spheroid

to compute the local wall coordinate system [241, 250]. This leads to small

differences in reported microstructural orientations.

Implications for embedding the microstructural information derived from these

rat DTI into computational models are: 1) linear interpolation schemes may

equally well represent myofibre fields because E1 angle presents with linear

transmural variation; 2) E2 angles may be difficult to represent with a coarse,

linear geometric model as regional variations are significant; 3) model-based

representation of E2 may not be sensible at all because transverse FA is gener-

ally low, and mis-sorting of eigenvalues likely.
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This chapter presents a robust method to construct parametric representations

of myocardial microstructure directly from diffusion tensors. In conventional

DTI analysis frameworks, eigenanalysis of the diffusion tensor at each voxel

is used to compute E1, which represents the aggregate myofibre orientation in

this voxel. The new method avoids the need to solve the eigenanalysis problem,

and, therefore, circumvents two major issues with the eigenanalysis approach.

The aim of the work is to parametrise microstructural orientations to diffusion

tensors directly to achieve continuous helix and imbrication fields. This fitting

approach provides a better representation of myofibre orientations in regions

of high FA, weighting regions of high anisotropy over isotropic regions.

First, to motivate the novel method for directly fitting to diffusion tensors,

the shortcomings of fitting to raw helix angles derived from diffusion tensors

are presented. Then, the framework and objective function is introduced. The

chapter concludes with a discussion of the results.

159
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8.1 motivation

There are several approaches for estimating myofibre orientations for diffu-

sion tensor data. For example, shape predictors [297] or analyses of shape-

based transformations [298] have been used to parameterise myofibre orient-

ations. Some studies have proposed probabilistic streamlines incorporating un-

certainty [299] or geodesic tractography [300].

One of the most common techniques to determine myofibre orientations is the

deterministic eigenanalysis, which estimates the Euler angles from the orienta-

tion of E1 of the diffusion tensor. This analysis was used in Chapter 7 to analyse

rat data. Spatial distributions of Euler angles are typically interpolated within

FE models [208, 301, 302], although some studies have directly interpolated

spatial distributions of the diffusion tensors in the log-Euclidean space to en-

sure that the interpolated tensors are positive-definite, which is not guaranteed

when independently interpolating the tensor components [278, 303]. Another

approach of representing microstructural orientation is to interpolate tensor

fields as proposed by Gahm et al. [279]. In either case, eigenanalysis of diffu-

sion tensors is required to construct local microstructural material axes.

The use of E1 alone to derive myocardial helix angles has three main disadvant-

ages:

• Water diffuses equally in both opposite directions, parallel to the aggreg-

ate myofibre orientation, but E1 arbitrarily represents just one of these

directions. This representation can lead to large spatial discontinuities in

helix angle distributions, which can cause problems with the FE interpol-

ation of these data. Phase unwrapping of derived helix angles is usually

performed to address this issue, but the method is approximate and can

yield spurious results;

• In regions of near isotropic diffusion, the calculated direction of E1 is arbit-

rary (since all eigenvalues are equal for isotopic diffusion, which renders

the direction meaningless), and may not reliably represent the local myo-

fibre orientation; and
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• In voxels within regions of true isotropy, e.g. in scar tissue or a large

vessel, eigenvectors are enforced but may not be sensible. This is also an

issue for near isotropic diffusion in the presence of image noise.

This chapter presents a workflow for parameterising helix and imbrication

fields, also called microstructural orientation fields, directly from the diffusion

tensors without the need to compute eigenvectors or FA values for myofibre

orientation fitting. This framework not only circumvents issues associated with

phase unwrapping of eigenvectors prior to myofibre fitting, but also helps to

ensure that the interpolated microstructural orientations in regions with high

FA better represent the diffusion tensors to limit the confounding effects of the

arbitrary directionality of eigenvectors in isotropic regions.

8.2 shortcomings of fitting to helix angles

To demonstrate the effects that the two major shortcomings of using eigenana-

lysis of diffusion tensors have on building parameterised cardiac models, an

example using simple scalar angle fitting was considered.

The DWI data used in the following analyses were part of the Auckland rat

data set described in Sections 7.2 and 7.3. WKY2 was chosen at random to

demonstrate the methods, but the framework described was applied to all eight

cases of this rat study, an exemplary dataset of the Johns Hopkins dog data

[304], and an exemplary dataset of the NIH porcine data [241].

First, eigenanalysis was performed on diffusion tensors to extract the three

eigenvalues and eigenvectors at each voxel. The computed E1 were then em-

bedded in a geometric model of the LV fitted to the endocardial and epicardial

surfaces as described in Section 6.2. Helix and imbrication angles were calcu-

lated with respect to the local wall coordinate system at each voxel (see Section

6.3). FA was also calculated, and a second dataset of phase unwrapped helix

angles was created from the raw helix angles (refer to Section 6.3).

The model was then parameterised by fitting two scalar FE microstructural ori-

entation fields to the estimated helix and imbrication angles by minimising the
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differences between measured angles and fitted Euler angles. The microstruc-

tural orientation fields were defined at the same nodes as the geometric model

(16 elements hexahedral FE model with four longitudinal, four circumferential

and one transmural element(s)) and initialised by setting the helix angles to

+60◦ for the endocardial nodes, and −70◦ for the epicardial nodes. Initial im-

brication angles of all nodes were set to 0◦. The angles were interpolated over

the FE model using tricubic Hermite basis functions and the fitted angles were

evaluated at each voxel location of the DTI dataset.

Two fits to helix angles were performed: one using raw helix angles as determ-

ined from E1, and one using phase unwrapped angles. The fitting results are

shown in Figure 8.1. Large discrepancies were apparent between the fitting to

the raw helix angles and the fitting to phase unwrapped angles.

This is a common occurrence when fitting scalar Euler angle fields, and can

be illustrated by plotting the direction of the eigenvectors at two neighbouring

voxels. While the eigenvectors point in opposite directions, their orientations

are (close to) parallel. The respective diffusion tensors were acquired at loca-

tions only a few µm apart, so they should be consistent in their diffusion orient-

ations. Diffusion tensors merely represent the axes along which water diffuses

the most; the diffusion, however, occurs in both directions. When eigenanalysis

is performed, one of the two possible eigenvectors is chosen, and the eigen-

vectors are not guaranteed to be in the same hemisphere. This results in sudden

and stark spatial discontinuities in helix angles and fitting to unwrapped helix

angles may not yield sensible, representative fits, as demonstrated in Figure 8.2.

A better fitting result was achieved when the same helix and imbrication angle

fields were fitted to the phase unwrapped helix angles, as shown in Figure

8.1. Helix angles were unwrapped to create a more spatially continuous field,

which more closely agrees with physiological findings.

To quantify the quality of the different fits to raw and phase unwrapped angles,

the angular difference (ε) between E1 (e1) and the fitted myofibre vector (f)

was calculated as

ε = | arccos(f · e1)|. (8.1)

For perfect agreement, this angular difference would be 0◦.
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Figure 8.1: Fitting to raw (left) and phase unwrapped helix angles (right). When fitting

to helix angles computed from E1 (middle panel), the field fitting does not

represent the orientations of maximal diffusion in areas of sudden wrap-

ping of angles. The wrapping led to poor fits, whereas fitting to phase un-

wrapped angles yielded good results, see transmural plots (bottom panel).
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Figure 8.2: Schematic of two neighbouring diffusion tensors and their representative

eigenvectors. The eigenanalysis may return eigenvectors that are pointing

in opposite directions even though the orientation of strongest diffusion

is the same or very similar for the two neighbouring voxels. If opposite

orientations are calculated, which is an arbitrary choice and particularly

sensitive to image noise, the interpolated angle between those two voxels

may be misaligned with the main diffusion orientation (in this schematic

example, it is perpendicular).

The median angular difference for fitting to the raw helix angles is 9◦ (in-

terquartile range: 6◦ to 16◦) as opposed to 8◦ (interquartile range: 6◦ to 15◦)

for fitting to the phase unwrapped angles. Overall, phase unwrapping slightly

improves fitting while using the same objective function. Figure 8.3 looks more

closely at the difference of the fits in the immediate neighbourhood of voxels at

which phase unwrapping was necessary. As expected, the fits generated very

similar results in the remote areas. However, fitted myofibre vectors from the

neighbourhood of voxels with phase wrapped angles benefited from the phase

unwrapping such that they yield lower angular difference than they would

have without phase unwrapping. It is clear that phase unwrapping improves

the quality of fits to the orientations of the primary diffusion. However, phase

unwrapping requires prior knowledge of the expected myofibre field and does

not eliminate all of the problems with these spatial discontinuities, as, even after

phase unwrapping of the helix angles, inconsistencies in the spatial distribution

of myofibres can be observed.

A second major shortcoming with fitting to eigenvectors or helix angles derived

from diffusion tensors is that in regions of apparent near-isotropic diffusion,

E1 may not reliably represent the local myofibre orientation. E1 orientations
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Figure 8.3: Angular difference between E1 and fitted myofibre vectors, and correspond-

ing fitted myofibre vectors plotted at each voxel. The difference between raw

and phase unwrapped angle fits appears subtle on the angular difference

colour map. However, in areas close to voxels with helix angles that were

unwrapped, the fitted field more closely represents the eigenvectors. Grey

vectors in insets: fitted vectors. Red to blue: E1 colour-coded by raw (left)

and phase unwrapped helix angles (right).
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may also be assumed for voxels representing tissue that truly does not show

a unique diffusion orientation. For those voxels, diffusion is isotropic, and no

weight should be placed on their eigenvectors when fitting because they were

enforced by the eigenanalysis approach and are arbitrary.

Anisotropy in a diffusion process is generally quantified by FA. Low FA can

arise from several factors, including low signal-to-noise ratio in the images

[305], or that a single preferred direction does not adequately represent the

local tissue microstructure. This can occur, for example, in some regions of

MI [306], or if there are multiple families of crossing myofibres present in the

tissue, such as near the inter-ventricular junction of the heart. In the case of

crossing myofibres, the assumption of a single direction to represent the my-

ofibres would need to be addressed. On the other hand, if regions of low FA

are localised zones of poor image quality, then their influence during the fitting

of field parameters could be reduced by incorporating a specialised weighting

scheme, such as scaling the fitting error in each voxel by the FA value. Inac-

curate segmentation may also be a reason for low FA when fluid or adjacent

tissue are included at the edge of the segmented region of interest, or due to

partial volume effects. Confounding effects of image quality and anisotropy

could be distinguished by image noise quantification [307]. When fitting a dif-

fusion tensor to the diffusion signals, the coefficient of determination of this fit

could also help to resolve if the voxel is truly isotropic, or if noise or crossing

myofibres are the cause for low FA in this voxel, as proposed in Chapter 9.

The shape of an isotropic diffusion tensor corresponds to that of a sphere. The

eigenanalysis of such a tensor does not return a unique E1, and there is no

certainty that E1 represents the diffusive behaviour at this voxel. In real data-

sets, isotropic diffusion tensors are unlikely due to image noise, but low FA

values still indicate low confidence in the physical meaning of the derived E1.

Figure 8.4 illustrates how low FA reflects in disarray of E1. While E1 in the

surrounding areas, which were derived from highly anisotropic tensors, are

generally aligned in a spatially consistent manner, vectors in areas of low FA

exhibit arbitrary orientations. There is no smooth transmural variation as typic-

ally expected in a healthy heart.



8.3 a novel approach for fitting to diffusion tensors directly 167

Figure 8.4: Primary eigenvectors of the diffusion tensor colour-coded by FA (red). Re-

gions of low FA show uncertain, ambiguous direction of primary diffusion.

Ideally, fitting to diffusion derived metrics such as angles or eigenvectors could

be achieved in one step, without the need to phase unwrap angles, or to expli-

citly weight individual voxels by their FA values. That said, the objective func-

tion should be weighted by FA, as in areas of low FA, there is little certainty

that the diffusion direction represents the underlying structure.

8.3 a novel approach for fitting to diffusion tensors directly

In order to parameterise the myofibre orientation field within the LV FE geo-

metric model, a new approach to estimate a continuous field that best aligned

with the diffusion tensors at all voxels within the LV was developed. This fit-

ting method avoids eigenvector analysis and subsequent phase unwrapping of

helix angles and implicitly scales individual voxels in the objective function by

FA.
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The FE model was set up in the same way as in Section 8.2, with a parameter

field consisting of two scalar Euler (helix and imbrication) angles. However, in-

stead of evaluating the Euler angles themselves, an estimated myofibre vector

(f) was constructed from the interpolated helix and imbrication angles. There-

fore, a three-dimensional vector was fitted to the data rather than individual

scalar angular values.

The scalar objective function (∆f) to fit estimated myofibre orientations to max-

imal diffusion orientations was constructed using

∆f =
∑
v

δv (8.2)

to be maximised, where

δv = f
T
v ·Dvfv. (8.3)

At a given voxel (v), if fv and the direction of maximal diffusion were perfectly

aligned, then δv, defined as the dot product of fv with the projection of the

diffusion tensor (Dv) in the direction of fv, would be at its maximum, as the

schematic in Figure 8.5 illustrates.

Figure 8.5: Schematic of objective function values for voxels with high (left) and low

(right) FA. When FA is high, changing the estimated myofibre orientation

has greater impact on the overall objective function than for a voxel with

low FA, where the objective function may not change significantly with

different myofibre orientation estimates.
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Due to limitations of the software used (Cmgui
1), which only enables the use

of a minimisation routine, the objective function for myofibre orientations was

rewritten as a sum of squares to be minimised:

Ψf =
∑
v

(1− fTv ·Dvfv)2. (8.4)

The minimisation routine was implemented using a unconstrained Quasi-Newton

least squares method2.

Figure 8.6 shows the fitting result for a representative LV. Based on the optimal

helix and imbrication fields fitted to the diffusion tensors, the estimated myo-

fibre vectors were interpolated and plotted at each voxel location and colour-

coded by the helix angle values. The resultant microstructural orientation field

exhibited the expected smooth spatial variation throughout the LV, similar to

the fit to phase unwrapped helix angles in Figure 8.1.

Directly fitting microstructural orientation fields to the diffusion tensor has sev-

eral advantages. Diffusion occurs along an orientation and is not bound to

a direction. The objective function fits a direction to the orientation of max-

imal diffusion represented by the diffusion tensor. It does not explicitly fit to

eigenvector-derived angles and hence avoids the need for phase unwrapping

of angles.

Using this new method, individual E1, which may generally point in an ar-

bitrary direction because of low FA, do not affect the fitting substantially. The

microstructural orientation fields for a voxel with low FA remains consistent

with the neighbouring fitted orientation in this region for this voxel. The ob-

jective function implicitly weights the voxel data by their FA, as demonstrated

in Figure 8.5. Where FA is low, the objective function is not affected signific-

antly by the arbitrarily directed eigenvectors, whereas for voxels with high FA,

the objective function value decreases dramatically as the fitted orientation ap-

proaches perfect alignment with the orientation of maximal diffusion.

To quantify the ability of the new workflow to reconstruct the primary diffusion

direction, the fitted myofibre vectors were compared to E1 at each voxel location

1 CM Graphic User Interface, http://physiomeproject.org/software/opencmiss/cmgui
2 Cmgui uses Sandia’s OPT++ function LSQNLF, refer to https://software.sandia.gov/opt++
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Figure 8.6: Microstructural orientation field fitted to diffusion tensors. The fitted, in-

terpolated myofibre vector was plotted at each data point, for the whole LV

and for an equatorial slice, and the helix angles derived from this fitted field

are colour-coded according to the scale.

using the angular difference measurement defined in Equation 8.1. This is plot-

ted in Figure 8.7 (top panel), which shows a colour map for a mid-ventricular

slice. The alignment is generally good, except for some localised regions such

as at the boundary of the LV free wall, where partial-volume imaging artefacts

may lead to unreliable diffusion tensor data near the ventricular surfaces; and

in the regions where the LV and the RV intersect. Those regions correlate with

areas of low FA as demonstrated by the colour map of FA for the same slice

(Figure 8.7, bottom panel). Since voxels with low FA were weighted lower in the

objective function, the fit was optimised to more closely reproduce the eigen-

vector orientation in the region with high FA, at the expense of those regions

with comparatively low FA.

Final assessment of the overall quality of the fit to diffusion tensors is presented

in Figure 8.8, showing the overall angular differences and a histogram of the

angular differences. The median angular difference was 7◦ (interquartile range:
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Figure 8.7: Colour maps of FA, and angular difference between E1 and fitted myofibre

vector for an equatorial slice. Overall, fitting to the diffusion tensors resulted

in good agreement between fitted myofibre vectors and E1 (signified by

blue data points in upper panel). Where angular difference was high (red

highlighted areas), FA appears to be low in general. Two representative

insets show the myofibre vectors in those areas, with fitted vectors in grey

and E1 colour-coded by FA.
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4◦ to 13◦) for the whole LV. When FA was taken into account to scale the angu-

lar difference (ε, see Equation 8.1), the normalised average angular difference

(εnorm) was calculated as

εnorm =

∑
v FA× ε∑
v FA

= 7.3◦. (8.5)

The resulting normalised average angular difference indicates good agreement

between the estimated myofibre vectors and the maximum diffusion directions.

In comparison, this fit yields better agreement than the fitting to phase un-

wrapped helix angles (median: 8◦, interquartile range: 6◦ to 15◦).

Figure 8.8: Angular difference between E1 and fitted myofibre orientations for fitting to

diffusion tensors, plotted at each voxel of the whole LV (left). The histogram

of angular differences (right) shows the mode of the distribution at 7◦. 73%

of the voxels have an angular difference below 12◦.

8.4 discussion and conclusions

The new method constructs a continuous microstructural orientation field

within a FE model of the LV by directly fitting the parameters describing this

field to cardiac diffusion tensor data. This approach was motivated by issues en-

countered with the eigenanalysis of diffusion tensors that can potentially lead

to misrepresentation of the local myofibre orientation. Such misinterpretation

can have a significant impact on electrophysiological and mechanical modelling
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studies since the orientations are used to construct local microstructural ma-

terial axes to which electrophysiological, passive, and contractile constitutive

properties are referred.

The myofibre orientations estimated using this method agree well with the

standard E1 in regions with high FA, within which E1 has been shown to rep-

resent the local myofibre orientation reliably. However, in regions with low

FA, this method still defines continuously varying myofibre orientations. If the

main contributor to low FA is noise, then maintaining continuity in the micro-

structural orientation field despite low FA is an important advantage of this

new method. On the other hand, if the image quality is high in regions with

low FA, then the structural model should be carefully considered, and it may be

appropriate to take the FA data into account when constructing biomechanical

or electrophysiological constitutive models in these regions.

The framework can be extended to fitting the secondary and tertiary eigen-

vectors, too. See Appendix E for further explanations.
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In this chapter, the framework for fitting to the diffusion tensor is further ex-

tended to parameterise representations of myocardial microstructure of the LV

from multi-directional diffusion-weighted MRI directly.

When calculating the diffusion tensor, a (generally neglected) least squares fit-

ting error is introduced. This error can express how well a single second-order

tensor represents the underlying diffusion signals for a voxel: well represen-

ted by a tensor, this error is low, and the data show a clearly unique diffusion

direction. The work in this chapter aims to bypass issues arising from the in-

sufficiency of a tensor to represent the images by avoiding the step of least

squares fitting to a diffusion tensor by fitting the myofibre vector directly to the

raw diffusion image data.

9.1 shortcomings of the diffusion tensor representation

The use of least squares fitting methods for the calculation of a diffusion tensor

for each voxel leads to a generally neglected error, which expresses how well

a tensor can represent the underlying diffusion image data. Figure 9.1 shows

175
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a mid-ventricular slice extracted from the LV colour-coded by the coefficient of

determination (R2) of the least squares fit for each diffusion tensor. The data set

was, analogous to Chapter 8, case WKY2 from the Auckland rat data set (see

Sections 7.2 and 7.3 for detailed description).

For each voxel, the fitted diffusion tensors were projected back onto the original

set of j gradient directions to get a set of estimated signal intensities (Se,j). These

estimated signals, the measured signals (Sm,j), and the mean of the measured

signals (S̄m) were then used to calculate the coefficient of determination as

R2 = 1−

∑
j(Sm,j − Se,j)

2∑
j(Sm,j − S̄m)2

. (9.1)

If the data are well represented by a diffusion tensor, R2 would be close to 1,

and therefore the error in fitting a tensor to the data would be low. In Figure 9.1,

the majority data show a clear, unique apparent diffusion direction, as seen for

the blue voxels, and the inset demonstrates a data point with a high coefficient

of determination.

On the other hand, the diffusion tensor can be a poor representation of the DWI

data for some voxels. It is the case if high diffusion signals are measured along

multiple gradient directions. This is illustrated by the left inset in Figure 9.1,

where it appears that two directions were strong. Fitting one single diffusion

tensor to this set of scaled directions leads to a diffusion tensor of high isotropy,

while quantitatively, two separate diffusion tensors would represent one of the

two strong directions better.

Note that the equatorial slice shown in Figure 9.1 exhibits a row of voxels with

low coefficient of determination. This is likely due to an artefact while reading

out the data. It is not visible on colour maps of FA, as shown in the previous

chapter.

It is proposed that avoiding the intermediate step of least squares fitting of a

diffusion tensor would, therefore, be useful for understanding the accuracy of

the fitted microstructural orientation field and sensitivity to variation and noise

in the DWI data. Estimating a diffusion tensor introduces an additional error

to the fitting process, which is accounted for by fitting to the images without

prior processing.
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Figure 9.1: Suitability of representing DWI signals using a diffusion tensor, as indicated

by the coefficient of determination (R2) of the least squares tensor fit for the

whole LV and for one mid-ventricular slice. The diffusion directions were

scaled by their respective diffusion signals and plotted as vectors at two

voxels as case studies; one with a low fitting error (high R2), where the

vectors can be well represented by a diffusion tensor (blue ellipsoid), and

one with a high fitting error (low R2), where the intensities would be poorly

represented by a single ellipsoid (see red ellipsoid).
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9.2 a novel approach for fitting microstructural models to

raw diffusion signals directly

To circumvent the introduction of additional error from diffusion tensor least

squares fitting, direct parameterisation of the myofibre orientation to raw diffu-

sion signals is proposed. In contrast to the conventional method, the intermedi-

ate step of diffusion tensor calculation is not required in this process, and the

raw diffusion signals are carried through from image acquisition to the final

myofibre field fitting process.

In DWI, diffusion intensities are the highest in the gradient direction that cor-

responds the most with the preferential direction of water self-diffusion, and

the weakest for the directions orthogonal to this preferential direction. This al-

lows a new approach for determining the primary diffusion direction, which

directly works with raw diffusion intensities from DWI.

To express the amount of diffusion along the jth gradient direction (gj), a weight

(wj,v) at each voxel (v) was introduced, derived from the rearranged basic dif-

fusion equation (see Equation 6.1), as

− ln(
Sj,v

S0,v
) = γ2G2Dappj δ2(∆−

δ

3
) ≡ wj,v. (9.2)

Scaling the unit vectors gj by wj,v provided weighted direction vectors (wj,v)

that represented the magnitude of diffusion along each gradient direction given

the imaging parameters γ (the gyromagnetic ratio of protons), δ and G (the

duration and magnitude of the motion probing gradient), ∆ (the time difference

between the centres of the pair of gradient pulses), and Dj, which reflects the

molecular diffusivity under restriction in the direction of the gradient [231].

Finally, an objective function (∆f) was constructed by summing across all direc-

tions (j) within all voxels (v):

∆f =
∑
v

∑
j

(wj,v · fv)2. (9.3)

∆f is greatest when fv is aligned with the directions of wj,v with the greatest

magnitude. Cmgui was used to minimise ∆f with a Quasi-Newton least squares

minimisation routine.
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Figure 9.2 illustrates the scaling of the diffusion-weighted directions and the

construction of the objective function from projections of the scaled directions

onto the estimated myofibre vector. Note that if all directions were scaled by

equal weights as in the isotropic case, there would be no preferred diffusion

direction and the objective function value for this voxel would have no impact

on the overall objective function as it would not change irrespective of the es-

timated local myofibre orientation.

Where there is a clearly unique primary direction of diffusion at a voxel, the

objective function reaches its maximum when the estimated myofibre vector is

aligned with it. However, in case there are multiple orientations with similarly

large diffusion strengths, such as voxels with a low coefficient of determination

for diffusion tensor fitting, the objective function may have multiple maxima.

Then, the fitting procedure would select the orientation that yields the highest

objective function overall across the whole LV, e.g. the orientation that is most

consistent with the neighbouring orientations. Figure 9.3 shows two exemplary

data points, one with a single strong direction (left) and one with multiple

strong diffusion directions (right). In the latter case, the fitted model could

equally select either of these directions.

Further, it was established in Chapter 8 that eigenvectors alone are not the

most reliable representation of diffusion within the voxel, and that weighting by

FA improves fitting. This inherent weighting of the data by their anisotropy is

maintained when fitting to raw diffusion signals: in case of isotropic diffusion,

where diffusion signals are equal, the objective function value at this voxel

is not affected by the orientation of the fitted myofibre vector, as the sum of

the projections stays constant regardless. Thus, the overall objective function

implicitly places more weight on voxels with anisotropic diffusion.

The objective function for fitting to raw diffusion signals was used to fit estim-

ated myofibre vectors, which were derived from helix and imbrication angle

fields in the same way as described in Chapter 8. The input to the model con-

sisted of the 30 DWIs, the non-weighted image, and the unit vectors of the

diffusion directions, which were the same for each data point. No diffusion

tensors had to be calculated. The fitting process itself is more computationally

expensive as more operations have to be performed during each fitting iteration,



180 parameterisation of microstructure from raw diffusion images

Figure 9.2: Scaling diffusion directions by raw diffusion signals. (Top) Unit gradient

directions (left) are first scaled by the respective weights (right), elongating

or shortening them according to the amount of diffusion apparent in the

corresponding direction. (Bottom) The dot products of the scaled gradient

directions and two different trial directions are summed up to Ψ. When

the trial direction is aligned with the direction of maximum diffusion, Ψ is

maximal (right bottom panel). The myofibre vector was assumed to align

with the estimated trial direction of maximal diffusion.
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Figure 9.3: Scaled gradient directions for two voxels, one with only one strong diffusion

direction (left), and one with multiple strong diffusion directions (right).

For voxels with a single strong diffusion direction, there is a unique best

orientation. Some voxels show a rather anisotropic diffusion distribution:

here, the objective function finds two possible well-fitting directions, and the

overall fitted fields select the one of the potential directions that minimised

the objective function during the fit over the entire LV.

but all information is retained, and no least squares fitting error is introduced

apart from the objective function itself.

Figure 9.4 shows the fitting result for a representative LV model. Based on the

optimal helix and imbrication angle fields fitted to the raw diffusion signals, the

estimated myofibre vectors were interpolated and plotted at each voxel location

and colour-coded by the helix angle values. The resultant fitted myofibre vector

exhibited the expected smooth spatial variation throughout the LV, similar to

the fit to diffusion tensors.

The fitting result was compared to E1 calculated by conventional eigenanalysis

of the diffusion tensors using the angular difference from Equation 8.1. The

angular difference for a representative mid-ventricular slice is plotted in Figure

9.5 along with colour maps of the coefficient of determination and the FA for

the same voxels. In areas where FA is high, and the data can be well represen-

ted by a single diffusion tensor, the fitting result is not different from fitting to

conventional eigenvector angles or diffusion tensors, see Figure 9.6. The main

diffusion direction in those areas is uniquely identifiable, and a good fit was

achieved. In contrast, areas with a high angular difference between E1 from con-
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Figure 9.4: Myofibre vector fitted to raw diffusion signals. The fitted, interpolated myo-

fibre vector was plotted at each voxel location, for the whole LV and for an

equatorial slice, and colour-coded according to scale.

ventional eigenanalysis and the fitted myofibre vectors appear to correlate with

areas of low coefficient of determination or low FA. Where diffusion tensors

were a poor representation of the diffusion images, the objective function does

not have one single maximum, and more weight was placed on voxels with a

unique direction of primary diffusion, as illustrated in Figure 9.7.

To quantify the agreement of fitted myofibre vectors from the fitting to raw

diffusion signals, a comparison of the angular difference between E1 and fitted

myofibre vectors is not sensible for voxels for which a diffusion tensor was not

a good representation in the first place. A new measurement of goodness of fit

was proposed.

In a first step, the fitting to raw diffusion signals was performed on a voxel

basis, using the same objective function definition from Equation 9.3. However,
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Figure 9.5: Colour map of the angular difference between E1 and fitted myofibre vector

for fitting to raw diffusion signals versus colour maps of the coefficient of

determination and FA. Overall, fitting to the raw diffusion signals resulted

in good agreement between fitted myofibre vectors and E1 with the majority

of the voxels showing low angular differences. Where the angular difference

is high (red highlighted areas), the coefficient of determination (R2) tends

to be low as does FA. In areas of higher FA and R2, the angular difference

is low (blue highlighted region).
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Figure 9.6: Heatmap of angular difference between fitted myofibre vector and primary

eigenvector plotted against coefficient of determination (R2) for one exem-

plary, equatorial slice of the LV. Where the diffusion tensor was a good

representation of the diffusion (R2 high), the angular difference was low for

the majority of voxels, and the fitted myofibre orientation agreed well with

E1.
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Figure 9.7: Fitted myofibre vector field colour-coded by the coefficient of determination

for an equatorial slice of the LV. Myofibre vectors vary smoothly across the

LV wall, exhibiting the expected transmural variation. Where the coefficient

of determination is low (red regions), multiple strong diffusion directions

can be identified, as indicated by the grey-scaled, weighted diffusion gradi-

ents plotted in the inset. The model-fitted direction, shown in red, aligns

with one of the several strong diffusion directions, and was selected by the

optimiser as it agrees well with the fitted myofibre vectors of the surround-

ing voxels.
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this time, it was not summed up across all voxels, but used to find an optimal

orientation (fvoxel) that maximises

δvoxel =
∑
j

(wj,v · fvoxel)
2. (9.4)

Hence, fvoxel represents the orientation that maximised the objective function

for this particular voxel given its j weighted directions (wj,v). This orientation

is the equivalent to E1 derived through eigenanalysis, but it does not assume

that the diffusion signals can be represented by a diffusion tensor. δvoxel is the

lowest possible objective function since fvoxel is not restricted by the overall

interpolation of the Euler angles across the heart.

The same by-voxel objective function value, which is the inner of the two sums

in Equation 9.3, can be calculated for the optimal vector (fv) by

δRDS =
∑
j

(wj,v · fv)2. (9.5)

δRDS is higher in value than δvoxel as the orientations of fv are restricted by the

interpolation scheme.

Both by-voxel objective functions can then be used to calculate their difference,

which expresses the goodness of fit as

χRDS =
δvoxel − δRDS

δvoxel
× 100 [%]. (9.6)

χRDS is a percentage difference, and the lower the value, the better the fit.

Table 9.1 presents the median goodness of fit and interquartile range for the

fitting to raw diffusion signals, as well as the equivalent values for fitting to

diffusion tensors and phase unwrapped helix angles to allow for comparison.

Fitting to raw diffusion signals yields lower objective function values in com-

parison to the other two fitting methods (phase unwrapped helix angles and

diffusion tensor fitting), as suggested by the lower percentage difference to the

lowest possible objective function (δvoxel).
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Table 9.1: Goodness-of-fit (χ) for microstructural orientation field fitting to raw diffu-

sion signals (RDS), diffusion tensors (D), and phase unwrapped helix angles

(PUHA) in %.

RDS D PUHA

Median 0.42 0.52 1.01

10% percentile 0.04 0.06 0.15

25% percentile 0.13 0.17 0.4

75% percentile 1.5 1.71 2.39

90% percentile 4.58 4.97 5.36

9.3 surrogate estimate of fractional anisotropy from raw dif-

fusion signals

By avoiding the calculation of a diffusion tensor, the conventional estimate of

FA from the eigenvalues of the diffusion tensor is not available. FA describes

how much the ellipsoid associated with a diffusion tensor differs from a sphere.

An equivalent index, the raw diffusion-weighted fractional anisotropy (rdsFA),

was proposed, which expresses the anisotropy of the diffusion for a voxel using

the diffusion signals. The formulation is similar to Equation 6.14 proposed by

Basser and Pierpaoli [124], but calculated as

rdsFA =

√
d

d− 1

∑
j(wj − w̄)

2∑
jw

2
j

, (9.7)

where d is the number of directions and

w̄ =
1

d

∑
j

wj. (9.8)

This enabled a comparison of the relative anisotropy between voxels without

the need to compute diffusion tensors. The correlation between FA and rdsFA

was found to be strongly linear (R2 = 0.998, p < 0.001, slope of linear regression:

rdsFA = 0.5× FA). Colour maps of FA and rdsFA are almost identical when the

colour spectrum is adjusted for generally lower rdsFA values, see Figure 9.8.
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Figure 9.8: Colour maps of traditional FA (left) and rdsFA (right), colour-coded accord-

ing to respective scale.

9.4 discussion and conclusions

A novel method was developed to parameterise a continuous myocardial micro-

structure orientation field throughout a FE model of the LV by directly fitting

to raw diffusion signals acquired by DWI.

The method circumvents issues associated with the eigenanalysis of diffusion

tensors that can potentially lead to misrepresentation of the local myofibre ori-

entation. These disadvantages can have a significant impact on electrophysiolo-

gical and mechanical modelling studies as they affect the description of the

electrical, contractile, and passive mechanical constitutive properties of the tis-

sue. The new method does not assume the diffusion to be best represented by a

tensor, and thus avoids the loss of information associated with the least squares

fit of the diffusion tensor. The fitting error therefore only involves one fitting

process instead of two by eliminating the intermediate step of least squares

fitting of the diffusion tensor and does not require computation of diffusion

tensors.
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The diffusion gradient directions are evenly distributed in a hemisphere and

cover the whole diffusion sampling space. This uniform distribution is a re-

quirement for this method. If the gradients are not distributed in this manner

or if individual gradients were missing, an isotropic voxel would be biased to-

wards anisotropy. This is because a missing gradient direction would indicate

non-existing diffusion in this direction.

The objective function captures microstructural features that are not well repres-

ented by a diffusion tensor. It handles crossing myofibres by tolerating multiple

potential preferred orientations within a single voxel, and also allows the rep-

resentation of tissue isotropy (where there is no preferred direction) as may be

found in regions of myofibre disarray.

Myofibre orientations, estimated using this method, agree well with the con-

ventional method of fitting microstructural orientation fields to E1 for regions

of high FA, within which E1 has been shown to represent the local myofibre

orientation reliably. In regions of low FA, this method provides continuously

varying myofibre orientations that more closely represent primary diffusion

orientations in neighbouring regions with a greater degree of anisotropic diffu-

sion. If the main contributor to low FA is noise, then maintaining continuity in

the myofibre orientation field despite low FA is an important advantage.

Comparing to E1 is not sensible for voxels for which the diffusion tensor was

not a good representation of diffusion in the first place. Estimating the optimal

orientation on a per-voxel basis (see Equation 9.4) is one way to address this,

but simulation work with synthetic data would add a lot of insight.

The results suggest that fitting to the raw diffusion signals gives a better model-

based representation of the underlying structure than fitting to E1 of diffusion

tensors because the objective function implicitly accounts for variations in FA.
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The estimation of intrinsic myocardial stiffness is sensitive to the model repres-

entation of microstructural orientations as well as other input variables such

as LV geometry, loading conditions, and kinematic constraints. To investigate

the impact that variations in microstructural orientations have on LV passive

and contractile mechanics, the variation within the microstructural orientation

fields needs to be quantified. The variation can then be propagated to the model

of cardiac mechanics to assess its sensitivity to microstructural orientations.

In this chapter, a region of indifference was computed for a subset of micro-

structural orientation fields that were parameterised to fit high-resolution DWI

of a canine heart. Parameters that lie within this region of indifference yield

equally acceptable goodness-of-fits of the field to the DWI data.

The region of indifference was analysed to extract the directions of least and

greatest sensitivity of the objective function for fitting microstructural orient-

ation fields to DWI data with respect to the microstructural orientation field

parameters. A set of helix angle fields was created which represents the helix

angle field parameters that span the indifference region so that each field of

this set is a perturbation away from the optimal helix angle field.

The resulting set of helix angle fields was used to describe the microstructure

for mechanics simulations of LV passive inflation and active contraction of the

canine heart. The effect of this variation in the microstructural orientation fields

on global indices of ventricular mechanics was then quantified. The chapter

concludes with a discussion of these LV mechanics simulations.

191
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10.1 motivation

Microstructural orientations in the heart have a significant impact on its elec-

trical and mechanical behaviour [19–21], and are a vital input for passive and

contractile mechanics simulations. Systolic function is dependent on the timing

of electrical activation, oxygen supply, mechanical loading, contractile proper-

ties, and myocyte orientations within the myocardial wall [308]. Myocyte ori-

entations also contribute to passive function, as they determine the anisotropic

behaviour of the myocardium. Therefore, estimates of the myocardial mechan-

ical properties are greatly dependent on the structural and functional input

data [22].

The construction of personalised cardiac models is subject to uncertainty. There

are several types of uncertainty: 1) measurement accuracy; 2) the inability of

DWI to capture the exact microstructural orientations; 3) error in the paramet-

erisation of the microstructural orientation field; and 4) error in the geometric

model when fitting to clinical or experimental data. The uncertainty in data

or models affects the identifiability of parameters, such that multiple solutions

with an equal goodness-of-fit to the data may be found [309]. The error in fitting

a microstructural orientation field to DWI data is propagated to the mechanical

models, which use the microstructural orientation field to prescribe the axes of

anisotropic mechanical response.

Changes in the transmural gradient of helix angles have been found to have

a greater influence on the diastolic filling behaviour of the LV than changes

to the material properties [310]. Ubbink et al. [280] found that the estimation

of shear strain and its course over time was sensitive to the choice of myo-

fibre orientations. In a study that investigated the sensitivity of myofibre strain

to the variation in helix angles, Wang et al. [311] saw that the estimation of

myofibre strain was more sensitive to the variation of the myofibre orientation

between subjects than to the variation amongst deformation fields. Molléro et

al. [23] generated a myofibre atlas using principal component analysis across

ten healthy human hearts, and explored the variability in estimated electrical

and mechanical properties using three principal modes of variation in myofibre
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orientation. They showed differences in the resultant ED strains between the

three modes. Their approach quantifies the inter-subject variability of myofibre

orientations, but it does not estimate the variability within a single dataset,

which is the aim of this work. Geerts et al. [308] varied model-based helix

angles gradients and the LV geometry to observe changes in the pumping func-

tion of the heart. Their results indicated that the variations in geometry at the

level that is typically observed in humans affects the transmural distribution

of myofibre stress and shortening at the equatorial level to the same extent as

variations in helix angles.

All of those studies highlight the role that myofibre orientations play in mechan-

ics analysis. Quantifying the uncertainty in the microstructural orientation field

allows examination of the sensitivity of cardiac mechanics predictions to this

uncertainty. In the following, the sensitivity of the parameterisation of the mi-

crostructural orientation field to the DWI data is investigated. Then, the effects

that the variations in the helix angle parameters had on passive and contractile

mechanics predictions were studied.

10.2 indifference of microstructural orientation parameters

The model-based parameterisation frameworks introduced in Chapters 8 and 9

aim to determine a unique set of microstructural orientation field parameters

that best represents the DWI data. The presence of uncertainty such as ima-

ging noise, however, leads to a range of valid field parameters that produce

an equally acceptable goodness-of-fit. One scenario in which a flat parameter

space may be encountered could be a dataset with large regions of low FA,

in which a manifold of microstructural orientation field parameters may yield

equally good fits to the DWI data.

For parameterisations of microstructural orientations from DWI, the optimal

objective function value (Ψθ̂θθ) indicates how closely the microstructural orienta-

tion field defined by the optimal set of nodal parameters (θ̂θθ) fits the diffusion
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tensors or the raw diffusion signals across all voxels. Hence, the indifference

region can be based on contours of Ψ(θθθ) [312], which are given by

Ψ(θθθ) = ∆+Ψθ̂θθ (∆ > 0). (10.1)

The region of indifference is, therefore, defined by adding an offset value (∆) to

the residual objective function. Any parameter set within this region of indiffer-

ence increases the objective function by less than the offset value.

Non-linear objective functions are usually linearly approximated, so that the

contours at the indifference level are of a quadratic form and results in two-

dimensional ellipses for fitting problems involving just two parameters, and

three-dimensional ellipsoids for fits with three parameters. If the objective func-

tion is non-linear, the approximation of the objective function is only valid for

small perturbations in the local neighbourhood of the optimal point, i.e. (θθθ− θ̂θθ),

and can be derived by second-order series expansion [313] as

Ψ(θθθ) ≈ Ψθ̂θθ +
∂Ψ

∂θθθ
(θθθ− θ̂θθ) +

1

2
(θθθ− θ̂θθ)THHHθ̂θθ(θθθ− θ̂θθ). (10.2)

The first-order term, which is the first derivative, is 0 at the minimum and was

omitted. The Hessian matrix (HHHθ̂θθ) is the second-order derivative evaluated at

the optimum as

HHHθ̂θθ =



∂2Ψ

∂θ21

∂2Ψ

∂θ1 ∂θ2
· · · ∂2Ψ

∂θ1 ∂θn

∂2Ψ

∂θ2 ∂θ1

∂2Ψ

∂θ22
· · · ∂2Ψ

∂θ2 ∂θn

...
...

. . .
...

∂2Ψ

∂θn ∂θ1

∂2Ψ

∂θn ∂θ2
· · · ∂2Ψ

∂θ2n


. (10.3)

From Equations 10.1 and 10.2 follows

(θθθ− θ̂θθ)THHHθ̂θθ(θθθ− θ̂̂θ̂θ) = 2×∆, (10.4)

so that the Hessian matrix can be scaled by

H̃HHθ̂θθ =
HHHθ̂θθ
2×∆

. (10.5)
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The scaling of the Hessian allows for representation of the region of indifference

without further adjustments. The inverse CCCθ̂θθ of the scaled Hessian

CCCθ̂θθ = H̃HH
−1
θ̂θθ (10.6)

is decomposed using eigenanalysis. The eigenvectors (eeei) and eigenvalues (λi)

of CCCθ̂ represent the region of indifference. In the two parameter example, the

eigenvectors correspond to the principal axes of an ellipse, while the square

roots of the eigenvalues express the extent of the indifference region along

these axes, but the approach generalises to a n-dimensional hyper-ellipsoid

when considering a field of n parameters. The contour of the approximated

indifference region can, hence, be constructed using the eigenvectors scaled by

the square roots of the eigenvalues. A parameter set (θθθi) along the ith principal

axis, defined by the eigenvector (eeei), corresponds to an objective function value

at the indifference level when

θθθi = θ̂θθ± eeei ×
√
λi (no summation over i). (10.7)

Using Equations 10.7, a set of microstructural orientation fields can be con-

structed such that the optimal helix angle field is accompanied by fields of

perturbed parameters away from that optimum, defined by the region of indif-

ference. The primary eigenvector describes the direction in which the objective

function is least sensitive to changes in the parameters, and the primary eigen-

value describes how much the optimal field can be perturbed along the primary

eigenvector before the objective function changes by more than ∆.

This set of fields can then be used to investigate the sensitivity of mechan-

ics solutions to variation in the microstructural orientation fields, which had

equally good fits to the DWI data.

10.3 dataset and initial optimisation of helix angle field

Microstructural orientation field fitting and subsequent sensitivity analyses

were performed on a dataset of a canine heart provided by researchers from

the Johns Hopkins University, which included LV pressure measurement, cine
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MRI, and DWI [304]. The study was approved by the local Institutional Review

Boards and conformed to the Guide for the Care and Use of Laboratory Animals

published by the National Institute of Health (NIH publication No. 85–23, re-

vised 1985). For the purpose of this work, only one of the five animals (animal

0912) was used.

The animal underwent in vivo cine MRI tagging in a General Electric 1.5 T

CV/i scanner with a 4-element phased array knee coil, and was anaesthetised

during the scan. The animal was equipped with a right atrial pacing electrode,

used for monitoring heart rate and pacing the cardiac motion. A stack of 12

short-axis slices with 60 time frames was acquired using the 3D fast gradient

echo pulse sequence with the following parameters: 180 mm × 180 mm ×

128 mm–160 mm field of view, 384 × 128 × 32 acquisition matrix, 12
◦ imaging

flip angle, ± 62.5 kHz bandwidth, TE/TR = 3.4 ms/8.0 ms, and 5 mm slice

thickness. A second set of 12 longitudinal images, oriented radially about the

long-axis, were acquired using a 2D fast- gradient echo pulse sequence with

the parameters: 200 mm × 200 mm × 8 mm field of view, 256 × 128 acquisition

matrix, 12
◦imaging flip angle, ±31.25 kHz bandwidth, TE/TR = 3.2 ms/8.0 ms.

After the in vivo scan, the heart was excised and fixed in the ED configuration.

DWI was performed using a 3D fast-spin echo sequence, with the following

parameters: 100 mm × 100 mm × 86.4 mm field of view, 128 × 128 × 96 acquis-

ition matrix resulting in 780 µm × 780 µm × 900 µm voxels, TR/TE (multiple-

echo readout) = 600 ms / (62 ms and 72 ms). For more details on the imaging

method, refer to [304] and [145].

The pressure data were averaged from three sets of pressure traces measured

during the acquisitions of short-axis horizontal tagging, short-axis vertical tag-

ging, and long-axis horizontal tagging. Care was taken to temporally align the

pressure data before averaging. More information on the preprocessing of the

pressure data can be found in [145].

In order to construct a mechanics model with microstructural orientation fields

that span the indifference region, the same geometric model and raw DWI data

presented in [145] were used. Briefly, raw DWI data of every fourth slice of

the original high-resolution dataset were analysed to be consistent with the
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previous study and to reduce computational time. The same geometric trans-

formation model described in [145] was used here to deal with the geometric

difference between cine MRI and DWI. The DWI data slices, embedded in the

geometric model, are shown in Figure 10.1.

Figure 10.1: Free wall view of the geometric LV FE model of a canine heart with fitted

myofibre vectors embedded (left). Equatorial short-axis slice with primary

eigenvectors (grey) and fitted myofibre orientations (right), colour-coded

by helix angles according to scale.

Myofibre field fitting was performed according to the method described in

Chapter 8, defining the objective function (Ψ) according to Equation 8.4. The mi-

crostructural orientation field was simplified to a trilinear interpolation scheme

of helix angles to reduce the number of parameters significantly (34 instead of

272 fitting parameters). Imbrication Euler angles were assumed to be 0◦, given

that the majority of imbrication angles calculated for this DWI dataset was

found to be within the measurement error [145]. Sheetlet Euler angles were

set to 0◦ and not fitted since the objective function only contains information

on myofibre orientations. The reduction from tricubic-Hermite to trilinear in-

terpolation was justified by the small increase in the objective function from

Ψ = 0.0731 for cubic-Hermite interpolation to Ψ = 0.0754 for the linear interpol-

ation scheme.
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The optimal helix angle field is the starting point of the workflow to calculate

the region of indifference and to construct the perturbed fields, as presented in

the following section.

10.4 creation of perturbed myofibre models

Figure 10.2 illustrates the workflow to assess the sensitivity of the mechan-

ics simulations to perturbations of the microstructural orientation field. The

optimal helix angle field parameters for the DWI data were found using the

methods presented in Section 8.3. The Hessian matrix at the optimal point was

estimated numerically using the central differences method. The step size for

the Hessian evaluation (1× 10−4) and the optimisation step size (1× 10−6) were

chosen through convergence analysis (data not shown). After the Hessian was

scaled using Equation 10.5, eigenanalysis of the inverse of the scaled Hessian

was performed to compute the perturbations that represent the region of indif-

ference. The optimal field and the chosen perturbations were used to investig-

ate the effect of variations in microstructural orientation fields on passive and

contractile mechanics.

The workflow to estimate sensitivity was implemented in Python using the

NLopt
1 library (with optimisation algorithm LN_COBYLA), which called Cmgui

to evaluate the objective function value. The optimisation was bound constraint

to helix angles ranging between −180◦ and 180◦, with a maximum numbers of

100 function evaluations, and a relative function tolerance of 1× 10−6.

An estimate of the intrinsic myocardial stiffness index (C1) was determined us-

ing the optimal helix angle field. Subsequently, a series of forward simulations

of passive inflation was performed using the perturbed helix angle fields.

1 nlopt.readthedocs.io
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Figure 10.2: Overview of the workflow to compute the perturbations corresponding

to the variation in helix angle parameters from DWI data to assess the

sensitivity of cardiac mechanics prediction of LV contraction and inflation

with respect to the uncertainty in the microstructural orientation field.
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Similar strategies were adopted for LV contraction simulations. The transient of

contractile tension during systole was estimated using the optimal helix angle

field. This active transient was then used to prescribe the contraction during for-

ward simulations with perturbed helix angle fields, to examine the differences

in model predicted geometry at end-systole (ES).

For illustrative purposes, a simplified helix angle field was fitted first, which

considers only two parameters: one for all collective endocardial nodes, and one

for all epicardial helix angles. In Figure 10.3, the parameter space in the local

neighbourhood of the optimum is depicted, including a region of indifference

and the two perturbations along the primary and secondary eigenvectors of

the inverse of the Hessian matrix. In this illustration, the green and the orange

lines represent the primary and secondary direction of variation, respectively,

and amount of perturbation derived from eigenanalysis, while the red contour

line represents the region of indifference.

Figure 10.3: Illustration of a region of indifference for the simplified two parameter

model. In this problem, only two parameters (endocardial and epicardial

helix angles) were fitted to find the optimal set of parameters (θ̂θθ, red

marker). The objective function is plotted as a surface intercepting the

threshold value Ψ + ∆ (red contour), together with the primary (green)

and secondary (orange) perturbations.
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The same concept was applied to the full LV FE model with 34 nodes, where

each nodal helix angle was fitted separately, but the region of indifference was

of higher dimension and cannot be illustrated easily. For this study, the bound-

ary of the region of indifference was chosen so that the average difference in

helix angles between the optimal field and the perturbed field, interpolated at

each data point, was between 7-8◦. This corresponds to a threshold value of

∆ = 0.0058 in the objective function of each perturbation (i.e. Ψ = 0.0754 for the

optimal field and Ψ = 0.0812 for all perturbations). Those values were chosen

arbitrarily, but were based on the reported accuracy of ex vivo DWI measure-

ments [308].

The first principal axis (the primary eigenvector) of the inverse of the Hessian

matrix indicates the direction of least sensitivity (maximal indifference) of the

objective function with respect to the parameters; the eigenvector associated

with the smallest eigenvalue corresponds to the direction of greatest sensitivity.

While the main interest lies in the perturbations for which the objective function

is least sensitive, it is interesting to also investigate the parameter perturbation

corresponding to greatest sensitivity. Hence, the five directions of least sensitiv-

ity, as well as the direction of highest sensitivity, were analysed.

The optimal helix angle field is illustrated in Figure 10.6, alongside a histogram

in which the helix angles were evenly divided into endocardial, epicardial, and

midwall layers using their respective transmural FE coordinate ξ3. At the en-

docardial surface, ξ3 = 0, and at the epicardial surface, ξ3 = 1. Figures 10.7,

10.8, and 10.9 present the six perturbations studied here. For each field, the

perturbation (the helix angle difference applied to the optimal field to compute

the perturbed field) is shown, accompanied by the optimal helix angle field res-

ulting from this perturbation, and the histogram of helix angles. Additionally,

a histogram of the difference in the interpolated helix angle at each voxel was

plotted to illustrate the change in helix angles due to the perturbation.

This analysis led to a number of interesting observations. For the five least

sensitive perturbations, a chequerboard pattern emerges (e.g. compare the blue-

to-green illustrations in Figure 10.4). It appears that, if the helix angle is in-

creased at one node, this increase is counterbalanced by the opposite node.

This is equally true longitudinally as well as radially. At the same time, the
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amount of angular difference is close to ±110◦ at individual nodes (see annot-

ated nodal parameter values in Figure 10.4), which is a much more significant

difference than what is seen on average at each voxel. The nodal values can be

perturbed much more dramatically because the objective function is evaluated

at the voxels, where the difference between interpolated helix angles derived

from the optimal and the perturbed field is less pronounced. An example of this

behaviour is given in Figure 10.5. In that sense, large changes in helix angles

parameters at one node is counterbalanced by the neighbouring node, and the

interpolated helix angle values at a slice in between the two nodes may hardly

change.

Figure 10.4: Illustration of differences between optimal and perturbed field for an ex-

ample perturbation. The helix angle field parameters changed up to 110◦

at nodes (left illustration of the LV model), while the angular difference

between the optimal field and the perturbed field, interpolated at the data

points, averages to 7− 8◦ (colour maps to the right). The slice close to the

basal nodes shows stark differences in interpolated helix angles due to

the perturbation, while the lower slice illustrates the small changes due

counterbalancing of nodes.
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Figure 10.5: Illustration of differences between optimal and perturbed field for an ex-

emplary region. Shown are the interpolated myofibre vectors derived from

either the optimal (left) or perturbed (right) field, colour-coded according

to the rainbow scale by the angular difference between the strongest diffu-

sion direction (grey) and the interpolated myofibre vector. The increase in

the angular difference varies across the element, as indicated by the stark

differences at the top slices in comparison to the bottom ones.
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Note that all perturbations yield the same goodness-of-fit (Ψ = 0.0812) by defin-

ition, as they span the region of indifference. However, the average angular

difference at each voxel between the interpolated helix angles derived from the

optimal and the perturbed fields varies. For example, the interpolated helix

angles at each voxel derived from the least sensitive perturbed field are lower

than the ones derived from the most sensitive (90
th percentile: 15.0◦ for pertur-

bation 1
+ and 17.7◦ for perturbation 34

+). The most sensitive perturbation is

substantially different such that it is an almost constant offset in helix angles for

all nodes. The magnitudes of nodal helix angle differences appear to be much

smaller in this most sensitive perturbation in comparison to the wildly varying

nodal helix angles parameters in the five least sensitive perturbations.

Figure 10.6: (A) The optimal helix angle field shown as a surface colour-coded accord-

ing to scale. (B) A histogram of helix angles divided into layers. The FE

coordinate ξ3 (wall depth) was used to assign each voxel and its interpol-

ated helix angle to one of the three layers: 0 < ξ3 6 0.33 as endocardium,

0.33 < ξ3 6 0.66 as midwall, and 0.66 < ξ3 6 1 as epicardium.



10.4 creation of perturbed myofibre models 205

Figure 10.7: The first (top panels) and second (bottom panels) least sensitive perturba-

tions in helix angle fields at the border of the indifference region of the

helix angle fit objective function. Also shown are the histograms of en-

docardial, midwall and epicardial helix angles. The blue-to-green colour

maps illustrate the difference between the respective perturbation and the

optimal field. The differences in helix angle derived from optimal and per-

turbed fields at each voxel are shown as a histogram in grey. Each pertur-

bation was added (+) and subtracted (-) from the optimal helix angle field

to generate the perturbed fields (blue-to-red) and coloured histograms.
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Figure 10.8: The third (top panels) and fourth (bottom panels) perturbations represent-

ing the helix angle fields at the region of indifference and histograms of

endocardial, midwall, and epicardial helix angles. See Figure 10.7 caption

for details.
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Figure 10.9: The fifth (top panels) and 34th (most sensitive, bottom panels) perturba-

tions representing the helix angle fields at the region of indifference and

histograms of endocardial, midwall, and epicardial helix angles. See Figure

10.7 caption for details.
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10.5 sensitivity of left ventricular inflation to indifferent

perturbations of the myofibre field

The following section focusses on the effects that perturbations in helix angle

fields have on predictions of LV inflation.

For this study, two different sets of constitutive parameters were used, which

are presented in Table 10.1. One set of parameters was based on the subject-

specific parameters, estimated in [145] for this particular animal, while the other

set was estimated in a combined optimisation that took all five animals of the

original study of canine hearts into account. The subject-specific parameter set

represents a greater degree of tissue anisotropy than the combined-optimised

parameter set, as the non-linearity parameter along the myofibre axis, expressed

by C2, is much higher in comparison to the other parameters C3 and C4. The

optimal C1 was refitted for each of the two parameter sets using the framework

described in Chapter 4.

Table 10.1: Subject-specific or combined-optimised passive material parameters for the

Guccione transversely isotropic passive constitutive model. For both data-

sets, C2-C4 were taken from a previous study [145], and C1 (kPa) was refit-

ted here. Mean squared projection error (MSE) in mm2.

C2 C3 C4
Estimated

C1
MSE

Subject-specific 32.2 1.8 3.2 2.23 3.9

Combined-optimised 8.6 3.7 25.8 1.95 3.5

Simulations of passive inflation using these two sets of optimal passive material

parameters were performed for each of the six perturbations in the helix angle

fields. This required a total of 26 simulations: two initial optimisations of C1

using the optimal helix angle field plus 12 simulations using each of the six

perturbations with the subject-specific material parameters, and 12 simulations

using each perturbation with the combined-optimised material parameters.
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To assess differences in LV mechanics between the different helix angle fields

and parameter sets, a series of global cardiac indices was analysed. With refer-

ence to Table 10.2, five indices of LV deformation were examined. The defini-

tions in the table are standardised indices for the contractile portion of the car-

diac cycle and usually compare the geometries at ED and ES. Here, the indices

were generalised to reference and deformed models to enable also the comparison

of geometries for the passive portion of the cardiac cycle.

Average wall thickness (AWT) was measured at equatorial locations of the LV

model, where endocardial radii were subtracted from epicardial radii to calcu-

late wall thickness. For the calculation of fractional shortening in the short-axis

plane, the average diameters (d) of the LV cavity at the equator were considered.

Average apex-to-base length (l) was calculated from the long-axis coordinate of

the endocardial, apical node to the mean long-axis coordinates of the basal

endocardial nodes. For the torsional shear angle (θCL), the rotation angles of

an apical and basal short-axis plane were taken into account, as well as the

longitudinal distance between the locations at which the rotation angles were

measured, and the average radii in those planes at the reference model.

It is worthwhile mentioning that the LV deformation measured during diastolic

inflation was small because the canine heart was paced above the normal heart

rate, which seems to have abbreviated diastolic filling. Consequently, the de-

formations from DS to ED were small for all perturbations and both material

parameter sets. Figure 10.10 illustrates the effects that the perturbations had on

the cardiac indices.

The first observation was that the models with the combined-optimised para-

meter set were much less sensitive to perturbations in the helix angle fields.

This was especially obvious for shortening in the short-axis plane, where there

is almost no spread in values. As indicated above, this was expected since the

combined-optimised material parameters are more isotropic, and hence less

sensitive to differences in the microstructural orientation. This indicates that

for passive inflation, the inherent passive anisotropy is more important than

the representation of the microstructural orientation. Since the spread for the

models using the combined-optimised passive parameters was so tight, the set

of combined-optimised material parameters was no longer considered in the
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Table 10.2: Global cardiac indices used to compare LV mechanics predictions. For pass-

ive inflation: reference (ref) model at diastasis (DS), deformed (def) model at

end-diastole (ED). For contraction: reference model at ED, deformed model

at end-systole (ES). It should be noted that, for passive inflation, these in-

dices are negative as LV inflates and untwists.

Cardiac Index Description Equation

Average wall

thickening (AWT) [%]

Change in average wall

thickness (WT) at the

equator from reference to

deformed model

AWT =
WTdef−WTref

WTref

Average fractional

shortening in the

short-axis plane

(AFSS) [%]

Change in average LV

diameter (d) at the equator

between reference and

deformed model

AFSS =
dref−ddef

dref

Average fractional

longitudinal

shortening (AFLS) [%]

Change in average LV

length from apex to base (l)

between reference and

deformed model

AFLS =
lref−ldef

lref

Stroke (SV)/inflation

(IV) volume [mL]

The volume of blood (V)

ejected by the LV during

contraction

SV = VED − VES

IV = VED − VDS

Average torsional

shear angle (ATSA)

[◦]

Averaged rotation in

short-axis plane at LV apex

(θapex) relative to LV base

(θbase), multiplied by

average radii at base

(rref,base) and apex (rref,apex),

and normalised by distance

between planes (Dref) of the

reference model

ATSA =
(θapex−θbase)(rref,apex−rref,base)

2×Dref
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Figure 10.10: Cardiac indices for the optimal helix angle field and the perturbations,

comparing both the (subject-)specific and the combined(-optimised) ma-

terial parameters. For definition of these indices, refer to Table 10.2. Lon-

gitudinal and shortening in the short-axis plane, as well as wall thick-

ening, were defined with the contracting LV in mind. Here, they appear

negative, as the LV lengthens and the wall thins during inflation.
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following work, and all following results are with respect to the subject-specific

parameters.

For the optimal helix angle fields, the torsional shear angle was −0.5◦. The LV

lengthened by 1.3% longitudinally and by 3.7% in the short-axis plane. The

wall thinned by 6.4% and the volume increased by 3.2 mL from the original DS

volume of 25.8 mL.

The most sensitive perturbation, either added (34
+) or subtracted (34

−), ap-

peared to have the greatest effect on the cardiac mechanics indices. The other

perturbations yielded very similar results to using the optimal helix angle field,

especially for wall thickening and short-axis shortening. This is not surprising,

as the perturbations 34
+ and 34

− were distinctive from the first five such that

in these perturbations, helix angles are almost homogeneously shifted towards

steeper endocardial (34
−) or steeper epicardial (34

+) angles. The first five per-

turbations exhibited the previously mentioned, heterogeneous chequerboard

pattern, which may not result in consistent enough helix angle field changes

to give rise to different ED geometries. It is still remarkable, however, that

the most sensitive perturbation had so much more impact on the geometry

of the predicted inflated model, since all perturbations yielded the same object-

ive function value after the DWI data fitting as they lie on the contour of the

indifference region.

Assessing the magnitudes of the indices can be misleading. In fact, torsion

was the only measurement in which substantial relative differences between the

optimal helix angle field and the perturbations could be observed. The abso-

lute torsional shear angle achieved by perturbation 34
− was almost three times

greater the angle for the optimal field. For other indices, the relative difference

from the optimal helix angle field did not generally exceed 10%. Exceptions

to this were stroke volume (34
− about 15% higher) and wall thickening (15%

higher in 34
− and 12% lower in 34

+), and the 27% relative difference for 34
− in

shortening in the short-axis plane.

Figure 10.11 highlights how small the differences in geometries were. The geo-

metries coincided remarkably, regardless of the perturbed helix angle field used.

Indeed, only in the geometry belonging to perturbation 34
− (green), which had
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the greatest effect on torsion, can a subtle, anti-clockwise twist at the mid-layer

nodes be observed.

The aim of this study was to investigate the effects that perturbations in helix

angle fields have on mechanics predictions and material parameter estimation.

It was interesting to observe very small effects on predicted ED geometries only,

suggesting that the estimated constitutive parameters are largely unaffected.

Another reason why the material parameters may be insensitive to the helix

angle perturbations is the fact that torsion cannot be captured by the object-

ive function for parameter estimation, as it uses projected surface point errors

without material point tracking.

The sensitivity analysis was further extended to include simulation of LV con-

traction.

10.6 sensitivity of left ventricular contraction to indiffer-

ent perturbations of the myofibre field

The framework for contractile tension estimation builds on the passive para-

meter estimation, in that the model predictions are matched to the geometric

models derived from cine MRI during systole. The contractile mechanical prop-

erties of the myocardium were described by the steady-state Hunter-

McCulloch-ter Keurs active tension constitutive model [314], which states

that

Ta = TCa × [1+β(λ− 1)], (10.8)

where Ta is the second Piola-Kirchhoff active stress produced along the myo-

fibre axis within the tissue, TCa is the contractile tension associated with cal-

cium release from the sarcoplasmic reticulum at resting sarcomere length, β

is the myocardial length-dependence parameter, and λ quantifies the myofibre

extension ratio.

By assuming that LV contraction could be treated as a quasi-static series of time

frames, the TCa parameter was optimised at every frame throughout the systolic

phase to estimate a transient of contractile tension. The optimal helix angle field
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Figure 10.11: Views of LV geometric models at end-diastole (ED) predicted through for-

ward simulations of passive inflation from diastasis (DS) to ED, using the

optimal and the perturbed helix angle fields. The ED geometric models

using the optimal helix angle fields are shown in silver. Illustrated are

models using the combined-optimised material parameters (top), and the

subject-specific material parameters (bottom). Parameter sets are listed in

Table 10.2.
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was used to prescribe microstructural orientations. The β parameter was set to

β = 1.45 according to the fitting done in [314]. The combined-optimised passive

material parameter set was no longer considered, as the isotropic nature of

those parameters led to very small kinematic changes in the passive inflation

simulations.

The estimated TCa transient during systole is illustrated in Figure 10.12 along

with the recorded pressure trace during systole, and the cavity volume derived

from the geometric LV FE models. TCa increased rapidly (isovolumic contrac-

tion), and continued to increase during ejection before recovering at a slower

rate during isovolumic relaxation.

It was noted that the simulated ES model exhibited a swing of the apex to-

wards the septum away from the LV free wall. This behaviour was seen in a

previous study [145]. Upon further examination, it was found to be a feature of

the helix angle field derived from the DWI, as the DWI helix angles were less

vertically oriented than histological measurements of helix angles [145]. More

vertically oriented myofibre orientations give rise to a greater degree of lon-

gitudinal shortening during contraction. Figure 10.13 shows the anterior and

septal views of the ED and ES models.

Following the optimisation of the TCa transient using the optimal helix angle

field, active contraction was simulated using the six perturbed helix angle fields.

The ED models previously predicted in passive inflation simulations served as

the initial frame for LV contraction, and hence, each simulation starts from a

slightly different geometric configuration. The ES models were then assessed

for differences due to the perturbed helix angle fields, as all other loading and

boundary conditions and tissue parameters were kept unchanged across the

forward simulations. The deformed geometries at ES are shown in Figure 10.14.

Figure 10.15 shows the same cardiac indices that were assessed for passive

inflation.

Torsion proved to be rather sensitive to the myofibre orientations, as already

seen in the passive inflation. Perturbation 4
− was 55% (5.3◦) higher than the

optimal model’s torsional shear angle at 3.4◦, and the most sensitive perturba-

tion (34
+), increased torsion by 117% or 7.4◦. Strikingly, for perturbation 34

−,
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Figure 10.12: Estimated TCa transient (top panel), optimised at each frame. LV cavity

volume (grey) and LV pressure (lighter blue) during systole, using the

subject-specific material parameters (bottom panel).
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Figure 10.13: Anterior (left) and septal (right) views of the simulated LV model at

ED (silver) and ES (cyan), using the optimal helix angle field and the

subject-specific material parameters. The apex appears to swing towards

the septum away from the free wall, which is due to the underlying DWI

data set. Shown here is the deformed geometry using the unperturbed

helix angles, as opposed to the model predictions using the perturbed

helix angle fields.
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the negative torsional shear angle indicated that this particular model twisted

in the opposite direction to what is expected. Physiologically, this is not a sens-

ible outcome. Wall thickening was the other index in which large variations in

deformations due to the changes in the helix angle fields were seen. Apart from

perturbations 3
− and 34

+, all other perturbations led to less wall thickening, to

the extreme of perturbation 34
− with 56% less wall thickening compared to

the optimal helix angle fields (5.3% instead of 11.9%). The other three indices,

shortening in the short-axis plane, longitudinal shortening, and stroke volume,

were limited to about 15% change from the optimal model to the perturbations.

Again, perturbation 34
− had the greatest impact on geometry.

The reasons for the observed differences in wall thickening and torsion, and

especially the unphysiological torsion seen in perturbation 34
−, remain unclear.

Perturbation 34
− had almost no negative epicardial helix angles due to the shift

of the transmural variation towards overall higher helix angles. In perturbation

34
+, on the other hand, the shift towards lower helix angles meant that epicar-

dial angles were much steeper, while at the endocardium, some of the more ver-

tical helix angles were still maintained. In that sense, perturbation 34
+matches

traditional rule-based microstructural orientations more closely. This is suppor-

ted by the observation of more pronounced torsion in perturbation 34
+. Torsion

is a product of the rotation of myofibres across the wall, and hence, a steeper

transmural gradient leads to more torsion. More torsion, in turn, comes with

more wall thickening and greater stroke volume. All three mechanisms could

be observed in perturbation 34
+.

Overall, LV contraction simulations were much more sensitive to the perturbed

helix angle fields compared to their passive counterpart. This was expected, as

active tension is added in the direction of the myofibres. The 7-8◦ average an-

gular difference between optimal interpolated helix angles and perturbed helix

angles led to varying degrees of deformation changes, depending on the pat-

tern in which the nodal parameters were changed. While the resultant deforma-

tion predictions were not overly sensitive to the first five perturbations, the last

perturbation did cause two (34
+) and three (34

−) times as much torsion than

the optimal helix angle field and had a substantial effect on wall thickening and

stroke volume.
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Figure 10.14: Views of model-predicted LV mechanics models at ES, using the optimal

and the perturbed helix angle fields. The ES geometric models using the

optimal helix angle fields are shown in silver, and the perturbed fields

are coloured according to the legend. Small differences were observed in

the first, least sensitive, perturbation (top) in comparison to the last, most

sensitive (bottom).
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Figure 10.15: Cardiac indices for the optimal helix angle field and the perturbations

after simulation of contraction. The optimal field results are indicated as

dashed grey lines. For calculation of indices, refer to Table 10.2.
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10.7 discussion and conclusions

In this chapter, the sensitivity of the objective function for fitting microstruc-

tural orientations to DWI was analysed with respect to perturbations in the

helix angle field to assess the sensitivity of passive and contractile mechanics

predictions to indifference variations in the helix angle field parameters. This

was the first time, to our knowledge, that the intra-subject uncertainty of helix

angle fields with respect to DWI data has been quantified. Previous studies

have estimated the uncertainty of myofibre orientations across multiple sub-

jects, finding the mean and the variance of a population [23].

The helix angle field was tri-linearly interpolated over a LV FE model of

34 nodes, with the helix angle as the nodal parameter. The helix angle field

was then fitted to the diffusion tensor data of a canine heart using an object-

ive function that aimed to minimise the error in alignment of the interpolated

helix angle orientations and the strongest direction of diffusion on the per voxel

basis. The Hessian matrix at the optimal nodal parameters was evaluated to de-

scribe a region of indifference, which represents all parameters that yield an

objective function value not higher than a prescribed threshold away from the

minimum value. This threshold was chosen so that the perturbed helix angle

fields gave rise to helix angle differences at the level of measurement accuracy

of DWI. The region of indifference was decomposed into directions defined by

the eigenvectors of the inverse of the Hessian matrix at the optimal parameters.

These principal axes, describing the parameter space, were then ordered by the

indifference of the objective function to perturbations of parameters along this

direction. Then, the five least sensitive and the most sensitive perturbations

were chosen for further assessment, and as input descriptions of microstruc-

tural orientation for passive inflation and active contraction mechanics predic-

tions.

The five least sensitive perturbations exhibited a chequerboard pattern, and the

most sensitive perturbation induced an almost homogeneous offset of nodal

helix angles. Virtually no difference between the perturbed helix angle fields

was seen in the passive predictions from DS to ED, even when the much more
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anisotropic, subject-specific material parameters were used. The only visibly af-

fected cardiac index was torsion, in which the most sensitive perturbation gave

rise to up to three times as much torsion compared to the optimal helix angle

field. In contractile mechanics, those differences were much more pronounced,

especially in terms of wall thickening and torsion.

It should be noted that the LV deformation measured during diastolic inflation

was small due to the pacing of the hearts, which abbreviated diastolic filling. In

other studies, more deformation may occur because of higher pressure loading

or softer myocardial tissue, and the absolute difference may appear larger.

While this study provided a new method to quantify the uncertainty in the

helix angle fields, the framework suffers some limitations. A linear interpola-

tion scheme was chosen, and the imbrication angles were kept fixed at 0◦. In

future work, the microstructural orientation field could easily be extended to

imbrication angles and the Lagrangian interpolation scheme.

The choice of the threshold value used to define the region of indifference was

chosen empirically to reflect deviations from the optimal field that match the

accuracy of DWI. A more sound approach to estimate the effect of measurement

accuracy in the DWI data could be through a Monte Carlo simulation [315] that

replicates the uncertainty in myofibre orientation measurements.

The objective functions used throughout this section to estimate passive and

contractile parameters were solely based on surface point prediction errors and

cannot capture torsion, as this would require the tracking of material points. In

consequence, even though torsion may be greatly affected by perturbations of

the helix angle field, it is unlikely to cause the estimates of intrinsic myocardial

stiffness or contractile tension to change substantially.

In conclusion, this framework to estimate the uncertainty in helix angle field

parameters is a starting point to further the understanding of the effects that

uncertainty in the microstructural orientation fields has on passive and contract-

ile mechanics predictions. It appeared that passive mechanics were practically

insensitive to the uncertainty in the helix angle fields using the existing MRI

data. This implies that accurate estimation of myocardial microstructure may

not be of much importance for passive inflation of the LV. However, the pertur-
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bations from the optimal helix angle field had a significant impact on contractile

mechanics predictions.
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11
S U M M A RY A N D F U T U R E W O R K

The over-arching goal of this thesis was to relate microstructural cardiac mag-

netic resonance imaging (MRI) to cardiac mechanics through computational

model-based analyses. As such, microstructural data were measured using two

MRI techniques, namely diffusion-weighted magnetic resonance imaging (DWI)

to derive myocardial microstructural orientations and T1 mapping as an estim-

ator of myocardial fibrosis.

Inverse finite element (FE) modelling of passive inflation of the left ventricle

(LV), based on the combination of cine MRI and LV pressure recordings, en-

abled quantification of intrinsic myocardial stiffness in human hearts. This fur-

ther enabled the relationship of this tissue property with indices of fibrosis from

T1 mapping to be investigated.

Shortcomings of interpretation of microstructural orientations based on eigen-

analysis of diffusion tensors were also addressed, as novel methods for fitting

directly to the diffusion tensors or to the raw diffusion signals were developed.

The indifference of the fitted microstructural orientation fields to the DWI data,

i.e. the sensitivity of the objective function to helix angle parameters, was quan-

tified. This enabled assessment of the sensitivity of LV passive inflation and

active contraction simulations to indifference in the microstructural data. Re-

modelling of myofibre orientations and myofibre disarray was also investigated

using DWI data of spontaneous hypertensive rats (sSHRs) as an animal model

of hypertension, and Wistar-Kyoto rats (sWKYs) as controls.

In the following sections, the aims and outcomes of each main part of the thesis

are summarised. Since the limitations have been discussed in detail at the end

of each main chapter, they are not repeated here. Instead, ideas for future work

in these areas conclude each section.
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11.1 t1 mapping and intrinsic myocardial tissue stiffness

This first main part of the thesis focussed on the analysis of clinical native and

post-contrast T1 maps using the cardiac magnetic resonance imaging (CMR)

data were provided by Dr Jane Jie Cao of the St Francis Hospital, New York.

The dataset included LV and aortic pressures (measured using invasive cathet-

erisation), cine MRI, and native and post-contrast T1 mapping.

The aims were to:

• apply an inverse FE parameter estimation framework to human heart failure (HF)

patients and healthy subjects to quantify passive myocardial tissue stiffness; and

• investigate the correlation of the estimated intrinsic myocardial stiffness values

with native and post-contrast T1 maps and extracellular volume fraction (ECV)

to examine the relationship between indices of fibrosis and intrinsic myocardial

stiffness.

Chapter 3 provided background information on the calculation of T1 paramet-

ric maps and discussed the ability of T1 mapping to quantify diffuse fibrosis

in the myocardium, as is often observed in heart failure with preserved ejec-

tion fraction (HFpEF). Chapter 4 briefly described the methodology behind the

parameter estimation of intrinsic myocardial stiffness.

Finally, in Chapter 5, the relationship between the intrinsic myocardial stiffness

and the indices of T1 mapping was investigated. T1 mapping is thought to cor-

relate with fibrosis but is also a marker of oedema. A few research groups have

studied the link between native and post-contrast T1 times, putatively quanti-

fying fibrosis, and increased LV chamber stiffness [204, 205]. However, those

chamber stiffness indices are dependent on load and geometry and do not rep-

resent the intrinsic stiffness of myocardial tissue. This study was the first to

investigate this correlation using inverse computational modelling to estimate

the intrinsic stiffness properties. It was hypothesised that indices of fibrosis, de-

rived from T1 imaging, would correlate with estimates of intrinsic myocardial

stiffness determined through inverse FE modelling, as both measure properties

intrinsic to the myocardial tissue.
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The main findings were:

• A large spread of native and post-contrast T1 times was observed in this

dataset of human HF, as the patients suffered from a variety of patholo-

gies.

• Institutional normal T1 time values provided by the collaborators enabled

separation of the patients into categories of normal and elevated T1 map-

ping indices.

• In 9 of 10 cases, intrinsic myocardial stiffness parameters were uniquely

identifiable using inverse FE modelling of passive inflation to fit the clin-

ical imaging and haemodynamic data.

• No statistically significant correlations between native or post-contrast T1

times or ECV were found, possibly due to the low number of cases.

Instead of correlating global T1 times with bulk intrinsic myocardial stiffness,

the T1 maps could be used to inform the mechanics model directly. Hence,

future work could involve:

• The addition of more subjects to the study, should they become available.

The statistical power of the correlation analyses was limited due to the

small cohort size in the study.

• Embedding the T1 maps into the LV mechanics models by parameterising

a scalar field to the T1 values. This scalar field of T1 times could be used

to scale local passive tissue stiffness within the myocardium and could

account for regionally heterogeneous fibrosis, which has been observed

in certain pathologies such as replacement fibrosis or scarring. This work

may involve further examination of the impact of myocardial infarction

(MI) on anisotropic properties. Previous advancements in modelling MI

have been haltered due to limitations regarding parameter identifiability,

and call for tracking material rather than surface points.

• T1 mapping may help to customise mechanical constitutive models dir-

ectly, and thus reduce the number of parameters that need to be fitted to
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clinical data. It may also improve the identifiability of constitutive para-

meters.

11.2 model-based parameterisation of diffusion-weighted ima-

ging

In the second main section of the thesis, multiple aspects of microstructural

orientation field fitting to DWI were discussed. The work was three-fold: First,

a DWI study of aged WKYs and SHRs examined remodelling of microstruc-

tural orientations and myofibre disarray due to disease. Then, shortcomings

of the conventional eigenanalysis of DWI were addressed by directly fitting to

diffusion tensors or raw diffusion signals. Lastly, the sensitivity of passive and

active cardiac mechanics to the indifference of microstructural orientation field

parameters was assessed.

The aims of this part were to:

1. Conduct statistical analyses of myocardial microstructure, characterised using DWI.

The analysis focussed on microstructural orientations and myofibre disarray as potential

markers of LV remodelling in HF due to hypertension.

In Chapter 7, four WKYs and four SHRs, all 21 months of age, were imaged

using high-resolution DWI. The DWI data were embedded in personalised geo-

metric models of the LV, and the primary eigenvector (E1) and secondary ei-

genvector (E2) angles were calculated. Mixed-effects linear modelling was then

used to assess the effect of hypertension on regional and global eigenvector

angles and eigenvector disarray. The main findings were:

• In line with other studies, no evidence of microstructural reorientation of

myofibre helix angles, characterised using the E1 angle, was found in the

aged SHR.

• E1 disarray was not found to be higher in the diseased cases but varied re-

gionally. This was also the case for transverse fractional anisotropy (FA),

an index of how uniquely distinguishable E2 is from the tertiary eigen-

vector.
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• The E2 angles, a highly controversial measurement of sheetlet orientation,

were not different between healthy and diseased rats. Their transmural

gradients varied vastly between regions.

In future work, the study could be extended to use more subjects of different

ages, to investigate microstructural remodelling in disease and ageing. Also,

SHRs treated with angiotensin-converting enzyme inhibitors are available as

part of the study, and it would be interesting to include those animals to invest-

igate the effect of this pharmaceutical on the microstructure. This may help to

advance the understanding of how the progression of microstructural remodel-

ling can be modulated by pharmaceutical intervention.

2. Develop a framework for model-based parameterisation of microstructural inform-

ation from DWI, by directly fitting to the diffusion tensors and to the raw diffusion

signals.

The novel framework was developed in two stages: In Chapter 8, microstruc-

tural orientations were parameterised directly from diffusion tensors without

the need for eigenanalysis. Building on this, a second objective function for fit-

ting to raw diffusion signals was developed, which avoids the need to construct

a diffusion tensor and circumvents the introduction of least-squares fitting er-

rors (Chapter 9).

The benefits were:

• As the diffusion tensor has no directionality, E1 arbitrarily represents one

of the two possible diffusion directions, which can result in large discon-

tinuities in helix angle distributions. Both, fitting to the diffusion tensor

or the raw diffusion signals allows the fitting to orientations rather than

directions, and thus, no phase unwrapping of helix angles is needed.

• In regions of near-isotropic diffusion, the calculated direction of E1 is

arbitrary and may not reliably represent the local myofibre orientation.

Fitting to the diffusion tensors accounts for the shape of the tensor, and

hence weights the contribution of the voxels to the objective function by its

anisotropy. The same applies to fitting to the raw diffusion signals, where
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voxels with near-equal diffusion signals contribute less to the objective

function.

• Fitting to raw diffusion signals circumvents the need for calculation of a

diffusion tensor, a process in which error due to least-squares fitting is in-

troduced. This is especially critical if there is more than just one direction

of strong diffusivity.

• Both methods yielded very high agreement with the gold-standard of

eigenanalysis in regions of high FA.

• Where FA was low, or the diffusion tensor was not a good representation

of the underlying diffusion signals, the model-based approach ensured

smoothly varying microstructural orientation fields across those regions.

3. Construct a set of perturbed microstructural orientation fields, which represent para-

meters that still yield high agreement of the fitted microstructural fields with the DWI

data, and determine the impact these variations in microstructural orientation fields

have on LV mechanics.

The final chapter links the parameterisation of microstructural orientation fields

with the mechanics modelling performed in the first main part. The sensit-

ivity of microstructural orientation field parameters was assessed using high-

resolution DWI data of a canine heart. A set of perturbed helix angle fields,

which represent parameters that still yield high agreement of the fitted micro-

structural orientation with the DWI data, was created. To determine the impact

that variations in helix angle fields have on LV mechanics, the set of helix angle

fields was taken forward into passive inflation and active contraction simu-

lations. Note that the application of such perturbations is not limited to the

analysis of mechanics modelling; it is also of interest for electro-mechanically

coupled models or strain analyses.

The outcomes of this chapter were:

• From the Hessian matrix at the optimum, an indifference region can be

constructed and decomposed into the principal directions of indifference

of the objective function to microstructural orientation field parameters.
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• The perturbed helix angle fields were very different. While perturbations

in the directions to which the objective function was least sensitive exhib-

ited a chequerboard pattern, the direction of greatest sensitivity imposed

a nearly homogenous shift of helix angles.

• Passive mechanics predictions of the end-diastolic geometry, or more spe-

cifically, torsion, were affected by the most sensitive perturbation.

• Contractile mechanics were greatly influenced by the variation in helix

angle fields.

Further development may include:

• There is no justification as to how large the threshold value should be to

define the region of indifference. The variability in microstructural orient-

ation measurements in histology is estimated to be about 10
◦[39], so it

is suggested to perform a Monte Carlo simulation in which the diffusion

tensor orientations at each voxel are varied by this amount. This could

then define the indifference region.

• Instead of fitting the optimal microstructural orientation field to the dif-

fusion tensor, the raw diffusion signal objective function could be used.

This would open new questions of how to propagate noise in the signals,

or what effect the existence of multiple strong diffusion directions has.

11.3 summary of impact

In summary, this thesis demonstrated the use of model-based analyses of myo-

cardial microstructure to provide tissue-specific evaluation of LV mechanical

function and microstructural remodelling in HF. The combination of CMR tech-

niques with cardiac computational modelling allowed for quantification of mi-

crostructural orientations, fibrosis, and intrinsic myocardial stiffness.

Different approaches for model-based parameterisations of DWI data were in-

vestigated to best represent myocardial microstructure, even in the presence of

isotropy. Developing a framework to determine the variability in fitted helix
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angle fields enabled the propagation of the sensitivity of microstructural ori-

entations to the analysis of LV mechanics models. This could also be of value

to other areas of cardiac research such as electrophysiology or myofibre strain

analysis. In addition, intrinsic myocardial stiffness was estimated for patient

data, and correlated with indices of fibrosis. This was the first time that in-

trinsic myocardial stiffness was estimated through inverse FE modelling rather

than chamber stiffness to study the relationship with indices of T1 imaging.
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S U P P L E M E N T T O S T U D Y O F C O R R E L AT I O N

O F T 1 M A P P I N G A N D I N T R I N S I C

M Y O C A R D I A L S T I F F N E S S I N H U M A N

H E A RT S

In Chapter 5, T1 maps were constructed from the T1 imaging provided by

collaborators at the St Francis Hospital in New York. In addition, intrinsic myo-

cardial stiffness was estimated for each patient of this study using invasive left

ventricle (LV) pressure measurements and geometric models derived from cine

magnetic resonance imaging (MRI).

In this appendix, supplementary data is given. Native and post-contrast T1

times and maps are presented as well as parameter sweeps of the intrinsic myo-

cardial stiffness parameter (C1). In addition, beat-averaged passive pressure

traces are shown. The results of a regression analysis of post-contrast T1 times

and C1 weighted by the uncertainty in the C1 parameter and the variability in

T1 times are summarised. This appendix concludes with a brief discussion of

chamber stiffness estimation from passive pressure-volume curves.

a.1 global native and post-contrast t1 times

In Section 5.4, global T1 times were correlated with intrinsic myocardial stiff-

ness estimates, as the passive tissue properties are assumed to be constant

across the whole LV. Table A.1 presents the values used for the correlation

in Section 5.4, as they are different to Table 5.4 in Section 5.2.
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Table A.1: Global myocardial native and post-contrast T1 times and ECV for all St Fran-

cis patients. Myo: Values averaged across myocardial region of interest. Post:

post-contrast. T1 times in ms, ECV in %.

Case
Native

myo T1

Post myo

T1
ECV

SF 17 993 - -

SF 35 959 503 25.5

SF 40 981 507 27.6

SF 58 1010 475 30.7

SF 66 1010 456 24.6

SF 70 986 473 29.1

SF 72 1020 504 27.8

SF 73 1020 494 31.6

SF 76 946 520 24.6

SF 83 984 482 24.0

SF 85 1070 421 41.6

SF 88 996 514 27.1

a.2 t1 maps for all st francis studies

In Section 5.2, T1 maps were constructed from T1 imaging, and used to average

T1 times value for statistical analysis later on in Chapter 5. The native and post-

contrast T1 maps were selected to represent a mid-ventricular slice, and are

presented in Figures A.1 to A.4.
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Figure A.1: Native and post-contrast T1 maps for cases SF 17-40
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Figure A.2: Native and post-contrast T1 maps for cases SF 58-70
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Figure A.3: Native and post-contrast T1 maps for cases SF 72-76
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Figure A.4: Native and post-contrast T1 maps for cases SF 83-88



A.3 parameter sweeps with identifiability thresholds 243

a.3 parameter sweeps with identifiability thresholds

In Section 5.3, the intrinsic myocardial stiffness parameter (C1) was estimated

for each patient of the St Francis study. The individual parameter sweeps are

presented below. For details on the determination of parameter identifiability

refer to Section 4.4.2. Figures A.5 to A.10 show the objective function, alongside

the threshold value and the indifference interval for each case.

Figure A.5: Parameter sweep for passive myocardial stiffness parameter C1 for case SF

17.
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Figure A.6: Parameter sweep for passive myocardial stiffness parameter C1 for cases

SF 35 and SF 58.
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Figure A.7: Parameter sweep for passive myocardial stiffness parameter C1 for cases

SF 66 and SF 70.
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Figure A.8: Parameter sweep for passive myocardial stiffness parameter C1 for cases

SF 72 and SF 73.
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Figure A.9: Parameter sweep for passive myocardial stiffness parameter C1 for cases

SF 76 and SF 83.
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Figure A.10: Parameter sweep for passive myocardial stiffness parameter C1 for case

SF 88.

a.4 beat-averaged pressure traces for st francis cases

Pressure traces for each cycle were extracted to calculate the beat-averaged LV

pressure. These pressure data were used in Section 5.3 as boundary conditions

for the passive inflation simulation, and plotted against the LV volume in Sec-

tion 5.1.6. The grey lines in Figure A.11 represent the individual pressure trace

per beat, and the coloured, bolder lines the averaged pressure for the case.

Where only one colourful pressure trace was plotted, only one cycle could be

extracted.
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Figure A.11: Beat-averaged pressure curves for passive filling phase.
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a.5 weighted regression of post-contrast t1 times and c1

In Section 5.4, the correlation of intrinsic myocardial stiffness and post-contrast

T1 times was assessed. This simple Pearson’s correlation was repeated using

weighted linear modelling, where the weight of each data point was calculated

as

wi =
1

σ2T1
+
1

σ2ε
, (A.1)

with σT1 as the standard error in global post-contrast T1 times estimates and σε

the approximated parameter estimation error (compare Equation 4.6 in Section

5.4).

Weighting the data points by the uncertainty in C1 and variability in post-

contrast T1 times did not indicate statistically significant correlation either. The

correlation plot, including the 95% confidence interval, is shown in Figure A.12,

and the modelling result from the statistical toolbox R shown below.

Figure A.12: Myocardial intrinsic stiffness estimates (C1) plotted against global post-

contrast T1 times, weighted by the uncertainty in C1 and the variability

in T1 times. The 95% confidence interval is shown in grey.
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R output:

MODEL INFO:

Observations: 9 (3 missing obs. deleted)

Dependent Variable: C1

Type: OLS linear regression

MODEL FIT:

F(1,7) = 3.71, p = 0.10

R² = 0.35

Adj. R² = 0.25

Standard errors: OLS

-------------------------------------------------

Est. S.E. t val. p

----------------- ------- ------- -------- ------

(Intercept) 24.62 11.63 2.12 0.07

T1PostMyo -0.04 0.02 -1.93 0.10

-------------------------------------------------

a.6 left ventricular chamber stiffness

In Section 5.5, it was mentioned that curve fits have been applied to passive

pressure-volume relationships to determine LV ventricular chamber stiffness.

This relationship is intrinsically non-linear due the the recruitment of the differ-

ent types of collagen being stretched in different pressure-volume ranges [316].

The diastolic LV pressure (P) can be modelled as a function of LV volume (V)

with

P = PB +AeβV , (A.2)

where PB is the pressure asymptote, β the so called chamber stiffness constant

[221], and A another fitting constant. Higher values of β have been demon-

strated in the presence of reduced ventricular compliance, consistent with in-

trinsic stiffening of the myocardium [54]. Since β has the unit of mL−1, it is

dependent on cavity volume, and the chamber stiffness is a function of pres-

sure [221]. The chamber stiffness (dP/dV) can be calculated from

dP/dV = β(P− PB). (A.3)
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In an attempt to compare model-based estimates of intrinsic myocardial stiff-

ness (C1) to the chamber stiffness constant from the passive pressure-volume re-

lationships, the pressure-volume data were fitted to a curve using Equation A.2.

The fitting was performed in Python using curve_fit of the SciPy package, with

lower and upper bounds for the parameter estimates set to 0 6 PB 6 Pdiastasis,

A > 0, and β > 0. The fitted curves were overlaid on the measured pressure-

volume curves, and are illustrated in Figure A.13. For two cases, SF 73 and SF

83, the fit did not converge, hence why the curves are not shown.

Figure A.13: Beat-averaged passive pressure-volume curves (coloured), with fitted ex-

ponential curves overlaid (black). The estimated values of β are used to

label each curve where applicable. The cavity volume at each frame was

derived from geometric models.

The covariance matrices for the three optimised fitting parameters β, PB, and

A were assessed for identifiability. In all cases, there were strong correlations

between parameters, suggesting that the parameters were not uniquely identi-

fiable.
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The slope dP/dV of each case was calculated at end-diastole (ED) from Equa-

tion A.3 to estimate the actual chamber stiffness and not the chamber stiffness

constant (β), see Figure A.14. These chamber stiffness values were then correl-

ated with post-contrast T1 times using a Pearson correlation test, but the correl-

ation was found to be insignificant, compare Figure A.15. This study could not

confirm the findings of [204] and [205].

Figure A.14: Beat-averaged passive pressure-volume curves (coloured), with fitted ex-

ponential curves (grey), and slope dP/dV at ED (black) overlaid. The es-

timated values of dP/dV are used to label each slope where applicable.

The cavity volume at each frame was derived from geometric models.
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Figure A.15: Chamber stiffness estimates derived from pressure-volume curves plotted

against post-contrast T1 times. The 95% confidence interval is indicated

by the area shaded in grey.



B
S U P P L E M E N T T O S T U D Y O F

M I C R O S T R U C T U R A L R E M O D E L L I N G I N

H Y P E RT E N S I O N

In Chapter 7, statistical analyses of eigenvectors and eigenvector disarray were

performed to analyse the effects of hypertension on microstructural remodel-

ling. This appendix provides supplementary data such as detailed results of

the mixed-effects linear models (sMELMs) referenced in Chapter 7, and addi-

tional plots summarising transmural gradients and average regional values of

primary eigenvector (E1) and secondary eigenvector (E2) angles, E1 disarray,

and fractional anisotropy (FA).

b.1 statistical analysis of microstructural orientation

Results of Mixed Effects Modelling of Primary Eigenvector Angles

In Section 7.5.1, a MELM was used to analyse E1 data of four Wistar-Kyoto

rats (sWKYs) and four spontaneous hypertensive rats (sSHRs). The significance

of effects was determined using the Akaike Information Criterion (AIC) and

ANOVA. After a new effect was added, the AIC was compared to the model

without the effect, and if the two models were significantly different and AIC

improved, the effect was considered significant.

Wall depth ξ3, animal model (WKY/SHR), and circumferential location (free Wall/-

septum/remote) were tested as potential effects. All considered models and

their AIC are printed below.

255
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Models:

model_E1A_0: E1A ~ 1 + xi3 + (1 + xi3 | animal)

model_E1A_1: E1A ~ 1 + xi3 + animMod + (1 + xi3 | animal)

model_E1A_2: E1A ~ 1 + xi3 + animMod + circumR + (1 + xi3 | animal)

model_E1A_3: E1A ~ 1 + xi3 + animMod + circumR + xi3:animMod + (1 + xi3 | animal)

model_E1A_4: E1A ~ 1 + xi3 + animMod + circumR + animMod:circumR + (1 + xi3 | animal)

model_E1A_5: E1A ~ 1 + xi3 + animMod + circumR + animMod:circumR + xi3:circumR +

(1 + xi3 | animal)

-- ANOVA --

Df AIC BIC logLik deviance Chisq Chi Df Pr(>Chisq)

model_E1A_0 6 1423254 1423313 -711621 1423242

model_E1A_1 7 1423250 1423319 -711618 1423236 6.2839 1 0.01218 *

model_E1A_2 9 1422833 1422922 -711408 1422815 420.5101 2 < 2e-16 ***

model_E1A_3 10 1422834 1422933 -711407 1422814 1.0076 1 0.31549

model_E1A_4 11 1422384 1422493 -711181 1422362 452.0213 1 < 2e-16 ***

model_E1A_5 13 1422306 1422435 -711140 1422280 5114.5408 2 < 2e-16 ***

---

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

The base model included wall depth as fixed effect and acknowledged the clear

inter-subject variability with the random intercept and slope of animal and wall

depth.

When wall depth : animal model (xi3:animMod) was added in model 3, the AIC

increased and the difference between the model 2 and 3 was not significant.

Therefore, the cross-effect of wall depth : animal model was not further included

in the subsequent models 4 and 5.

Model 5 was considered the finalised model to appear in Section 7.5.1. Its ran-

dom slopes are shown in Figure B.1 and are also included in the plots of the

transmural distribution of E1 angles for each of the individual angles, see Fig-

ures B.2 and B.3. All values are given in degrees. Printed below is the output of

the finalised model.
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Linear mixed model fit by REML [’lmerMod’]

Formula: E1A ~ 1 + xi3 + aniMod + circumR + xi3:circumR + aniMod:circumR +

(1 + xi3 | animal)

Control: lmerControl(optimizer = "optimx", optCtrl = list(method = "bobyqa"))

REML criterion at convergence: 1422267

Scaled residuals:

Min 1Q Median 3Q Max

-3.6612 -0.4839 0.0177 0.5866 3.1705

Random effects:

Groups Name Variance Std.Dev. Corr

animal (Intercept) 223.4 14.95

xi3 712.5 26.69 -0.98

Residual 1137.1 33.72

Number of obs: 144033, groups: animal, 8

Fixed effects:

Estimate Std. Error t value

(Intercept) 64.69780 5.43652 11.901

xi3 -117.48579 9.46836 -12.408

aniModSHR 8.46478 2.32827 3.636

circumRremote 0.31439 0.63587 0.494

circumRseptum 6.59263 0.80978 8.141

xi3:circumRremote 7.22715 0.85738 8.429

xi3:circumRseptum 2.84839 1.09226 2.608

aniModSHR:circumRremote 0.03468 0.49438 0.070

aniModSHR:circumRseptum -10.49056 0.62878 -16.684

Correlation of Fixed Effects:

(Intr) xi3 amSHR ccRem ccSep x3:ccR x3:ccS SHR:cccR

xi3 -0.953

aniModSHR -0.216 0.000

circumRremt -0.092 0.055 0.082

circumRsptm -0.072 0.044 0.064 0.617

x3:crcmRrmt 0.072 -0.071 0.003 -0.783 -0.480

x3:crcmRspt 0.056 -0.056 0.003 -0.480 -0.785 0.618

anMdSHR:crcmrt 0.045 0.002 -0.168 -0.488 -0.303 -0.012 -0.014

anMdSHR:crcmsp 0.035 0.001 -0.132 -0.303 -0.488 -0.014 -0.009 0.623
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Figure B.1: Predicted random slopes of E1 angles for each animal.
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Figure B.2: Predicted transmural gradients for E1 angles (blue line) and observed E1

angles for each WKY heart.
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Figure B.3: Predicted transmural gradients for E1 angles (blue line) and observed E1

angles for each SHR heart.
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Results of Mixed Effects Modelling of Secondary Eigenvector Angles

In Section 7.5.2, a MELM was used to predict the effect of region and the cross

effect of region : animal model on E2 angles. The intermediate models to assess

significance of effects are printed below.

Models:

model_E2A_0: E2A ~ 1 + xi3 + (1 | animal)

model_E2A_1: E2A ~ 1 + xi3 + aniMod + (1 | animal)

model_E2A_2: E2A ~ 1 + xi3 + circumR + (1 | animal)

model_E2A_3: E2A ~ 1 + xi3 + longR + circumR + (1 | animal)

model_E2A_4: E2A ~ 1 + xi3 + longR + circumR + xi3:circumR + (1 | animal)

model_E2A_5: E2A ~ 1 + xi3 + longR + circumR + xi3:longR + xi3:circumR + (1 | animal)

model_E2A_6: E2A ~ 1 + xi3 + longR + circumR + xi3:longR + xi3:circumR + longR:circumR

+ (1 | animal)

model_E2A_7: E2A ~ 1 + xi3 + longR + circumR + xi3:longR + xi3:circumR + longR:circumR

+ xi3:longR:circumR + (1 | animal)

model_E2A_8: E2A ~ 1 + xi3 + longR + circumR + xi3:longR + xi3:circumR + longR:circumR

+ xi3:longR:circumR + (1 + xi3 | animal)

-- ANOVA --

Df AIC BIC logLik deviance Chisq Chi Df Pr(>Chisq)

model_E2A_0 4 1505481 1505521 -752737 1505473

model_E2A_1 5 1505482 1505532 -752736 1505472 1.0147 1 0.3138

model_E2A_2 6 1505461 1505521 -752725 1505449 22.7086 1 1.885e-06 ***

model_E2A_3 8 1505133 1505212 -752559 1505117 332.0554 2 < 2.2e-16 ***

model_E2A_4 10 1504892 1504991 -752436 1504872 244.9611 2 < 2.2e-16 ***

model_E2A_5 12 1504103 1504221 -752039 1504079 793.7986 2 < 2.2e-16 ***

model_E2A_6 16 1503998 1504156 -751983 1503966 112.7301 4 < 2.2e-16 ***

model_E2A_7 20 1503692 1503889 -751826 1503652 314.0150 4 < 2.2e-16 ***

model_E2A_8 22 1501766 1501984 -750861 1501722 1929.4390 2 < 2.2e-16 ***

---

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

In model 1, the effect animal model was added, but AIC increased and model

1 was not significantly different from the base model. Hence, animal model was

not considered in the subsequent models. In the last step, model 8, the random

slope wall depth : animal (xi3|animal) was introduced. This model was used as

the final model in Section 7.5.2, and the summary of the model is shown below.

Figure B.4 presents the resultant random slopes of this model.
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Linear mixed model fit by REML [’lmerMod’]

Formula: E2A ~ 1 + xi3 + longR + circumR + xi3:longR + xi3:circumR + longR:circumR

+ xi3:longR:circumR + (1 + xi3 | animal)

Control: lmerControl(optimizer = "optimx", optCtrl = list(method = "bobyqa"))

REML criterion at convergence: 1501688

Scaled residuals:

Min 1Q Median 3Q Max

-2.77900 -0.73507 0.01967 0.68499 2.80890

Random effects:

Groups Name Variance Std.Dev. Corr

animal (Intercept) 134.4 11.59

xi3 356.0 18.87 -0.91

Residual 1974.1 44.43

Number of obs: 144033, groups: animal, 8

Fixed effects:

Estimate Std. Error t value

(Intercept) -27.051 4.379 -6.178

xi3 51.458 7.087 7.261

longRbasal 36.111 1.824 19.800

longRequatorial 19.784 1.856 10.657

circumRremote 19.436 1.712 11.356

circumRseptum 23.209 2.104 11.032

xi3:longRbasal -68.371 2.829 -24.166

xi3:longRequatorial -37.562 2.882 -13.034

xi3:circumRremote -31.998 2.667 -11.999

xi3:circumRseptum -37.093 3.268 -11.351

longRbasal:circumRremote -23.452 2.041 -11.488

longRequatorial:circumRremote -19.108 2.078 -9.196

longRbasal:circumRseptum -48.454 2.552 -18.988

longRequatorial:circumRseptum -28.282 2.584 -10.945

xi3:longRbasal:circumRremote 37.614 3.169 11.870

xi3:longRequatorial:circumRremote 25.686 3.228 7.956

xi3:longRbasal:circumRseptum 72.449 3.952 18.330

xi3:longRequatorial:circumRseptum 44.296 4.006 11.057

Correlation matrix not shown by default, as p = 18 > 12.
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Figure B.4: Predicted random slopes of E2 angles for each animal.
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b.2 statistical analysis of microstructural disarray

Results of Mixed Effects Modelling of Fractional Anisotropy

Section 7.6.1 dealt with the differences in FA across 36 regions of the LV, and

the effect hypertension (coded as animal model) has on those regions. Figure

B.5 presents boxplots of FA in all animals. Figure B.6 shows the mean regional

FA across all animals as well as the standard deviation in each region and an

indication of the cut-off of the Cohen’s d effect size, below which regional

means were considered to be the same as the overall mean. Finally, all mean

regional FA values were plotted in polar charts for each individual animal in

Figure B.7.

Table B.1 lists the results of the MELM, divided into the effect of region (to

investigate which regions were substantially different from the overall FA dis-

tribution) and the cross effect of animal model : region.

Figure B.5: Box plots of FA for each animal
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Figure B.6: Mean and standard deviation of FA for each region across all animals. The

mean and the 0.2 SD threshold for FA across all hearts are marked as well

to illustrate the Cohen’s d effect size threshold of 0.2 SD.
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Figure B.7: Polar charts of mean regional FA for each animal, colour-coded according

to scale.
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Table B.1: Results of the MELM for effects region and animal model : region on FA. M:

mean, t: t-value derived from MELM, d: Cohen’s d effect size, ES: effect size,

d interpreted as: (N) negligible (|d|<0.2), (S) small (|d|<0.5), (M) medium

(|d|<0.8), (L) large (d>|0.8|).

Region Animal model - region

Region M d ES M SHR M WKY t d ES

5a 0.237 -0.15 N 0.245 0.224 -1.06 0.30 S

5b 0.239 -0.11 N 0.259 0.213 -2.31 0.61 M

5c 0.250 0.03 N 0.258 0.239 -0.97 0.22 S

6a 0.246 -0.01 N 0.235 0.268 1.70 -0.51 M

6b 0.227 -0.25 S 0.213 0.260 2.37 -0.75 M

6c 0.215 -0.40 S 0.210 0.230 1.01 -0.31 S

7a 0.224 -0.28 S 0.234 0.206 -1.39 0.46 S

7b 0.248 0.06 N 0.277 0.202 -3.78 1.13 L

7c 0.254 0.13 N 0.268 0.231 -1.88 0.68 M

8a 0.245 0.01 N 0.232 0.270 1.88 -0.40 S

8b 0.244 -0.02 N 0.240 0.252 0.63 -0.04 N

8c 0.243 -0.05 N 0.250 0.234 -0.83 0.29 S

9a 0.230 -0.20 S 0.258 0.187 -3.62 1.03 L

9b 0.230 -0.18 N 0.256 0.194 -3.15 1.03 L

9c 0.253 0.14 N 0.250 0.259 0.49 -0.20 S

10a 0.263 0.27 S 0.242 0.296 2.77 -0.89 L

10b 0.254 0.17 N 0.230 0.292 3.15 -0.97 L

10c 0.242 -0.02 N 0.235 0.258 1.16 -0.41 S

11a 0.246 0.00 N 0.262 0.216 -2.33 0.62 M

11b 0.266 0.26 S 0.294 0.219 -3.81 1.12 L

11c 0.259 0.21 S 0.264 0.253 -0.58 0.34 S

12a 0.241 -0.03 N 0.223 0.267 2.28 -0.58 M

12b 0.223 -0.30 S 0.218 0.232 0.69 -0.12 N

12c 0.225 -0.28 S 0.227 0.224 -0.18 0.09 N

13a 0.257 0.20 N 0.280 0.211 -3.48 0.76 M

13b 0.248 0.05 N 0.268 0.215 -2.69 0.68 M

13c 0.257 0.16 N 0.255 0.263 0.41 -0.15 N

14a 0.250 0.05 N 0.219 0.295 3.86 -1.08 L

14b 0.241 -0.09 N 0.220 0.275 2.80 -0.87 L
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Table B.1 continued from previous page

Region Animal model - region

Region M d ES M SHR M WKY t d ES

14c 0.232 -0.23 S 0.225 0.245 1.01 -0.37 S

15a 0.239 -0.11 N 0.265 0.199 -3.34 0.73 M

15b 0.269 0.31 S 0.291 0.239 -2.63 0.63 M

15c 0.271 0.33 S 0.278 0.264 -0.70 0.10 N

16a 0.239 -0.08 N 0.227 0.260 1.67 -0.49 S

16b 0.239 -0.05 N 0.233 0.250 0.89 -0.24 S

16c 0.236 -0.06 N 0.234 0.242 0.42 -0.12 N

Results of Mixed Effects Modelling of Primary Eigenvector Disarray

The distribution of E1 disarray was highly skewed (see Figure B.8), and hence

E1 disarray was transformed to normality, as described in Section 7.6.2.

Figure B.9 presents boxplots of transformed E1 disarray for all animals, and

Figure B.10 shows the mean regional E1 disarray across all animals, as well as

the standard deviation in each region and an indication of the cut-off of the

Cohen’s d effect size, below which the effect size was considered negligible.

Finally, all mean regional E1 disarray values, back-transformed to angles in

degrees, are plotted in polar charts for each individual animal in Figure B.11.

Table B.2 lists all results from the MELM, sub-divided into the effect of region

(to investigate which regions were substantially different from the overall E1

disarray distribution) and into the cross effect of animal model : region. The table

shows both the mean of the log-normalised distributions of E1 disarray as well

as the geometric means, which were back-transformed.
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Figure B.8: Distribution of E1 disarray across all SHRs and WKYs.
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Figure B.9: Box plots of E1 disarray for each animal.

Figure B.10: Mean and standard deviation of E1 disarray for each region across all

animals. The mean and the 0.2 SD threshold for E1 disarray across all

hearts are marked as well to illustrate the Cohen’s d effect size threshold.
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Figure B.11: Polar charts of mean regional E1 disarray for each animal, colour-coded

according to scale.
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Table B.2: Results of MELM: effect of region and animal model : region on E1 disarray.

R: region, ML: mean (log-normal transformed), MG: geometric mean (back

transformed), t: t-value derived from MELM, d: Cohen’s d effect size, ES:

effect size, d interpreted as: (N) negligible (|d|<0.2), (S) small (|d|<0.5),

(M) medium (|d|<0.8), (L) large (d>|0.8|).

Region Animal model - region

R ML MG d ES
ML

SHR

ML

WKY

MG

SHR

MG

WKY
t d ES

5a 2.04 7.70 -0.03 N 1.97 2.15 7.16 8.55 1.81 -0.37 S

5b 2.03 7.61 -0.04 N 1.96 2.13 7.11 8.37 1.67 -0.35 S

5c 1.99 7.33 -0.1 N 2.00 1.97 7.40 7.19 -0.29 0.02 N

6a 2.03 7.58 -0.04 N 2.11 1.87 8.21 6.51 -2.35 0.41 S

6b 2.13 8.45 0.16 N 2.23 1.93 9.26 6.87 -3.03 0.56 M

6c 2.20 9.04 0.28 S 2.25 2.09 9.46 8.09 -1.59 0.36 S

7a 2.09 8.07 0.09 N 1.98 2.29 7.22 9.90 3.19 -0.55 M

7b 2.08 7.96 0.08 N 1.89 2.38 6.61 10.83 5.02 -0.84 L

7c 2.02 7.50 -0.01 N 1.92 2.16 6.84 8.68 2.42 -0.44 S

8a 2.08 7.99 0.09 N 2.19 1.87 8.91 6.48 -3.24 0.56 M

8b 2.03 7.57 -0.02 N 2.05 1.98 7.78 7.22 -0.76 0.11 N

8c 2.02 7.55 -0.04 N 1.91 2.18 6.72 8.83 2.78 -0.49 S

9a 2.12 8.30 0.12 N 1.96 2.36 7.09 10.60 4.16 -0.83 L

9b 2.00 7.35 -0.11 N 1.84 2.22 6.32 9.23 3.92 -0.77 M

9c 1.94 6.99 -0.18 N 2.03 1.83 7.60 6.25 -2.01 0.28 S

10a 1.98 7.22 -0.14 N 2.16 1.70 8.69 5.48 -4.78 0.69 M

10b 2.04 7.72 -0.01 N 2.19 1.82 8.95 6.15 -3.89 0.68 M

10c 2.07 7.91 0.04 N 2.10 2.00 8.14 7.38 -1.02 0.23 S

11a 2.05 7.78 0.02 N 1.98 2.19 7.27 8.90 2.09 -0.36 S

11b 1.95 7.06 -0.13 N 1.81 2.21 6.10 9.10 4.15 -0.8 M

11c 1.94 6.99 -0.12 N 1.91 1.99 6.78 7.32 0.8 -0.06 N

12a 2.11 8.25 0.15 N 2.28 1.88 9.77 6.56 -4.13 0.73 M

12b 2.12 8.30 0.15 N 2.12 2.10 8.37 8.16 -0.26 0.05 N

12c 2.10 8.19 0.11 N 2.04 2.22 7.68 9.20 1.88 -0.35 S

13a 2.02 7.52 -0.05 N 1.88 2.30 6.54 10.00 4.39 -0.75 M

13b 1.97 7.19 -0.12 N 1.82 2.25 6.17 9.50 4.46 -0.87 L

13c 1.82 6.15 -0.4 S 1.81 1.82 6.11 6.17 0.09 -0.1 N



B.2 statistical analysis of microstructural disarray 273

Table B.2 continued from previous page

Region Animal model - region

R ML MG d ES
ML

SHR

ML

WKY

MG

SHR

MG

WKY
t d ES

14a 1.95 7.02 -0.16 N 2.10 1.74 8.17 5.68 -3.76 0.48 S

14b 2.03 7.58 -0.03 N 2.08 1.93 8.02 6.92 -1.53 0.18 N

14c 2.12 8.29 0.12 N 2.15 2.04 8.62 7.71 -1.15 0.14 N

15a 2.20 8.98 0.26 S 2.08 2.38 7.98 10.81 3.15 -0.51 M

15b 1.97 7.18 -0.12 N 1.89 2.09 6.58 8.10 2.14 -0.31 S

15c 1.93 6.87 -0.18 N 1.93 1.92 6.91 6.80 -0.16 0.07 N

16a 2.11 8.28 0.15 N 2.26 1.89 9.56 6.64 -3.77 0.65 M

16b 2.15 8.55 0.2 N 2.18 2.09 8.84 8.09 -0.91 0.19 N

16c 2.15 8.55 0.19 N 2.14 2.15 8.52 8.54 0.03 0.02 N

Results of Mixed Effects Modelling of Transverse Fractional Anisotropy

In Section 7.6.3, transverse FA was analysed using a MELM. Transverse FA was

much lower than FA across all hearts, as presented in Figure B.12. Figure B.13

shows the mean regional transverse FA across all animals, including the stand-

ard deviation for each region and an indication of the cut-off of the Cohen’s d

effect size. Additionally, all mean regional transverse FA values are plotted in

polar charts for each individual animal in Figure B.14.

Table B.3 lists all results from the MELM, which were divided into the effect of

region (to investigate which regions were substantially different from the overall

transverse FA distribution) and the cross effect of animal model : region.
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Figure B.12: Box plots of transverse FA for each animal.

Figure B.13: Mean and standard deviation of transverse FA for each region across all

animals. The mean and the 0.2 SD threshold for FA across all hearts are

marked as well to illustrate the Cohen’s d effect size threshold of 0.2 SD.
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Figure B.14: Polar charts of mean regional transverse FA for each animal, colour-coded

according to scale.
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Table B.3: Results of the MELM for effects "region" and "animal model : region" on

transverse FA. M: mean, t: t-value derived from MELM, d: Cohen’s d effect

size, ES: effect size with interpretation of d as: (N) negligible (|d|<0.2), (S)

small (|d|<0.5), (M) medium (|d|<0.8), (L) large (d>|0.8|).

Region Animal model : region

Region M d ES M SHR M WKY t d ES

5a 0.149 0.04 N 0.157 0.221 -1.13 0.4 S

5b 0.145 -0.02 N 0.147 0.250 -0.42 0.1 N

5c 0.142 -0.04 N 0.125 0.297 1.79 -0.62 M

6a 0.142 -0.04 N 0.116 0.303 3.16 -1 L

6b 0.146 -0.02 N 0.130 0.256 2 -0.63 M

6c 0.139 -0.1 N 0.127 0.240 1.39 -0.4 S

7a 0.129 -0.2 S 0.118 0.262 1.27 -0.33 S

7b 0.140 -0.02 N 0.131 0.298 0.95 -0.15 N

7c 0.147 0.07 N 0.135 0.297 1.33 -0.29 S

8a 0.161 0.24 S 0.149 0.261 1.33 -0.23 S

8b 0.159 0.2 N 0.149 0.262 1.05 -0.16 N

8c 0.157 0.17 N 0.153 0.257 0.3 0.04 N

9a 0.149 0.08 N 0.170 0.200 -2.69 0.71 M

9b 0.118 -0.32 S 0.122 0.243 -0.59 0.14 N

9c 0.115 -0.34 S 0.110 0.257 0.37 -0.21 S

10a 0.133 -0.11 N 0.126 0.256 0.65 -0.3 S

10b 0.141 0.02 N 0.127 0.262 1.48 -0.41 S

10c 0.137 -0.08 N 0.120 0.281 2.09 -0.64 M

11a 0.139 -0.1 N 0.127 0.292 1.38 -0.48 S

11b 0.140 -0.07 N 0.134 0.305 0.52 -0.11 N

11c 0.149 0.1 N 0.143 0.277 0.6 -0.02 N

12a 0.163 0.29 S 0.160 0.228 0.25 0.02 N

12b 0.142 -0.03 N 0.134 0.233 0.7 -0.16 N

12c 0.139 -0.07 N 0.138 0.224 -0.14 0.08 N

13a 0.145 0.05 N 0.152 0.249 -1.42 0.35 S

13b 0.134 -0.13 N 0.132 0.267 -0.06 -0.05 N

13c 0.125 -0.23 S 0.116 0.274 0.92 -0.39 S

14a 0.142 0 N 0.123 0.259 1.88 -0.74 M

14b 0.137 -0.12 N 0.110 0.284 2.98 -1.12 L
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Table B.3 continued from previous page

Region Animal model : region

Region M d ES M SHR M WKY t d ES

14c 0.141 -0.1 N 0.125 0.261 1.69 -0.65 M

15a 0.152 0.08 N 0.152 0.260 -0.21 -0.08 N

15b 0.148 0.05 N 0.144 0.298 0.33 -0.16 N

15c 0.164 0.26 S 0.164 0.276 -0.08 -0.04 N

16a 0.171 0.36 S 0.167 0.232 0.22 -0.09 N

16b 0.162 0.27 S 0.152 0.254 0.99 -0.26 S

16c 0.135 -0.06 N 0.128 0.247 0.59 -0.21 S
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C O M PA R I N G E U L E R A N G L E A N D

Q U AT E R N I O N I N T E R P O L AT I O N O F

M I C R O S T R U C T U R A L O R I E N TAT I O N F I E L D S

This appendix chapter was presented as a poster:

B. Freytag, V. Y. Wang, A. J. Wilson, T. P. Babarenda Gamage, C. P. Bradley, A. A. Young, M. P. Nash,

“Model-Based Interpretation of Cardiac Diffusion-Weighted Magnetic Resonance Imaging - A robust

interpolation scheme for myocardial microstructure ”, at Society for Cardiovascular Magnetic Resonance 22nd

Annual Scientific Sessions, Seattle, WA, 2019.

An alternative approach to implementing microstructural orientation fields is

by using quaternions, which is further examined in this Appendix.

c.1 background

Knowledge of myocardial microstructure is important for understanding car-

diac mechanics and identifying pathology. Diffusion-weighted magnetic reson-

ance imaging (DWI) provides quantitative information on myocardial micro-

structure, including myocyte and, potentially, sheetlet orientations [18]. Finite

element (FE) models can be used to parameterise geometric and microstruc-

tural data from DWI for use in mechanics modelling. DWI data is typically

acquired at just a few short-axis locations; thus cardiac FE models must inter-

polate microstructural orientations between images.

Many FE models interpolate orientations using Euler angles. This can lead to

unrealistic orientation distributions between image slices, which pose signific-

ant problems for cardiac functional modelling. The use of quaternions (instead

of Euler angles) is proposed to interpolate microstructural orientations in car-
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diac models more realistically. In this study, the two interpolation schemes for

interpreting cardiac DWI were compared.

c.2 methods

1.

Local diffusion tensors were pre-calculated us-

ing the method proposed by Basser et al. [235]

for each voxel of DWIs (equatorial slices only)

of ex vivo WKY hearts. See Section 7.2 for fur-

ther details on dataset.

2.

FE models were defined using both microstructure orientation definitions:

2a.

Euler angles:

helix α, imbrication β, sheetlet-normal γ

2b.

Quaternions:

a = cos(α2 )

b = sin(α2 )× ux
c = sin(α2 )× uy
d = sin(α2 )× uz

3.

Local myofibre f, sheetlet s, sheetlet-normal

n orientations were constructed at each voxel.

Models were initialised using helix angles of

+60◦ for endocardial, and −60◦ at the epicar-

dial nodes [36].



C.3 results 281

4.

The objective was to maximise alignment of

the interpolated myofibre orientation f with the

primary axis of diffusion across the images,

compare Chapter 8. However, fitting to raw dif-

fusion signals (Chapter 9) is equally applicable.

c.3 results

Interpolation using both Euler angles and quaternions provided satisfactory

fits to the primary axis of diffusion, with mean angular differences between

models and data of 12.5◦ ± 10.5◦ (Euler), and 10.1◦ ± 9.3 ◦ (quaternions).

While Euler interpolation leads to multiple rotations (wrapping) in orientation

between slices (Figure C.1, cyan data points), quaternion interpolation avoids

this orientation wrapping between images (Figure C.1, orange data points).

c.4 discussions

This study confirms that quaternion interpolation of myocardial microstructure

in FE models produces more realistic distributions between data slices com-

pared to those derived from Euler angle interpolation. This approach enables

cardiac FE models to be fitted to low-resolution data, as is often the case with

DWI.

In Chapter 10, in which the indifference in microstructural orientations was

assessed, Euler angle interpolation was used to allow for efficient fitting of mi-

crostructural orientations with only one parameter per node. For quaternion in-

terpolation, at least three parameters are required (that is, if the rotation angle α

is kept constant, which essentially reduces the problem to a vector field fitting).

Thus, quaternions would significantly increase complexity in computation and

analysis. For consistency, Euler angles were also used in Chapters 8 and 9, as

both interpolation schemes achieve sufficient goodness-of-fit at the data points,
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Figure C.1: Equatorial slices of a cardiac model fitted to diffusion data, using Euler

angles and quaternions. Note high in-plane resolution and large separation

between slices longitudinally. Euler angles: arbitrary myofibre rotations, re-

flected by distributions in histogram. Quaternions: singular myofibre rota-

tion. Histogram shows helix angle distributions of −60◦ (epicardium) and

+60◦ (endocardium) as seen in previous studies [37].
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and because the improvements in fits are due to the superior objective func-

tions.

Quaternions are defined with respect to the global coordinate system, while

Euler angles are embedded in the model geometry and are determined with

respect to the local coordinate system. The definition in the local coordinate

system is an elegant way of describing helix angles, as the circumferential co-

ordinate ξ1 is aligned with the short-axis. For quaternions, the interpretation of

the parameters is less straightforward (see Appendix D). However, other fields

and research groups use different geometries, where this advantage of Euler

angles may be less pronounced.





D
I M P L E M E N TAT I O N O F Q U AT E R N I O N

I N T E R P O L AT I O N O F M I C R O S T R U C T U R A L

O R I E N TAT I O N F I E L D S

In Appendix C, microstructural orientations were interpolated using quater-

nions. The following example for implementing quaternions was written in

Cmgui
1 to demonstrate how quaternion fields can be set up to describe micro-

structural orientations.

Quaternions extend the complex numbers to 3 complex components

q = a+ bi + cj + dk, (D.1)

where q is a quaternion consisting of the real numbers a, b, c, and d, and

the fundamental quaternion units i, j, and k with i2 = j2 = k2 = ijk = −1.

Quaternions can be visualised as a rotation around an unit vector u by an

angle θ so that the components of the quaternion equal to

a = cos(
θ

2
) (D.2)

b = sin(
θ

2
)× ux

c = sin(
θ

2
)× uy

d = sin(
θ

2
)× uz.

A tri-cubic Hermite model of a LV equatorial slice was defined to consists of 16

nodes, at which following fields are defined:

• Geometrical coordinates with x,y, z and 7 derivatives, as is appropriate

for tri-cubic Hermite interpolation, to define the shape of the equatorial

slice.

1 CM Graphic User Interface, http://physiomeproject.org/software/opencmiss/cmgui
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gfx read nodes initial_model.exnode;

gfx read elements initial_model.exelem;

• An auxiliary microstructural orientation field with helix, imbrication, and

sheetlet-normal angles all set to 0 radians. This is used to create an ortho-

gonal wall coordinate system F, G, H at each data point, so that F points

along ξ1 and H is orthogonal to the wall plane, pointing from endocar-

dium to epicardium (see Figure 6.6 in Chapter 6). It is not optimised.

gfx read nodes elementCOS.exnode;

gfx read elements elementCOS.exelem;

• A quaternion field with four values a,b, c,d, each with 7 derivatives as is

appropriate for tri-cubic Hermite interpolation.

gfx read nodes quaternion.exnode;

gfx read elements quaternions.exelem;

Quaternions are interpolated and constructed at data point locations that cor-

respond to the voxels in the DWI data. The respective FE coordinates (ξ1, ξ2,

and ξ3) for each data point are evaluated.

gfx read data data_coordinates.exdata;

# Evaluate xi location for each data point

gfx def field cube_location find_mesh_location mesh mesh3d mesh_field coordinates

source_field data_coordinates;

At each data point, the wall coordinate system F, G, H is interpolated and

constructed using Cmgui’s function fibre_axes.

# construct wall coordinate system F, G, H at each datapoint

gfx def field cosAxes fibre_axes coordinate coordinates fibre elementCOS;
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gfx def field cos_axes embedded element_xi cube_location field cosAxes;

gfx def field F composite cos_axes.1 cos_axes.2 cos_axes.3;

gfx def field G composite cos_axes.4 cos_axes.5 cos_axes.6;

gfx def field H composite cos_axes.7 cos_axes.8 cos_axes.9;

After embedding the quaternion field at each data point, each set of quaternion

values can be expressed as a rotation matrix R

R =


1− 2s(c2 + d2) 2s(bc− ad) 2s(bd+ ac)

2s(bc+ ad) 1− 2s(b2 + d2) 2s(cd− ab)

2s(bd− ac) 2s(cd+ ab) 1− 2s(b2 + c2)

 , (D.3)

where s = ||q||−2. This rotation matrix is applicable to any quaternion q, but in

case q is a unit quaternion, s = 1.

The Cmgui function quaternion_to_matrix provides the rotation matrix.

# evaluate quaternion at each data point, and construct rotation matrix

gfx def field embedded element_xi cube_location field quaternionField;

gfx def field M quaternion_to_matrix field Q;

gfx def field R composite M.1 M.2 M.3 M.5 M.6 M.7 M.9 M.10 M.11;

The rotation matrix R is then applied to any vector to calculate the rotated

vector (vrot) through vrot = Rv, where v stands for the respective wall coordinate

axis. This provides the three material axes f, s, n for further use, e.g. to calculate

the objective function used for fitting microstructural orientation fields.

# rotate F,G,H by R to construct rotated material axes

gfx def field host_fibre_vector matrix_multiply number_of_rows 3 fields R F;

gfx def field host_sheet_vector matrix_multiply number_of_rows 3 fields R G;

gfx def field host_normal_vector matrix_multiply number_of_rows 3 fields R H;

Because the quaternion parameters are defined with respect to the global co-

ordinate system, the initial configuration of nodal parameters is not as straight-

forward as it is, for example, using Euler angles. Figure D.1 illustrates how

parameters can be initialised to represent a microstructural orientation that re-
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sembles a transmural helix angle gradient from +60◦ at the endocardium to

−60◦ at the epicardium.

Figure D.1: Initial quaternion parameters at the nodes to represent a transmural helix

angle gradient from +60◦ at the endocardium to −60◦ at the epicardium.

The legend of initial configurations, of which there are four combinations,

are used to label the nodes.



E
F I T T I N G M Y O F I B R E A N D P U TAT I V E

S H E E T L E T O R I E N TAT I O N S T O D I F F U S I O N

T E N S O R S

In Chapter 8, a novel method for directly fitting microstructural orientation

fields to diffusion tensors was proposed. This method can be extended to also

fit the least strongest diffusion orientation, which corresponds to the tertiary

eigenvector.

Since the three eigenvectors are defined to be mutually orthogonal, defining E1

and the tertiary eigenvector automatically determines E2. The same principle

can be applied to fit the orthogonal material axes f, s, n to the diffusion tensors.

It is straightforward to define an additional objective function term, which finds

the least strongest diffusion with which to define the sheetlet-normal vector (n).

If fitted simultaneously with the strongest diffusion direction, the material axes

can be aligned with the three axes of the diffusion tensor.

Conceptually, the diffusion across sheetlets is expected to minimal. The object-

ive function ∆n for fitting the sheetlet-normal direction n was hence set up in

a similar way to fitting myofibre orientations: The objective function value at

a voxel (εv) would be minimal if n was aligned with the direction of minimal

diffusion.

∆n =
∑
v

εv (E.1)

is to be minimised, where

εv = nTv ·Dvnv. (E.2)

Cmgui, in which the fitting framework was developed, does not offer an in-

built maximisation routine, and, therefore, the objective function for myofibre
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orientations needs to be rewritten as a minimisation function. Also, both object-

ive functions’ values ideally range between 0 and 1. The normalised objective

functions (Ψf and Ψn) are

Ψf =
∑
v

(
λ1,v − fTv ·Dvfv
λ1,v − λ3,v

)2
(E.3)

and

Ψn =
∑
v

(
nTv ·Dvnv − λ3,v

λ1,v − λ3,v

)2
, (E.4)

where f and n are the material axes representing the myofibre and sheetlet-

normal orientations, respectively, and λ1,v and λ3,v the primary and tertiary

eigenvalues, respectively, of the diffusion tensor (Dv) at the voxel (v).

Both objective functions can be minimised simultaneously. A sub-optimal al-

ternative approach would be to first optimise Ψf, and the subsequent fitting

of Ψn would rotate the material axes s and n to rotate around f until best

alignment of n with the weakest diffusion is reached. However, this approach

would place preferential bias on the fit to the maximum diffusion direction, at

the expense of the fit of n to the minimum diffusion direction.
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