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Abstract 

Myocardial fibrosis (MF) is a common feature of cardiac disease, characterized by 

excessive deposition of collagen (i.e., scar tissue) and expansion of the myocardial 

extracellular volume (ECV). This phenomenon contributes to cardiac dysfunction, 

promotes further cardiac disease, and has implication in preceding cardiac morbidity and 

mortality. The extent of myocardial MF can be analyzed globally (across the entire 

myocardial region) and/or regionally (across the fibrotic area exclusively) using cardiac 

magnetic resonance (CMR) imaging techniques, such as late gadolinium enhanced imaging 

or quantitative methods like native T1 and ECV mapping. CMR-based measurements of 

MF, native T1, and ECV allow for differentiation between various cardiac disease states 

and are shown to be clinically significant predictors of patient outcomes. However, in order 

to analyze tissue volumes or classify disease states, clinicians must first perform a manual 

tracing of the myocardial borders to define an initial region of interest (ROI), while regional 

MF quantification requires additional manual selection of a reference healthy myocardial 

tissue region. These manual processes are tedious, user-dependent, and highly prone to 

operator error, which can significantly confound resultant measures of T1, ECV and 

quantified MF tissue zones. Thus, alternative, minimally user-dependent techniques for 

MF, T1 and ECV quantification are appropriate. In this dissertation, several techniques for 

improving automated quantification of myocardial T1, ECV, and MF regions are 

presented. The proposed approaches presented in this document incorporate concepts from 

deep learning and image processing to achieve automated or semi-automated segmentation 

of the myocardium, MF, T1 and/or ECV in the left ventricle (LV) and left atrium (LA).  
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Chapters 

Chapter  1: Preface 

1.1 Motivation 

Myocardial fibrosis (MF), also referred to as “scarring” of the heart muscle, is a 

condition that coexists with and/or succeeds a number of cardiac diseases. This condition 

is characterized by myocardial tissue remodeling and expansion, both of which jeopardize 

cardiovascular health and increase the likelihood of developing further cardiovascular 

disease.  

Different patterns of MF are associated with different disease states, thus, non-

invasive techniques to characterize deposition of MF are desired for diagnostic purposes. 

To this aim, cardiac magnetic resonance (CMR) imaging is commonly employed. 

Moreover, MF predicts major adverse cardiovascular events and death [1]– [3], where 

higher degrees of MF are universally associated with poorer patient prognoses. Thus, MF 

measurements are often used to predict patient outcomes, stratify risk, and monitor 

treatment [4],[5]. Therefore, the development of reliable and accurate measurement 

techniques for MF quantification is crucial for clinicians and their patients. Several MF 

quantification techniques have been suggested for this purpose, however, universal 

agreement on a single method is yet to be established [6],[7]. Although highly prone to 

operator error and variability, manual planimetry of both the myocardial borders and the 

MF regions is considered the reference standard [8]. 

Therefore, the motivation for this thesis was to evaluate the ability of quantitative 

imaging techniques to diagnose and predict disease states associated with MF using 
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automated and/or minimally user-dependent techniques for segmentation of the myocardial 

border and MF. We propose several approaches for this aim, using both conventional image 

processing-based and deep learning-based techniques.   

1.2 Possible Challenges and Limitations 

To accurately assess and quantify MF non-invasively, an appropriate modality of 

imaging should be taken into consideration. CMR imaging using late gadolinium 

enhancement (LGE) is the front-line imaging technique used to diagnose and assess the 

degree of MF in clinical practice. In this technique, the patient undergoes CMR imaging 

after intravenous injection of a gadolinium-based contrast agent (GBCA), which serves to 

“highlight” or “enhance” regions consistent of fibrosis within the myocardium. The 

enhanced areas can then be quantified and used toward risk stratification, outcome 

prediction, and treatment planning [1]– [4]. However, as discussed in Section 2.2.1 of this 

thesis, the LGE CMR technique poses a number of challenges in measurement accuracy, 

as the method is not inherently quantitative, but rather, expresses enhancement of 

myocardial tissue on an arbitrary scale. Therefore, in order to produce more accurate and 

reliable measurements of MF, we propose the use of quantitative CMR-based imaging 

techniques. 

T1 and extracellular volume (ECV) mapping are two methods that have been used 

toward this aim. Both methods produce images wherein pixel intensities are directly 

translatable to an intrinsic quantitative parameter (i.e., the T1 relaxation value and ECV 

percentage, respectively), which is altered in regions consisting of fibrosis.  Both T1-maps 

and ECV-maps have been shown to correlate highly with histological imaging of the 

human myocardium [5]– [7] and may therefore be stronger predictors of patient outcomes 
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as compared with LGE CMR. However, measuring MF can be challenging in these kinds 

of images. Prior studies implement semi-automated techniques to quantify MF in T1 and 

ECV maps, after defining an initial myocardial region of interest (ROI) using either manual 

delineation or manual correction of an estimated ROI [6],[8]– [10]. Our aim is to advance 

current techniques by developing algorithms for fully automated myocardial and/or MF 

segmentation that are independent of user input. 

There are several conceivable obstacles to this task. Contrast differences between 

the myocardium, the blood pool and other background structures are not as stark or easily 

conceivable as compared to LGE CMR and other forms of CMR imaging. This may lead 

to erroneous inclusion of non-myocardial tissues in the automated myocardial ROI. Spatial 

resolution is also a limiting factor. T1 and ECV mapping images tend to have coarser 

spatial resolution, which can lead to partial volume effect, a phenomenon where a single 

pixel contains intensities from several tissue types and results in an “averaging” effect. This 

may lead to inaccurate computation of T1 and ECV and further, may confound MF 

measurements, particularly in areas of sporadic or intermittent MF.  

1.3 Summary of Contributions 

The research work in this thesis has novelty in both clinical application and in method 

development. The contributions are classified into two groups, (1) myocardial border (i.e., 

initial ROI) segmentation methods and (2) clinical outcomes and disease correlation based 

on MF segmentation indices and/or quantitative features of the myocardium.  

1.3.1 Myocardial Border Segmentation 

We have developed myocardial border segmentation algorithms for direct application to 

T1 and ECV maps. The methods are described below. 
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(1) Fully automated myocardial segmentation of native T1, contrast enhanced T1, and 

ECV maps using convolutional neural networks 

In this method discussed in Chapter 3, we use a convolutional neural network (CNN) based 

on the renowned U-Net [11] architecture for fully automated segmentation of the 

myocardium in both native (non-contrast) and contrast enhanced T1-maps in patients with 

three different forms of myocardial disease (also called cardiomyopathy): ischemic, 

hypertrophic, and dilated (ICM, HCM and DCM, respectively). To our knowledge, this is 

the first study of its kind to achieve fully automated myocardial segmentation on both 

native and contrast enhanced maps across different cardiac disease states – a critical 

milestone, since MF deposition and placement differs across cardiomyopathies and can 

significantly influence segmentation results. This work is published in the Journal of 

Medical Physics. See Section 1.4 for citation and Chapter 3 for full details.  

Similarly, in Chapter 4, we achieve fully automated myocardial segmentation of ECV 

maps using a CNN based on the U-Net [11] and U-Net++ [12] architectures. We 

demonstrate that either framework can be used to achieve accurate myocardial contours in 

ECV mapping images with negligible differences in accuracy. This study is the first, to our 

knowledge, to achieve fully automated segmentation of myocardial contours in ECV maps. 

Prior studies have implemented semi-automated methods for this purpose. We also 

performed an inter-observer variability analysis in this study, which showed that 

myocardial ECV values computed across different operators can vary significantly, but 

differences for the same operators against both U-Net and U-Net++ are not statistically 

significant. Thus, this work highlights the impact that operator error can have on 

myocardial ECV values. This work has been published and presented in the Society for 
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Optics and Photonics Conference on Medical Imaging: Biomedical Applications in 

Molecular, Structural and Functional Imaging (see section 1.4, description on Chapter 4 

for full details).  

(2) Fully automated myocardial segmentation of native and contrast enhanced T1 

maps using registration and deformation of prior contours from CINE images 

Here, we achieve fully automated segmentation of native and contrast enhanced T1 maps 

using a framework based on deforming and propagating myocardial contours segmented 

automatically from CINE CMR images. This method takes advantage of the superior 

contrast of CINE images, wherein myocardial tissue is starkly distinguishable from the 

blood pool and background tissues. This is the first study to use CINE images toward 

segmentation of T1-mapping images. Some meaningful findings were reported with 

regards to accuracy metrics computed in patients with ICM using this technique versus the 

direct application of the CNN-based technique (described above). This work is part of the 

same publication mentioned above (see section 1.4, description of Chapter 3). 

1.3.2 Clinical Outcomes and Disease Correlation Based on MF Segmentation 

Indices and Global Myocardial T1/ECV 

These contributions are centered around using measurements from myocardial pixels 

to predict patient outcomes and/or correlate to various cardiac disease states. We have 

implemented methods for MF segmentation on LGE CMR and T1 mapping images (with 

and without the use of intravenous GBCAs). We have used regional MF measurements and 

overall (i.e., global) T1 and/or ECV measurements to contribute to the quantitative 

classification of various myocardial disease types. We have also used MF measurements 
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toward outcome prediction and correlated MF measurements with secondary cardiac 

disease.  

(1) Validation of an algorithm for semi-automated segmentation of MF from the left 

atrium (LA) and correlation to LA fibrillation 

Atrial fibrillation (AF) and MF are two conditions that notoriously coexist; however, the 

causality of these conditions is yet to be fully recognized. While there is evidence that AF 

contributes to the development of MF, there is also evidence that MF can cause and/or 

perpetuate an AF process [13]– [18]. Thus, the aim of this work was to corroborate the 

causality of AF to MF. Using LGE CMR images of canines, we validated an algorithm for 

MF segmentation based on the image intensity ratio (IIR) [19], wherein the manually 

segmented myocardial region is normalized by the mean of the blood pool chamber and 

MF pixels are classified as the mean normalized myocardial tissue intensity plus two 

standard deviations. In this work, we validated the performance of this segmentation 

technique over conventional segmentation techniques such as full width at half maximum 

(FWHM) and signal threshold to reference mean (STRM), which are notorious to over-

segment MF in the thin-walled LA. The IIR method has been implemented for LA MF 

segmentation in human studies, however, our work is the first to validate IIR MF 

measurements to histopathological imaging and correlate the evolution of MF 

measurements before and after AF is present. This work has been published in the Public 

Library of Science (PLOS) One Journal. Full details can be found in Chapter 4. 

(2) Classification of cardiomyopathy disease types using global T1 values in native 

and contrast-enhanced T1-mapping images 
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In patients with various forms of cardiac disease involving fibrosis, myocardial T1 values 

are altered. Thus, different cardiomyopathies may be diagnosed and distinguished using 

T1 values. Here, we use our automated myocardial segmentation algorithm to delineate 

myocardial borders in order to report global myocardial T1 values across HCM, ICM and 

DCM states using both native and contrast-enhanced T1-maps. This work contributes to 

improved establishment of the accepted ranges for diseased myocardial T1 in native and 

contrast-enhanced images, which may facilitate improved diagnostics.  This research is 

part of our work published in the Journal of Medical Physics. The full citation information 

is described below under “Chapter 3”.  

(3) Quantification of MF core and “border” zones in multi-contrast late-enhancement 

T1-mapping images and the impact of spatial resolution in predicting arrhythmic 

processes  

MF caused by myocardial infarction (MI) may consist of an infarct core (IC) and a 

heterogeneous, semi-viable border zone (BZ). Patients with chronic MI in the left 

ventricular (LV) myocardium are at increased risk of developing ventricular arrhythmias 

and may therefore qualify for implantable cardioverter defibrillator (ICD) therapy. Indices 

based on MF mass are shown to be sensitive in predicting adverse ventricular arrhythmic 

events. In this work, we implement quantification of IC and BZ regions using a fuzzy c-

means clustering algorithm and compare the computed masses determined by T1-mapping 

CMR techniques to those of conventional LGE CMR. Specifically, we found that 

diminished spatial resolution in T1-mapping images led to an increase in estimation of the 

BZ mass, likely due to partial volume effects, which led to a reduced sensitivity in the 

prediction of appropriate ICD therapy. This work demonstrates the importance of using 
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imaging techniques with appropriate spatial resolution, particularly when predicting patient 

outcomes or planning treatment. This work is published in the Journal of Medical Physics. 

Citation information and full details regarding the methods implemented in this work are 

available below under “Chapter 6”.   

(4) Classification of cardiomyopathy phenotypes presenting with interstitial MF in 

native T1 and ECV mapping CMR using radiomic analysis and machine learning 

Left ventricular hypertrophy and interstitial MF are key features of several cardiac diseases, 

including HCM, cardiac amyloidosis, hypertension (HTN) and Fabry’s disease [20]-[24]. 

These conditions typically require multi-modality imaging, inclusive of echocardiography, 

nuclear imaging, CMR, Computed Tomography (CT), etc. to support diagnosis [20],[23]. 

Moreover, the treatment and management of such disease states can vary significantly – 

from implantable cardioverter defibrillator (ICD) therapy and/or protein stabilizing drugs 

(amyloidosis) to antihypertensive drugs (HTN), beta and calcium blockers (HCM), or 

enzyme replacement therapy (Fabry’s disease) [23]. In this work, we aim to achieve CMR-

based binary (normal versus abnormal) and multiclass classification of patients with 

amyloidosis, Fabry’s disease, HCM, HTN, and healthy volunteers using native T1 mapping 

and ECV mapping imaging, respectively. We compared three methods, categorized into 

two approaches which were based on (1) radiomic analysis (RA) or (2) deep learning. The 

two RA-based methods included gradient boosting regression trees (GBRT) and k nearest 

neighbour (KNN), both of which were applied with ensemble learning, i.e., “stacked” with 

a linear support vector classifier (SVC). The deep learning-based method was a CNN with 

four convolutional layers, each followed by max pooling and two dense layers. In this 

work, we found that RA-based methods outperform CNNs for both binary and multiclass 



 34 

classification of disease states, however, differences in performance for the binary 

classification task were negligible across all three methods. On the other hand, for 

multiclass classification, RA-based methods (particularly, the GBRT and SVC ensemble 

method) outperformed CNNs across all accuracy metrics. While class imbalance led to 

deficits in accuracy metrics for minority classes (i.e., HTN and Fabry’s disease) across all 

classification techniques, the CNN was more prone to overfitting and over-predicted the 

majority class (HCM), leading to low AUC scores of 0.5 across minority groups and 

healthy volunteers. Statistical significance between predicted labels was not demonstrated 

for the RA-based methods but was demonstrated for the CNN method against true 

classification labels, as per the Kruskal-Wallis test (P=0.0042). Although additional 

training data is required to optimize all classification methods used in this work, we were 

able to demonstrate that RA-based methods may be more appropriate for multiclass 

classification of cardiomyopathy phenotypes using CMR imaging alone. Further studies 

and/or the addition of supplemental imaging data could permit improved multiclass 

classification accuracy. Work on improving classification accuracy is still underway. We 

intend to acquire more imaging data from minority classes and submit our work to a 

reputable journal in cardiac magnetic imaging science. Full details regarding the methods 

implemented in this contribution are available below under “Chapter 7”. 

1.4 Thesis Organization 

This doctoral thesis is written and organized in the “integrated article” style and has 

been prepared according to the integrated thesis policy on the Carleton University Graduate 

Calendar, Section 12.4. Chapter 2 of this thesis presents the background information and 

the literature review applicable to the proposed methods presented in this thesis. Chapters 
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3 – 7 of this thesis present the methods used toward the aim of automated myocardial 

boundary and/or fibrosis segmentation. These chapters demonstrate the research 

contributions made through this doctoral work and indicate the reproduced articles, either 

in whole or in part, that have been published or are awaiting publication. The full 

bibliographical details for each article are provided with their corresponding chapter are as 

follows: 

Chapter 3 – reproduced in part, published in Journal of Medical Physics: 

 

Farrag, N. A., Lochbihler, A., White, J. A., & Ukwatta, E. “Evaluation of fully 

automated myocardial segmentation techniques in native and contrast-enhanced 

T1-mapping cardiovascular magnetic resonance images using fully convolutional 

neural networks,” Medical Physics, 2020, doi: 10.1002/mp.14574. 

 

Chapter 4 –reproduced in part, presented and published in Society for Optics and 

Photonics (SPIE) Conference on Medical Imaging in Biomedical, Structural and 

Functional Imaging: 

 

Farrag, N. A., Bhagavan, S., Sebben, D., Ruwanpura, P., White, J. A. & Ukwatta, 

E. “Automated myocardial segmentation of extra-cellular volume mapping cardiac 

magnetic resonance images using fully convolutional neural networks,” in Proc. 

SPIE, Apr. 2022, vol. 12036. doi: 10.1117/12.2626738. 

 

Chapter 5 – reproduced in part, published in Public Library of Science (PLOS) One 

Journal:  

 

Farrag, N. A., Thornhill, R. E., Prato, F. S., Skanes, A. C., Sullivan, R., Sebben, D., 

Butler, J., Sykes, J., Wilk, B. & Ukwatta, E., “Assessment of left atrial fibrosis 

progression in canines following rapid ventricular pacing using 3D late gadolinium 

enhanced CMR images”, PLoS ONE 17(7), 2022, doi: 

10.1371/journal.pone.0269592. 

 

Chapter 6 – reproduced in part, published in Journal of Medical Physics: 

 

Farrag, N. A., Ramanan, V., Wright, G. A., & Ukwatta, E. “Effect of T1-mapping 

technique and diminished image resolution on quantification of infarct mass and its 

ability in predicting appropriate ICD therapy,” Medical Physics, vol. 45, no. 4, pp. 

1577–1585, 2018, doi: 10.1002/mp.12840. 

 

Chapter 7 – original work in progress (manuscript currently in preparation) 
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Farrag, N. A., Ayeegoundarvenkatesan, P., Samal, P., Bhagavan, S., White, J. A. 

& Ukwatta, E., A fully automated pipeline for classification of five HCM 

phenotypes using transfer-learning and radiomic analysis of extracellular volume 

mapping. In progress.  
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Chapter  2: Background and Literature Review 

2.1 Clinical Problem: Myocardial Fibrosis 

Cardiovascular disease (CVD) is an umbrella-term used to describe a group of 

disorders that impact the heart and cardiovascular system, which are responsible for up to 

31% of deaths worldwide [1]. Heart disease, a component of CVD, is the second leading 

cause of death in Canada. About 1 in 12 Canadian adults over the age of 20 live with heart 

disease and every hour, about 12 Canadian adults die of this disease (Statistics Canada, 

2012-2013 Public Health Agency of Canada's Canadian Chronic Disease Surveillance 

System). Myocardial fibrosis (MF) is a common feature of nearly all forms of heart disease 

[2], characterized by excessive deposition of collagen (i.e., scar tissue) and expansion of 

the extracellular volume (ECV) in the heart muscle (i.e., the myocardium). This 

phenomenon is often referred to as “cardiac remodeling”, wherein a variety of quantitative 

and qualitative changes occur within the interstitial myocardial collagen network that lead 

to cardiac stiffness and dysfunction [2]. As a result, several complications may occur, 

including heart failure, arrhythmia, and sudden cardiac death (SCD), giving MF a 5-year 

mortality rate of up to 20% [3]. Thus, MF has implication in preceding cardiac morbidity 

and mortality and may therefore be an appropriate biomarker to predict cardiac outcomes.  

MF of the left atrium (LA) is correlated with atrial fibrillation (AF), a condition 

characterized by a quivering, irregular heartbeat that is associated with increased risk of 

secondary CVDs such as stroke and heart failure [4]. However, quantification of left atrial 

MF via non-invasive imaging is challenging due to low image resolution relative to the LA 

wall, which is merely 1 mm in thickness [5]. MF of the left ventricular (LV) myocardium 

has been found to correlate with incidence of both atrial and ventricular arrhythmias and 
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adverse cardiac outcomes [6], [7]. Moreover, the LV is the thickest-walled heart chamber 

in the body, making left ventricular MF naturally more conspicuous on non-invasive 

imaging compared to the LA [8]. Thus, MF of the LV is most predominantly assessed for 

diagnostics and risk stratification due to ease of visualization and quantification using non-

invasive imaging and/or histopathological imaging. As such, MF measurements from the 

LV may provide an improved means of risk stratification for heart failure, arrhythmia and 

SCD compared to the left ventricular ejection fraction (LVEF), the current risk metric, 

which is considered outdated and unreliable. 

2.1.1 Cardiac Anatomy, Structure and Function 

The mammalian heart is a mechanical and electrical organ that is positioned 

obliquely in the chest cavity, typically between the level of the third costal cartilage and 

the diaphragm. The great veins, including the superior and inferior vena cava, aortic arch 

and pulmonary artery are situated above the superior (i.e., the upper-most) surface of the 

heart, called the heart base. The inferior (lower-most) tip of the heart, called the apex, 

typically lies to the left side. The right side of the heart is tipped anteriorly while the left 

side is tipped posteriorly [9]. Figure 2-1 demonstrates the typical position of the heart in 

the human chest cavity. 

The mammalian heart is made up of a several layers of muscle cells, namely the 

endocardium, myocardium, epicardium and pericardium, demonstrated in Figure 2-2. The 

innermost muscular layer, the endocardium, lines the inner wall of the heart. The 

myocardium sits above the endocardium and is the thickest layer of the heart, chiefly 

responsible for the contraction motion that occurs during the heart’s beating cycle. The 

outermost muscular layer is the epicardium, which serves as an additional layer of 
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protection and contained the coronary blood vessels that oxygenate the tissues of the heart. 

The pericardium acts as an additional protection barrier and lubricant to reduce friction 

between the heart and surrounding tissues[10], [11].  

 
Figure 2-1 Position of the human heart in the chest cavity in anterior (frontal) view 

The heart base is situated superiorly (i.e., top-most) while the heart apex is situated inferiorly (bottom-

most) and tipped left. This image was provided freely https://courses.lumenlearning.com/ap2/chapter/heart-

anatomy/. 

 

In each of the aforementioned muscular layers of the heart, an extracellular matrix 

(ECM) exists, which is a molecular network of macromolecules that is interleaved between 

the cardiac muscle cells, called myocytes. The ECM consists of macromolecules such as 

collagen, elastic fibers and glycoproteins. This network is essential in providing 

biochemical and structural support to the cardiac tissue [12].  

Structurally, the heart is made up of four chambers, which are the right and left atria 

and the right and left ventricles. The right atrium receives deoxygenated blood from the 

body, which is pumped into the right ventricle via the tricuspid valve and onward to the 

lungs via the pulmonary artery for oxygenation. Oxygenated blood returns to the left atrium 

via the pulmonary veins and is pumped through the mitral valve to the left ventricle, the 

https://courses.lumenlearning.com/ap2/chapter/heart-anatomy/
https://courses.lumenlearning.com/ap2/chapter/heart-anatomy/
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largest and strongest heart chamber, which can then be pumped through the aortic valve to 

the aorta, thereby providing oxygen to all the body’s organs/tissues through the systemic 

circulation system. This process is repeated for every heartbeat. The pumping of the blood 

through the each of the cardiac valves, arteries and veins is a function of the myocardium, 

facilitated and regulated by the heart’s electrical conduction system. Each heartbeat is 

stimulated by the sinoatrial (SA) node, the main pacemaker of the heart, which releases 

stimuli causing the left and right atria to contract, thereby pumping blood into the 

respective ventricles. Following this, the stimulus from the SA node eventually reaches the 

atrioventricular (AV) node, which briefly slows down electrical signal to allow ventricles 

time to receive blood from the atria. After the electrical signal leaves the AV node, it travels 

to a bundle of conduction cells called the Bundle of His, which branch and divide into a 

system of conducting fibers in the left and right ventricles, causing ventricular contraction.   

 
Figure 2-2 Layers of the heart muscle 

The layers of the heart muscle are shown from innermost (left) to outermost (right). The endocardium is the 

innermost layer, followed by myocardium, epicardium and pericardium. This image was downloaded freely 

from ‘http://www.vascularinnovations.com/heart-basics.html’.  

 

2.1.2 Myocardial Fibrosis Subtypes 

MF is classified into two main subtypes, replacement MF and interstitial MF, as 

demonstrated in Figure 2-3. Replacement MF is also referred to as scarring fibrosis, 
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wherein a dense, focal region of the myocardium endures significant tissue damage or 

necrosis (i.e., tissue death). This phenomenon most frequently occurs after the patient 

experiences an ischemic event, i.e., myocardial infarction (MI) [13]. MI is most typical 

caused by coronary artery disease (CAD), wherein a coronary artery that provides blood to 

the myocardium is blocked due to buildup of fatty plaque deposits. The obstruction of 

blood flow in the artery prevents oxygen and essential nutrients within the blood from 

reaching the myocardial tissue, eventually causing myocardial tissue death in the region of 

the blocked artery. The pathophysiological mechanism leading to MI-related fibrosis is 

acute, wherein an intense inflammatory response is induced, leading to degradation of the 

normal interstitial matrix and rapid replacement of dead cells with collagen type-I scar [1]. 

This results in a dense, localized region of irreversible scarring. Aside from MI-related 

ischemic injury, replacement MF may also occur from other cardiac diseases, such as 

hypertrophic cardiomyopathy, myocarditis or sarcoidosis [13]. 

Interstitial, often referred to as “diffuse” MF, differs from replacement MF in its 

distribution within the myocardium and its pathophysiological mechanism. Interstitial MF 

is characterized by a dispersed deposition of collagen and/or proteins within the 

extracellular matrix, occurring in the absence of cardiac necrosis [14]. The mechanism 

leading to interstitial MF tends to be progressive rather than acute as in the case of 

replacement MF. To further differentiate from replacement MF, interstitial MF may 

potentially be reversible, contingent on early detection and appropriate treatment measures 

[12]–[14]. 

 Interstitial MF is further sub-divided into two types: reactive or infiltrative. In 

reactive interstitial MF, myofibroblasts are stimulated to increase collagen production, and 
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collagen is deposited in the extracellular matrix. This phenomenon is often present in 

common conditions such as aging, hypertension, diabetes mellitus or dilated 

cardiomyopathy [12], [13]. Infiltrative interstitial MF is caused by progressive deposition 

of insoluble proteins or glycosphingolipids in the interstitial myocardial space. This 

condition is much rarer and may be seen in conditions such as amyloidosis or Anderson-

Fabry disease [12], [13]. Both reactive and infiltrative interstitial MF can eventually lead 

to cardiomyocyte apoptosis (i.e., programmed cell death of the myocardial cells), which 

ultimately results in irreversible replacement MF [15]–[17]. Thus, early detection and 

treatment intervention is of utmost importance in order prevent further deterioration of 

interstitial MF to irreversible replacement MF.  

 

 
Figure 2-3 Cellular composition of myocardium in healthy vs. diseased states 

Healthy myocardium (A), interstitial myocardial fibrosis due to hypertrophy (B) and replacement myocardial 

fibrosis due to MI (C) are demonstrated from left to right. Collagen (scar) is shown in blue color between the 

cardiomyocyte cells (red) (i.e., within the ECM). Myofibroblasts, responsible for collagen synthesis and 

deposition, are demonstrated within the ECM in green. In interstitial MF (B), scar is distributed diffusely and 

sporadically within the ECM. In replacement MF, scar is condensed and distributed focally to one region. 

This image is referenced from de Graaf et al.’s 2014 manuscript [18], referenced in the bibliography. 
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2.1.3 Assessment of Myocardial Fibrosis 

MF can be assessed in a number of ways. Until recently, the gold standard method 

for MF assessment has been endomyocardial tissue biopsy, an invasive method wherein a 

small sample is taken from the right ventricular (RV) side of the interventricular septum 

that separates the RV from the LV [12]. In this approach, a transthoracic needle is inserted 

into either the femoral or internal jugular vein and a sheath is introduced into the vein such 

that a biopsy forceps can be advanced to the region of interest [19], [20]. This procedure is 

facilitated under x-ray fluoroscopic guidance. This sample is typical <1mm3 in size and is 

assessed via histopathological imaging using Masson trichome staining, allowing for 

absolute quantitative assessment of the collagen volume within the sampled region [12]. 

Although the endomyocardial biopsy technique is accurate, it also has several downsides. 

Firstly, the procedure itself is quite invasive and therefore carries a risk of complications, 

including carotid puncture, perforation of coronary artery and/or myocardium, prolonged 

bleeding, vasovagal reactions, arrhythmic events or conduction abnormalities [20]. 

Moreover, this method does not allow for assessment of the entire LV nor the entire heart, 

and furthermore carries the risk of sampling error, which restricts accuracy of results [12].  

 Recently, non-invasive diagnostic imaging (DI) techniques have been established 

as safer alternatives to endomyocardial biopsy for MF assessment. Cardiac magnetic 

resonance (CMR) and computed tomography (CT) are the two most commonly used DI 

methods for diagnosis, assessment and quantification of MF. 

 CT imaging is an ionizing radiation modality that has been increasingly explored 

as a clinical tool for evaluation of CAD, allowing for evaluation of coronary artery plaques 

and assessment of artery stenosis [12]. This allows for precise localization of the 
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intervention area for treatment. Patients with CAD also frequently have large, focal regions 

of replacement MF, identifiable on CT scans acquired using an extravascular iodinated 

contrast agent, which lingers and enhances in extracellular regions where scar is present 

thereby allowing clinicians to discern MF regions from healthy myocardium [15], [21]. 

However, from a tissue characterization standpoint, CT imaging is less appropriate, due to 

low contrast resolution and poor signal-to-noise ratio [12], [14], [21]. This is particularly 

problematic for the assessment of interstitial MF, which is diffusely distributed in the 

myocardium. In addition, this technique requires the use of ionizing radiation, which is 

harmful and particularly problematic for patients requiring serial imaging. Thus, CT 

imaging has the potential to assess MF, however, widespread application of this technique 

to clinical practice is unlikely, as the drawbacks to this technique may be addressed by 

using CMR [12], [14], [21]. 

  CMR imaging has recently been increasingly explored for the assessment of MF. 

This technique allows for non-invasive, comprehensive assessment of the anatomical 

structure and function of the heart with high resolution, high image contrast, and without 

the use of ionizing radiation [22]–[24]. There are three main techniques used to evaluate 

MF in CMR: late-gadolinium enhancement (LGE), T1-mapping CMR and ECV-mapping 

CMR. In addition, the cinematic (CINE) CMR imaging technique is used for assessment 

of cardiac function. While the CINE technique does not explicitly allow for MF tissue 

characterization, this method may assist in the diagnosis and treatment planning for patients 

with MF by allowing measurement of various functional parameters that are altered by 

various cardiac diseases. CMR imaging methods used in diagnosis of MF are discussed in 

detail in Section 2.2. 
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2.1.4 Conditions Related to Myocardial Fibrosis 

MF is a common end point of a number of pathological processes that affect the 

myocardium and is therefore a prominent feature of several forms of myocardial disease. 

Myocardial infarction (MI) is one of the most common conditions that causes MF, 

however, several other conditions can bring about MF, including hypertrophic and dilated 

cardiomyopathies (HCM and DCM, respectively), aortic stenosis, myocarditis, sarcoidosis, 

hypertensive heart disease, among many others [1], [14], [25].  

Furthermore, MF is also precursor of heart failure and cardiac conduction disorders, 

including ventricular and atrial arrhythmias and sudden cardiac death (SCD). The changes 

in the ECM associated with the pathological mechanism of MF may create pathways for 

abnormal cardiac conduction that can cause or perpetuate arrhythmic events. Thus, MF has 

been proposed as a risk-stratification method for arrhythmic cardiac events and SCD [26]–

[30]. In patients with secondary arrhythmic conditions such as AF, MF segmentation is an 

essential step toward creating computational models of the heart for treatment with catheter 

ablation using electroanatomical voltage mapping systems (EAMs) [31], [32].  

2.2 Non-invasive Imaging of Myocardial Fibrosis Using Cardiac Magnetic 

Resonance 

Myocardial tissue characterization and MF quantification is permissible using 

cardiac magnetic resonance (CMR) imaging. CMR is a non-invasive imaging technique 

that uses a strong magnetic field and radiofrequency (RF) waves to generate diagnostic 

images with superior contrast and temporal resolution [33].  

Magnetic resonance imaging (MRI) of all body regions is based on the physics of 

nuclear magnetic resonance (NMR) of hydrogen protons, which are prominent components 
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of water, fat and other body tissues [34]. Hydrogen atoms have magnetic properties due to 

their electron motion, which acts as a current loop. Under the influence of a strong, static 

magnetic field (i.e., the field of the magnetic resonance imaging machine, typically 1.5 or 

3T), hydrogen protons in the body experience a bulk magnetic effect and will align parallel 

with the static magnetic field direction in the longitudinal (z) plane. Influenced by 

radiofrequency waves tuned to the hydrogen protons’ precession frequency (i.e., the 

Larmour frequency), the proton magnetization vector will excite and “flip” from the z-

plane into the transverse (x-y) plane. Excited hydrogen protons will eventually relax back 

to equilibrium in the z-plane in a time-varying fashion, dependent on each tissue’s 

composition of hydrogen protons [34], [35]. During this relaxation process, a magnetic 

resonance signal is induced and collected in a nearby RF receiver coil to create the image. 

The time with which the excited magnetization vector takes to recover back to 63% of its 

maximum value in the longitudinal (z) plane is referred to as T1 recovery. The time by 

which the transverse (x-y) magnetization component decays back to approximately 37% 

of its initial value is referred to as T2 relaxation [34]–[36]. Magnetic resonance images can 

be created on the basis of T1 recovery (called T1-weighting), T2 relaxation (called T2-

weighting), the density of hydrogen protons (called proton density weighting), among 

many other weightings that allow clinicians to visualize multiple variations of contrast. The 

differences in the respective recovery or relaxation times between tissues contributes to 

image contrast [36].  

2.2.1 Late Gadolinium Enhancement (LGE) 

LGE CMR has been established as the preferred technique for diagnosis and 

quantification of MF. This technique is based on the concept that the expanded 
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extracellular space in fibrotic regions allows for increased pooling of fluids and other 

molecules compared to the normal, unexpanded ECM belonging to healthy myocardial 

tissue. Moreover, the molecules that accumulate into expanded ECM areas take longer to 

wash out, due to decreased capillary density and efficiency in the region [13].  

To acquire LGE CMR images, a cardiac gated T1-weighted gradient echo sequence 

(GRE) is used after application of an inversion pulse, which nulls the signal of healthy 

myocardium. Prior to image acquisition, an intravenous (IV) gadolinium-based contrast 

agent (GBCA) is introduced into the patient’s body, which acts to facilitate T1-shortening 

in the regions at which the gadolinium resides. After being introduced into the body 

intravenously, the GBCA will flow through the patient’s circulation system and eventually 

reach the heart, at which point it will infiltrate the myocardial tissue and distribute into the 

extracellular space. Due to the ECV expansion and reduced capillary function that is 

characteristic of MF regions, the GBCA will concentrate into the MF areas and wash out 

at a slower rate as compared to surrounding healthy tissue. This results in a visual 

difference in signal in fibrotic regions, which appear brighter due to the shorter T1-

relaxation time associated with the GBCA. Moreover, the nulling of normal myocardial 

signal allows for increased contrast between the regions, wherein healthy myocardium 

appears darker and MF appears brighter [13], [14], [37]. This phenomenon is demonstrated 

in Figure 2-4. 
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Figure 2-4 Example LGE-CMR image demonstrating enhanced fibrosis 

Late gadolinium enhanced (LGE) CMR image in short-axis view of a patient with hypertrophic 

cardiomyopathy. Left ventricle (LV) and right ventricle (RV) blood pool chambers are labeled. Normal LV 

myocardial tissue is demonstrated as the dark, oval-shaped region surrounding the LV chamber, delineated 

by the dotted lines. A large region of MF is demonstrated as the bright region within the normal myocardial 

segmentation, delineated with a solid line. This image is referenced from Fluchter et al.’s 2010 manuscript 

[38], cited in the bibliography. 

 While LGE CMR imaging represents a major milestone in diagnosis and 

management of MF, several drawbacks are associated with this technique. From a technical 

standpoint, LGE CMR is associated with many variables that make reproducibility 

challenging. For example, healthy myocardial null point is chosen manually at the time of 

acquisition, which is subject to operator error [14], [39]. Likewise, image contrast is subject 

to timing of gadolinium washout, which varies between patients and even in sequential 

imaging of the same patient due to metabolism differences. Similarly, since the image 

acquisition is gated by the patient’s heart rate, some acquisitions may permit more 

gadolinium washout, diminishing the contrast between MF and healthy surrounding 

regions [12].  

LGE CMR has several drawbacks from a clinical standpoint, as well. While stark, 

regional contrast differences may be prominent in patients with replacement MF, 

visualization and quantification of interstitial fibrosis is more problematic in LGE-CMR 
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[40]. Sporadic distribution of MF may make it impossible for the user to define a region of 

clearly unaffected healthy myocardial tissue to null in the LGE CMR acquisition, and as 

such, these images may demonstrate nulled signal in areas of fibrosis, which would obscure 

results [41], [42]. Thus, diffuse/interstitial MF may go undetected on LGE CMR [12], [41]–

[44]. Histopathological assessment of diffuse fibrosis has found LGE to correlate poorly 

with areas of increased collagen volume computed using endomyocardial biopsy [42], [45].  

Finally, the LGE CMR technique presents challenges in the quantification of MF 

due to subjectivity of enhancement measurements. As mentioned, the enhancement of 

myocardial signal is expressed on an arbitrary scale, posing challenges when it comes to 

comparison MF measurements in serial imaging. Moreover, the threshold used to define 

healthy tissue versus MF is also subjective. Several image thresholding techniques exist to 

quantify MF in LGE CMR images (discussed in Section 2.3.2), wherein a threshold is 

arbitrarily picked by the user during post-processing [12]. This poses an issue when it 

comes to comparison of MF metrics from one imaging study to the next. Lastly, in LGE-

CMR images, direct MF quantification is not possible, since pixel intensities are a function 

of GBCA retention and are not directly representative of a quantitative parameter [46], 

[47].  

 The LGE CMR method remains heavily relied on for clinical evaluation of MF; 

however, the aforementioned drawbacks have led to exploration of alternative imaging 

approaches to better assess and quantify this disease. 

2.2.2 T1 Mapping 

T1 mapping is a novel CMR imaging technique that addresses some of the 

drawbacks of LGE-CMR by allowing for quantitative characterization of myocardial 
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tissue. T1 mapping CMR differs from T1-weighted CMR in that each pixel within the 

image is directly representative of the corresponding tissue’s T1-relaxation parameter, 

measured in milliseconds, which is intrinsic and specific to every tissue in the body [48]–

[50]. The principle of T1-mapping is based on the principle of T1 magnetization recovery, 

a fundamental concept of magnetic resonance imaging. In the presence of a large magnetic 

field, tissues in the body experience a small magnetic moment due to hydrogen content in 

the tissues [34], [35]. Hydrogen atoms have magnetic properties due to their electron 

motion, which acts as a current loop. The magnetic moment of the body tissues aligns with 

a large static magnetic field (i.e., the field of the magnetic resonance imaging machine, 

typically 1.5 or 3 Tesla) in the z-plane. Following application of a radiofrequency (RF) 

pulse, the body tissues’ magnetization vectors are rotated into the x-y plane [34]–[36]. The 

magnetic moments will eventually relax back to equilibrium in the z-plane, the speed of 

which is called the “T1 relaxation” or “longitudinal recovery” time and is dependent on the 

tissue type. This longitudinal recovery speed is modeled by an exponential function [50], 

[51]. By acquiring data at varying time points after RF excitation, it is possible to model 

the T1 recovery function by measuring T1 vs. time, as demonstrated in Figure 2-5. 

Mathematical curve fitting can then be used to define the T1-relaxation parameter for each 

pixel, the values of which are then used to reconstruct the final T1 map [13], [52]. Each 

raw image pixel is sampled at every time point to model an exponential function, which 

can be fit to determine a relaxation time parameter. This parameter is the pixel intensity of 

the resultant T1-map.  

The T1-mapping acquisition process is therefore based on three steps, as follows: 

(1) a T1 magnetization preparation pulse of either 90o or 180o (i.e., saturation recovery 
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(SR) or inversion recovery (IR), respectively) is applied, (2) a single image is readout after 

a variable delay time and (3) the process is repeated several times during T1 recovery to 

generate multiple raw, T1-weighted images [51]–[53]. The T1-map is a reconstructed 

image that is created by sampling all of the raw images generated by the T1-mapping pulse 

sequence and computing a T1-recovery parameter for each pixel based on mathematical 

curve fitting [13], [41], [50], [54]. Motion compensation algorithms are applied when 

reconstructing the T1-map to account for respiratory and/or cardiac motion differences 

across each raw image. Each raw image pixel is sampled at every time point to model an 

exponential function, which can be fit to determine a relaxation time parameter. This 

parameter is the pixel intensity of the resultant T1-map, expressed in milliseconds (ms). 

T1-maps are two-dimensional images that are often generated using color-coding, 

however, pixel intensities may also be mapped to grayscale. 

 
Figure 2-5 Curve fitting method used to create T1-maps 

Creation of a T1-map using six T1-weighted images (top row) acquired at varying inversion times (TIs). 

Signal intensity (S(TI)) of a particular pixel is graphed on the y-axis, against TI on the x-axis. The signal 

intensity models an exponential function vs. time, as demonstrated by the green curve. The respective pixel’s 

T1 parameter can be computed using the equation 𝑆(𝑇𝐼) = 𝐴 − 𝐵𝑒
(−

𝑡

𝑇1
)
, where 𝐴 and 𝐵 are fitting 

parameters related to the equilibrium magnetization and type of preparation pulse, 𝑡 is inversion time (TI) or 

time after the saturation pulse, and 𝑇1 is the T1 relaxation time of the selected pixel. This process is repeated 

for all pixels to create the final T1-map (demonstrated in color scale in bottom right). This image is referenced 

from Werys et al.’s 2020 manuscript, referenced in the bibliography [55]. 
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There are several techniques that can be used to acquire T1-maps. Most methods 

are acquired during cardiac gating in the diastole phase while the patient holds their breath, 

in order to reduce motion artifact. Several repeated breath holds are required for acquisition 

of a single pulse sequence. The most commonly used T1 mapping technique was 

established by Messroghli et al. called the Modified Look-Locker Inversion-recovery 

(MOLLI) method [56]. This IR-based technique provides high resolution T1-maps in a 

single breath hold over 17 heartbeats. A variation of this technique is called the shortened-

Modified Look-Locker Inversion-recovery (shMOLLI) technique, which uses the same 

methodology with reduced breath hold times, acquiring high-resolution images over 9 

heartbeats [57]. Other T1-mapping techniques based on SR have been proposed, namely, 

saturation recovery single-shot acquisition (SASHA) and saturation pulse prepared heart 

rate independent inversion recovery (SAPPHIRE), but are less commonly used in clinical 

practice due to poorer precision as compared to MOLLI and shMOLLI sequences [58]. 

T1-mapping can be performed with or without the use of GBCAs, called native T1-

mapping and contrast-enhanced/post-contrast T1-mapping, respectively. In either case, 

tissue characterization is permitted by direct differentiation of the T1-relaxation parameter, 

which is altered in certain disease processes. Native T1 relaxation times increase in tissue 

regions with myocyte injury and/or expansion of the ECV, such is the case of MF [23], 

[54], [59], [60]. T1-mapping following the administration of GBCAs leads to a 

proportional reduction in T1-relaxation relative to the GBCA’s retention within the ECV, 

and thus, reduced T1 relaxation times in fibrotic regions [23], [54], [61], [62]. The signal 

coming from native T1-maps is predominantly reflective of the signal from myocytes and 

best demonstrate areas of replacement MF [61], [63]. Post-contrast T1-values are 



 54 

predominantly representative of signal coming from the ECV space [64]. Hence, native 

T1-maps may be used to characterize replacement fibrosis, while post-contrast T1-maps 

may better characterize interstitial fibrosis [65]. Native and post-contrast T1-maps are 

created in grayscale but are often displayed using color mapping in order to better 

differentiate myocardial contrast. Figure 2-6 demonstrates an example of native and post-

contrast T1-maps in grayscale and using color mapping. 

Myocardial T1 values are dependent on magnetic field strength, scanner 

manufacturer, the T1-mapping pulse sequence and other acquisition parameters and post-

processing [60]. Thus, various magnetic resonance manufacturers are making efforts to 

standardize T1 measurements between different vendors [51]. Several studies have aimed 

at reporting ranges for normal, healthy myocardial T1 values among different magnetic 

resonance vendors, field strengths and using different T1-mapping pulse sequences. 

Healthy human native (i.e., non-contrast) myocardial T1 values have been recorded 

between 950 to 1050 ms using the MOLLI sequence across Philips, Siemens and General 

Electric vendors at 1.5 Tesla field strength [60], [66]– [69]. T1 is inherently increased at 

higher field strengths, thus healthy native myocardial values of 1100 to 1300 have been 

reported in humans at 3 T field strength across the aforementioned vendors [59], [60], [66], 

[70]– [72]. Post-contrast T1 values vary on the time of imaging acquisition after injection 

of the GBCA, contrast agent dosing and renal function [48], but have been reported in the 

range of 402 – 504 ms between 10 to 20 minutes after introduction of the GBCA [59], [73]. 

Due to confounding factors effecting the measured T1 value after injection of a GBCA, T1 

values reported from contrast enhanced T1 maps may have higher measures of variation 

and may therefore be less robust compared to native T1 and ECV [73]. 
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In patients with various forms of cardiac disease involving fibrosis, myocardial T1 

values are altered. Global (i.e., overall) myocardial T1 values in patients with HCM have 

been recorded in the range of 1230 – 1254 ms in native images and 300 – 430 ms in post-

contrast images at 3 T. Global myocardial T1 values in patients with DCM have been 

recorded at 1264 – 1364 ms in native T1 maps and 444 – 549 ms in contrast enhanced T1 

maps at 3T [59]. Although several studies have demonstrated characteristic changes in 

myocardial T1 in different forms of cardiac disease, further studies are required to better 

establish accepted ranges for normal and diseased myocardium among different field 

strengths.  

 

Figure 2-6 Example T1-maps demonstrating expansion of ECV 

Native (left) and post-contrast (right) T1-maps acquired using the Look-Locker pulse sequence are shown in 

grayscale (top row) and color mapping (bottom row). The images shown are of a patient with amyloidosis, a 

condition wherein an insoluble protein called amyloid is deposited in excess in the extracellular space of the 

myocardium. This condition is associated with an elevation of native T1 values and decrease in post-contrast 

T1 values relative to normal myocardium (see delineated regions in the grayscale native and post-contrast 

T1-maps). This image was downloaded freely by the courtesy of Dr Joachim Feger via Radiopaedia.org, rID: 

74008 (https://radiopaedia.org/articles/myocardial-mapping).  

https://radiopaedia.org/articles/myocardial-mapping


 56 

   

2.2.3 ECV Mapping 

ECV mapping is a quantitative imaging technique wherein pixel intensities are 

reflective of an estimation of each tissue’s ECV. Changes to the myocardial ECV is a 

diagnostic marker of myocardial tissue remodeling [49], [50], [54], [61]. Expansion of the 

ECV due to collagen deposition (in the absence of amyloid or edema) is a hallmark 

indicator of MF due to deposition of collagen [49], [50], [60]. Therefore, ECV mapping 

may be particularly useful in quantitation of MF in cardiomyopathies exhibiting interstitial 

fibrosis or cardiac diseases that are not associated with infarction. 

The ECV mapping technique is based on measuring the ratio of change in T1 

between myocardium and blood before and after the administration of a GBCA and is 

expressed as the percent of tissue comprising the extracellular space. This technique offers 

some unique advantages over other CMR techniques since it is a physiologically intuitive 

unit of measurement that is independent of magnetic resonance field [52], [61], [74]. 

Moreover, the ECV measurement is unaffected by confounding factors such as obesity, 

renal function, time of image acquisition post-injection of CBGA, and GBCA 

characteristics such as water exchange rate, which effect both the post-contrast T1 values 

measured by contrast-enhanced T1-mapping and signal intensity measured by LGE CMR 

[48], [61], [73], [74]. Thus, ECV mapping provides less variability between different 

scanners at different field strengths and could be of significant benefit for monitoring 

interval changes and/or assessing treatment effect in patients with cardiac disease [61], 

[73], [74] and has been shown to correlate highly with histological imaging of human 

myocardium [52], [62], [75]. 
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ECV maps are created using native and post-contrast T1-mapping data and are 

estimated using the following equation, 

𝑬𝑪𝑽 = (𝟏 − 𝑯𝒄𝒕)
𝟏

𝒑𝒐𝒔𝒕 𝒄𝒐𝒏𝒕𝒓𝒂𝒔𝒕 𝑻𝟏 𝒎𝒚𝒐𝒄𝒂𝒓𝒅𝒊𝒖𝒎
−

𝟏

𝒏𝒂𝒕𝒊𝒗𝒆 𝑻𝟏 𝒎𝒚𝒐𝒄𝒂𝒓𝒅𝒊𝒖𝒎
𝟏

𝒑𝒐𝒔𝒕 𝒄𝒐𝒏𝒕𝒓𝒂𝒔𝒕 𝑻𝟏 𝒃𝒍𝒐𝒐𝒅
−

𝟏

𝒏𝒂𝒕𝒊𝒗𝒆 𝑻𝟏 𝒃𝒍𝒐𝒐𝒅

   Equation 2-1 

where 𝐻𝑐𝑡 is blood hematocrit, a measurement of the cellular fraction of blood [54], [61]. 

Normal ranges for hematocrit are 40 – 54% in men and 36 – 48% in women [76], [77]. 

ECV maps are typically generated in color-scale, as demonstrated in Figure 2-7.   

 

Figure 2-7 ECV maps of patients with different cardiomyopathies 

ECV maps were created using MOLLI T1 data at 1.5 T for patients with HCM, DCM and heart failure with 

preserved ejection fraction (HFPEF). Images are demonstrated in colour scale ranging from 0 – 100%, as 

demonstrated by the color bar on the right. In these particular ECV maps, red areas demonstrate regions of 

ECV > 30%. This image is referenced from Haaf et al.’s 2016 manuscript [74], cited in the bibliography. 

 ECV values are increased in myocardial regions that exhibit MF due to collagen 

deposition and expansion that is inherent to this disease, as demonstrated in Figure 2-8. 

Normal myocardial ECV ranges have been reported around the range of 23 – 28% at both 

1.5 T and 3T [60], [61], [66], [68]. Significant increases in ECV are seen in diseases such 

as HCM, DCM, amyloid and MI [53], [60], [62]. Several studies have reported ECV ranges 

for patients with the aforementioned cardiac diseases, however, a standard diagnostic 

criterion is yet to be concluded. Currently, most clinical imaging centers use ECV > 28 or 
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30% as a diagnostic marker for fibrosis [61], [73], [75], [79]. However, the diagnostic range 

of ECV values is variable between diffuse and replacement fibrosis types. ECV values 

>40% have been reported in areas of dense replacement while interstitial fibrosis and 

myocardial areas at risk are reported with ECV values > 30% [61], [79]. Thus, further 

studies are required to establish standardization of ECV ranges for diagnostic 

characterization of various cardiac diseases.  

 

Figure 2-8 Cardiovascular diseases associated with changes in ECV 

Various diseases associated with altered ECV values are demonstrated. Notably, both interstitial (diffuse) 

and replacement (focal) MF are associated with increased ECV. This image is referenced from Robison et 

al.’s (2019) manuscript [80], cited in the bibliography. 

 

2.2.4 Cinematic Cardiac Magnetic Resonance 

Cinematic (CINE) CMR is used to assess the condition and function of the heart in 

patients with various cardiac diseases and is included by default in virtually any CMR 

imaging examination [39], [81]. The CINE technique is unique in that it allows clinicians 

to assess the functionality of the heart by acquiring “movies” demonstrating the heart’s 

motion. CINE images are obtained by repeatedly imaging the area of interest at a single 

slice location throughout the course of the cardiac beating cycle, which is recorded during 

CINE imaging using MRI-compatible electrocardiogram (ECG) technology. Typically, 10 

– 30 image frames are acquired at each slice location in synchronization with ECG data 

using steady-state free precession (SSFP) gradient echo (GRE) imaging sequences with 

very short echo times (TEs). The short TE times associated with SSFP GRE imaging allows 
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for multiple lines of k-space (i.e., multiple frames) to be acquired at each slice location 

during a single heartbeat [22], [39], [82]. When multiple lines of k-space are collected 

during each heartbeat (called the R-R interval), the total imaging time decreases by a factor 

of the number of views per segment (NVS) [83]. Figure 2-9 demonstrates example of image 

frames acquired in the CINE pulse sequence in short axis view. 

 
Figure 2-9 CINE images and geometric axes of the ventricles 

A typical geometric model of the long axis of the LV and RV is shown on the left-most side. The right-most 

side demonstrates a sequence of twelve CINE images, acquired in short axis (i.e., images are acquired 

perpendicular to the long axis geometry that is shown) across slice locations from the apex (top left) to the 

base (bottom right) of the LV. Only a single frame per image location in demonstrated, however, typically 

between 10-30 frames are acquired per slice location across the cardiac beating cycle in a full CINE imaging 

acquisition. This image was downloaded from Petitjean, C. & Dacher, J-N.’s article (2010) and is referenced 

in the bibliography [79]. 

 

CINE imaging is typically used to evaluate right and left ventricular wall motion, 

contractile function, volume and mass measurements, blood flow as well as the viability of 

cardiac valves [22], [39], [81], [85]. Typically, several CINE sequences are acquired at 

various cardiac imaging planes in order to get an overall assessment of the aforementioned 

parameters. Common cardiac imaging planes include short axis, horizontal long axis (four 

chamber view) and vertical long axis (two chamber view), which are prescribed along a 

line extending from the apex of the heart to center of the mitral valve [86]. Valve viability 

and blood flow are typically assessed qualitatively through visual assessment of CINE 

images across various imaging planes by a cardiologist or a radiologist specializing in 
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cardiac anatomy. Volume and mass parameters, such as ejection fraction (EF), left/right 

ventricular mass, stroke volume (SV), end systolic volume and end diastolic volume (ESV 

and EDV, respectively) are measured quantitatively by measuring the differences in the 

size of endocardial and epicardial contours between systolic and diastolic phases of the 

cardiac cycle [87]. 

The left ventricular ejection fraction (LVEF) is a particularly important parameter 

measured using CINE CMR and/or echocardiography which is used to assess prognosis 

and severity of functional damage caused by various cardiac diseases. LVEF is the 

percentage of blood that the LV pumps out with each contraction, normally ranging 

between 50 – 70% [88]. Reduced LVEF (<40%) has been correlated with high levels of 

morbidity and mortality [89], [90] and is therefore a widely recognized as a risk 

stratification measure for arrhythmias, heart failure and SCD [91], [92]. Thus, LVEF is a 

critical parameter used in decision making for implantation of implantable cardioverter-

defibrillator (ICD) devices following myocardial infarction (MI) [91]. 

An important distinction between CINE CMR compared to LGE, T1-mapping and 

ECV-mapping CMR is the inability to distinguish fibrotic myocardial tissue from healthy 

myocardial tissue. While CINE imaging permits measurement of critical volumetric and 

functional parameters that are associated with cardiac disease, tissue characterization is not 

possible [93], [94]. 

2.3 Measurement of Measurement of Myocardial Fibrosis in Cardiac Magnetic 

Resonance Imaging 

Analysis and measurement of MF is a critical step in determining prognosis and 

treatment planning for patients with various forms of cardiac disease. In order to assess the 
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severity of MF, it is necessary to first isolate the myocardium as an initial region-of-interest 

(ROI). This is done by delineating the inner (endocardial) and outer (epicardial) borders, a 

process typically performed by a trained clinician, by manually tracing these regions using 

commercial image processing software [93], [94]. This process is tedious, time consuming 

and highly prone to inter- and intra-operator error. Erroneous inclusion of blood pool 

and/or pericardial tissue regions in the myocardial ROI can significantly confound MF 

measurements, which may affect prognosis of treatment planning. Ideally, automating this 

process would eliminate the potential for operator error while improving diagnostic 

efficiency. Automated myocardial segmentation has been achieved in CMR images using 

both conventional image-processing algorithms and deep learning-based techniques. 

Following isolation of the myocardial region, MF may be analyzed visually or 

quantitatively using a variety of conventional and/or machine learning algorithms.   

2.3.1 Intensity-based Methods for Segmentation of the Myocardium and MF 

Both the myocardial ROI and the fibrotic regions within the myocardium can be 

quantified using various segmentation techniques that are based on the intensity differences 

existing between the relevant region and its surroundings. These methods include 

threshold, energy-minimization, and clustering segmentation techniques. 

2.3.1.1 Threshold Segmentation Techniques 

Intensity-based segmentation techniques are often used for quantification of MF, 

specifically in LGE-CMR, after a prior delineation (either automated or manual) of the 

myocardial ROI. Intensity-based segmentation techniques are based on the definition of a 

threshold value, with which pixel intensities above the value are defined as MF and below 

the value are defined as healthy myocardium. Widely used intensity-based thresholding 
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methods include Full Width at Half Maximum (FWHM), signal threshold versus reference 

mean (STRM), and region growing.  

2.3.1.1.1 Full width at half maximum 

The FWHM technique is typically used in LGE-CMR to quantify MF and defines 

the fibrotic threshold point as any pixel intensity that exceeds half of the maximum 

intensity of enhanced area. Thus, this technique requires that an expert user manually 

define an initial ROI inclusive of fibrosis, being careful not to erroneously include any 

remote (healthy) myocardium and/or non-myocardial tissues in the manually selected 

region [95]. 

2.3.1.1.2 Signal threshold versus reference mean 

The STRM method is also used for MF quantification, defining the fibrotic 

threshold point as any pixel intensity exceeding x standard deviations above the mean 

intensity of a manually selected region of healthy myocardial tissue. Typically, between 2 

to 6 standard deviations (i.e., STRM 2-SD – STRM 6-SD) are used to define MF regions, 

such that several MF measurements can be expressed [95]. There is currently no standard 

accepted number of standard deviations above mean myocardium used in clinical practice 

to quantify MF. Typically, the segmentation providing the best agreement with visual 

assessment is accepted.  

2.3.1.1.3 Region growing 

The region growing technique is an iterative intensity-based segmentation 

approach, typically used in LGE-CMR, that defines the MF segmentation based on the 

similarities of neighboring pixels with a manually selected “seed point” that is placed by 
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the user in an enhanced tissue region. The segmentation is created by examining pixels 

adjacent to the initial seed point in a small neighborhood and adding them to the 

segmentation based on some inclusion criteria, such as grayscale range, texture, or variance 

until reaching a convergence point. If separate enhanced regions exist throughout the 

myocardium, additional seed points may be required [96]. 

The FWHM, STRM and region growing algorithms are commonly used techniques 

to segment MF in LGE-CMR, however, since these techniques require user-interaction in 

defining ROIs and/or seed points, they are therefore prone to inter- and intra- operator 

error. Thus, several alternative segmentation approaches have been established, which may 

provide more robustness than the aforementioned techniques.  

2.3.1.2 Energy-minimization-based Segmentation Techniques 

Energy-minimization algorithms may be used to segment the entire myocardium 

and/or the MF regions within the myocardium using an optimization-based approach, 

which allow for improved results by incorporating shape, smoothness and location into the 

desired segmentation [97]. Active contours, level sets, and graph cuts are commonly used 

energy-minimization segmentation algorithms [98]. 

2.3.1.2.1 Active contour model 

Active contour models, also called deformable models (3D) or snakes, are 

commonly used algorithms for automated or semi-automated myocardial segmentation. 

The active contour model uses an energy minimizing spline function that is influenced by 

image forces to drive it towards the edges of an object, generating the segmentation [94]. 

The active contour is a set of points (𝑋(𝑠), 𝑌(𝑠)) that are parameterized by 𝑠 ∈ [0,1]. 
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These contour points are found by minimizing an energy function 𝐸 = 𝐸𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙 +

 𝐸𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙, where 𝐸𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙 and 𝐸𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 are the internal and external energy, respectively. 

The internal energy function controls the contour smoothness and is defined as follows: 

𝑬𝒊𝒏𝒕𝒆𝒓𝒏𝒂𝒍 =
𝟏
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where 𝛼 and 𝛽 are non-negative weighting parameters, respectively expressing the degree 

of contour resistance and bending. The external energy function finds the edges of the 

image 𝐼 as follows, 

𝑬𝒆𝒙𝒕𝒆𝒓𝒏𝒂𝒍 = ∫ ƒ(𝑿(𝒔), 𝒀(𝒔))𝒅𝒔
𝟏

𝟎
  Equation 2-3 

where ƒ(𝑥, 𝑦) =  |∇I(x, y)|2, the image gradient [95], [96]. 

Active contour models have been used to segment the myocardium in LGE, CINE 

and T1-mapping CMR [102]. Dharanibai et al. (2018) achieved fully automated myocardial 

segmentation of the LV using an active contour-based model driven by a local Gaussian 

distribution fitting (LGDF) energy and an auxiliary global intensity fitting energy [103]. 

Wei et al. (2011) achieved myocardial segmentation of LGE-CMR images using 

registration and propagation of CINE contours derived by an active contour model [104].  

2.3.1.2.2 Level set method 

The level set algorithm is an energy-minimization function that has the ability to 

adapt to changes in topology in images. In this technique, contours are represented as the 

zero-level set of a function that is defined in a higher dimensional hyper-surface (referred 

to as the level set function), one level higher than the object dimension to be segmented 

[97], [105]. The segmentation is iteratively refined by optimizing the level set function as 

follows: 
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𝝏𝜱(𝒙)

𝝏𝒕
+ 𝑭|𝜵𝜱(𝒙)| = 𝟎  Equation 2-4 

where 𝐹 represents the speed function and Φ(𝑥) the level set function, defined as 

 Φ(𝑥): |Ω →  ℜ. The speed function 𝐹 depends on image intensity and surface 

characteristics, such as curvature and normal direction. 

The level set algorithm allows for improved refinement of segmented region at the 

cost of computational time [106]. This technique is most frequently used in segmentation 

of the myocardial ROI in CINE-CMR, but has also been used to quantify MF in LGE-CMR 

[98].  

2.3.1.2.3 Graph cuts 

The graph cuts technique is an energy-minimization segmentation method wherein 

object segmentation is achieved by representing the image as a graph, 𝒢 = (𝒱, ℰ) 

consistent of nodes 𝒱 and edges ℰ. The nodes set, 𝒱 = 𝑠, 𝑡 ∪ 𝒫 contains terminal nodes 

called the source 𝑠 and the sink 𝑡, and non-terminal nodes 𝒫. Segmentation is achieved by 

separating foreground and background by partitioning a cut 𝐶 that separates the graph into 

subsets 𝑆, containing the source nodes, and 𝑇, containing the source sink nodes. Graph 

edges are assigned a cost 𝑤(𝑝, 𝑞), and the cost of a cut 𝐶 = 𝑆, 𝑇 separating the source and 

sink nodes is equal to the sum of the weights of edges (𝑝, 𝑞) such that 𝑝 ∈ 𝑆 and 𝑞 ∈ 𝑇. 

Ideal segmentation is achieved by finding the minimum cut, i.e., the cut that has the 

minimum cost of summed edge weights [107]. Graph cuts have been used for myocardial 

segmentation in CINE and LGE-CMR and MF segmentation in LGE- [98], [102], [108], 

[109]. Similarly, the graph cuts method is often used in combination with other approaches 

to refine a prior myocardial or fibrosis segmentation. For example, Oghli et al. (2017) used 

a combination of region growing with graph cuts to segment the left ventricular 
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myocardium in CINE images [105]. Lu et al. (2019) integrated the graph cuts method with 

multi-scale feature learning to refine right ventricular myocardial segmentations in CINE 

images [106]. Ukwatta et al. (2014) used a convex optimization-based algorithm for 

segmenting MF associated with myocardial infarction based on min-cut using continuous 

max-flow (CMF).  

2.3.1.3 Clustering Segmentation Techniques 

Clustering segmentation algorithms are unsupervised machine learning techniques 

that achieve segmentation by classifying pixels into groups based on some similarity 

metric. Support vector machines (SVM), k-means clustering, and fuzzy c-means clustering 

are some commonly used algorithms used for cardiac segmentation.  

SVM achieve segmentation by finding a hyperplane in an N-dimensional space that 

classifies pixels in to foreground and background classes.  In k-means clustering, pixels 

are separated into k clusters based on similarity of features, such that the within-cluster 

sum of squared differences is minimized. Similarly, fuzzy c-means clustering also assigns 

pixels into clusters based on the distance between the cluster center and the data point, 

however, each pixel is also assigned probability score which defines the likeliness of each 

pixel belonging to certain clusters. Clustering-based techniques are typically used to 

segment MF and semi-viable interstitial fibrotic tissue zones, called border-zone or gray-

zone, in LGE-CMR and T1-maps [26], [98], [112], [113]. 

2.3.2 Feature-based Methods of Analysis of MF 

Qualitative and quantitative features of CMR images can be used to characterize 

cardiac disease phenotypes manifesting in MF. For example, radiologists may use 

qualitative image descriptors, such as the shape, size, or relative intensity of a region to 
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support diagnostic conclusions pertaining to a particular disease state. For example, HCM 

is a cardiac disease state that is characterized by severe LV hypertrophy, i.e., significant 

enlargement of the LV myocardium [38]. Thus, the size of the LV myocardium may be 

used as a descriptor to support the diagnosis of HCM. Similarly, the size, shape, and 

distribution of MF allow radiologists to discern between interstitial versus replacement -

type fibrosis, which may discriminate ischemic from nonischemic disease phenotypes 

[114]. 

However, diagnostic markers in medical images are not always visually 

appreciable. Subtle differences in image contrast, texture or shape may go unnoticed and/or 

bring about subjectivity in image interpretation. Thus, the field of radiomics emerged, 

which aims to quantify features through mathematical extraction of the intensity patterns, 

spatial distribution, and interrelationships of pixels within medical images [115]– [117]. 

2.3.2.1 Radiomics analysis 

Figure 2-10 demonstrates the typical pipeline used to derive radiomic features from 

medical images. Medical images typically go through some pre-processing to begin the 

pipeline. Such steps may include intensity normalization, intensity transformation, image 

filtering, and/or denoising. Next, the relevant region or lesion is segmented using either 

manual, automated or semi-automated techniques. Features from a specific ROI may then 

be derived using the segmentation mask, thereby providing textural, intensity or shape 

differences that are specific to that region.  

During the feature extraction step, several parameters/options may be adjusted in 

order to improve the robustness of the extracted features. These options may include, but 

are not limited to, (1) pixel interpolation, which allows for feature sets to become 
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rotationally invariant; (2) intensity outlier filtering, which removes pixels from the 

segmented region that fall outside of a specified range, and (3) discretization, which groups 

the original ROI pixel intensity values within a specified range of intervals (called bins) 

and may be advantageous for imaging modalities with arbitrary intensity units [112]. These 

parameters are adjusted as needed to finally extract several radiomic features from within 

the segmented ROI. These features can broadly be divided into four categories: 

morphological (i.e., shape), histogram-based, texture and filter/transform -based features 

[115]– [118]. 

Once features have been derived from the ROI, feature selection is performed using 

various feature reduction and/or dimensionality reduction techniques to remove redundant, 

non-reproducible and non-relevant features from the dataset [112]. To this aim, correlation-

based methods or principal component analysis (PCA) are often employed. Lastly, the 

remaining features can be used to train a model for a classification task, approached using 

various machine learning methods [115]– [117], [119], [120]. 

Prior works have used machine learning-based pipelines to achieve radiomic 

analysis (RA) -based classification of various cardiomyopathies using native T1 mapping, 

LGE and CINE CMR imaging [121]– [128]. Recently, HCM phenotypes were successfully 

differentiated from alternative disease states presenting with similar imaging signs, such as 

LV enlargement and interstitial MF. For example, Antonopoulos et al.’s (2021) study 

differentiated between cardiac amyloid and left ventricular hypertrophy (LVH) vs. normal 

[122], and Wang et al.’s (2020) work differentiated between HCM genotypes caused by 

MYH7 and MYBPC3 genetic mutations [121], wherein both works used manually 

delineated myocardial contours and native T1 mapping images for RA classification. As 
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of now, the majority of RA-based methods for disease classification rely on manual or 

semi-manual myocardial contours [125]. 

 
Figure 2-10 Radiomic pipeline for classification. 

Radiomic studies begin with pre-processing, such as intensity normalization and/or noise reduction, followed 

by segmentation (automated or manual) in order to derive features specific to a certain ROI. Morphological 

(shape), texture, intensity-based and transform or filter -based radiomic features can then be quantified from 

the ROI. Feature selection or dimensionality reduction is then performed in order to remove redundant 

features and/or reduce the number of features used in the final data analysis step. The remaining features may 

then be used for various analyses, including model building for classification tasks. 

 

2.3.2.1.1 Morphological features 

Morphological features describe the shape and geometry of the region of interest. 

Examples of shape features include area or volume, maximum diameter, bounding box, 

sphericity, maximum surface, and compactness [116]. 

2.3.2.1.2 Histogram-based features 

 Histogram-based features are also often called first-order statistical features. These 

are based on the global image histogram and do not consider spatial relationships between 

pixels [116]. Examples of histogram-based features are the mean, median, minimum, and 

maximum pixel intensity across the image. Other first-level statistical features include 

skewness, kurtosis, energy and entropy [116], [119]. The image skewness is the degree of 

asymmetry of the pixel distribution. Kurtosis refers to the flatness of the distribution 

relative to that of the Gaussian distribution.  Energy refers to the image uniformity and is 
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larger when most pixels in the image are of similar intensities [129]. Image entropy is a 

measure of uncertainty and refers to the randomness of the pixel distribution [116]. 

2.3.2.1.3 Texture features 

 Texture features are also called second-order statistical features and differ from 

histogram-based features in that they take into account the statistical inter-relationships 

between neighboring pixels [116], [117]. The image gradient (i.e., the degree of abruptness 

of intensity fluctuations between neighboring pixels) can be used to derive several features 

specific to the gradient, including the gradient mean, variance, skewness, and kurtosis 

[116].  

Other texture features are commonly derived from a gray-level co-occurrence 

matrix (GLCM), which is a matrix of co-occurring grayscale values computed at a given 

offset over an image [130]. The GLCM models intensity pairs and the frequency with 

which those pairs exist within the neighborhood [117]. GLCM features include contrast, 

correlation, angular momentum (also known as joint energy), joint entropy, difference 

average, maximum probability, among many others [116], [119], [130]. Similarly, texture 

features can also be derived from the gray-level size zone matrix (GLSZM), gray-level run 

length matrix (GLRLM), or neighborhood gray-tone difference matrix (NGTDM) [119], 

[131]. 

2.3.2.1.4 Transform-based features 

 Transform-based features are also called higher-order statistical features and are 

derived using first and second -order statistical methods after applying mathematical 

transforms or filters to the image. By applying various transforms to the image, a new 
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image is created with which patterns can be detected. Examples of commonly employed 

filters for higher-order statistical feature extraction include wavelet, Laplacian of Gaussian 

(LoG), logarithm, and exponential filters, among many others [116], [117], [119], [131]. 

 

2.3.2.2 Machine learning classification using radiomic analysis 

Radiomic analysis permits numeric features to be extracted from medical images, 

from which classification can be performed. Binary classification distinguishes two classes 

from one another (e.g., healthy versus abnormal cardiac phenotype) and multiclass 

classification distinguishes three or more classes from one another (e.g., different types of 

cardiomyopathies). Various machine learning algorithms can be used to achieve 

classification. Some popular classifiers include decision trees/random forests, k nearest 

neighbors, and SVMs.  

 

2.3.3 Deep learning-based Methods for Analysis of MF 

In the last decade, deep learning algorithms have been implemented in a wide 

variety of cardiac segmentation problems. Deep learning-based algorithms offer 

advantages over traditional segmentation techniques based on edge detection and/or energy 

minimization, which are sensitive to noise and inhomogeneities in image intensity. Many 

of the traditional techniques used commercially for myocardial and/or MF segmentation 

either require refinement by a clinician and/or a user-defined initialization step [132]. Thus, 

these methods may be used to assist clinicians and save time, however, user interaction is 

still required. On the contrary, deep learning-based algorithms allow for completely 

automated segmentation, mitigating the need for user interaction and thereby eliminating 

inter and intra operator error. Deep learning methods are considered highly robust, 
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generalizable and scalable to several applications [133]. Moreover, these methods have 

been shown to outperform traditional methods in a variety of segmentation tasks across 

multiple imaging modalities.  

Convolutional neural networks (CNNs) are one of the most used deep learning 

algorithms for segmentation tasks in cardiac imaging. CNNs achieve segmentation by 

extracting image features through a set of hierarchical layers and pooling operations. CNNs 

may contain tens or hundreds of layers, each functioning to learn and detect crucial features 

that can be used to define regions of an image. A CNN contains an input layer, output layer 

and several hidden layers. The output from each hidden layer is used as input to the 

subsequent layer. Hidden layers perform various operations, such as convolution or 

pooling. The convolution operation applies filters to each training image at different 

resolutions across each layer of the CNN in order to identify various image features. 

Convolution layers can be applied with a rectified linear unit (ReLU) function in a single 

layer, wherein the ReLU is an activation function that maps negative values to zero in order 

to overcome the vanishing gradient problem, allowing for increased training efficiency and 

improved accuracy. Exponential linear unit (ELU) is an alternative activation function that 

can be used in CNNs. Unlike ReLUs, ELUs can produce negative values, thereby 

converging cost to zero faster with improved accuracy. The pooling layer is a down-

sampling operation, typically applied after a convolution layer, used to simplify output 

from a previous layer by reducing the dimensionality of features [134]. Max pooling is 

often used, whereby the maximum value for patches of a feature map is computed and used 

to create a down sampled feature map. A basic CNN model is demonstrated in Figure 2-

11.  
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After learning features through several layers in the CNN, the model aims to 

generate the desired output. If segmentation is the desired output of the CNN, a binary 

segmentation mask of the same dimensions as the input image will be output, wherein the 

relevant object of interest is mapped to pixel values of 1 and irrelevant structures and/or 

background pixels are mapped to pixel values of 0. If the desired output is classification 

rather than segmentation (e.g., classification of a disease state), the CNN model will output 

a single value that is mapped to a certain class. Whether segmentation or classification is 

desired, the output is usually achieved through a fully connected layer which is normally 

placed as the second-to-last layer of the model. This layer outputs a vector of k dimensions, 

wherein k is the number of classes the network will predict. Following the fully connected 

layer, a final classification layer is applied, such as a softmax function. This function 

transforms the unnormalized output of the preceding fully connected layer to a vector of 

probabilities between 0 and 1 (i.e., a probability distribution), which can be mapped to a 

discrete value based on a pre-defined threshold to provide the final output segmentation or 

classification [133]– [135].  

There have been several developments to the basic CNN architecture that have been 

used to achieve cardiac segmentation in CMR, such as fully convolutional networks 

(FCNs) [133], DenseNets [134], U-Net [135] and U-Net++ [136], among several others 

[137].  
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Figure 2-11 Diagram of basic CNN model 

Input, output and hidden layers are demonstrated. The image is fed into the input layer of the model (left-

most layer) and features are learned through convolution, pooling and rectified linear unit (ReLU) activation 

function layers. The classification is provided at the output layer (right-most layer). This image was freely 

downloaded courtesy of Mathworks®, via https://www.mathworks.com/discovery/convolutional-neural-

network-matlab.html.  

 

2.3.3.1 Fully convolutional networks 

Conventional CNNs contain fully connected layers, meaning that all subsequent 

layers are connected to their preceding layer. FCNs differ from conventional CNNs in that 

they do not contain any fully connected layers. Instead, subsequent layers are only 

connected to locally connected layers through operations such as convolution, pooling, or 

up sampling [138]. The lack of fully connected layers reduces the number of 

hyperparameters required for tuning, making FCNs simpler and faster to train [133], [139]. 

FCN-based methods have been shown to achieve automated myocardial and/or MF 

segmentation with high accuracy; however, these methods require large datasets for 

training, which is a potential drawback, as labeled medical imaging data is often scarce, 

particularly in segmentation tasks evaluating different disease states [132], [140]. 

Nevertheless, this problem can be mitigated using transfer learning and/or data 

augmentation. Several studies have implemented techniques based on FCNs for both left 

https://www.mathworks.com/discovery/convolutional-neural-network-matlab.html
https://www.mathworks.com/discovery/convolutional-neural-network-matlab.html
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and right ventricular segmentation in CINE images [94], [141]– [143]. Likewise, both 

myocardial and MF segmentation have been achieved in LGE-CMR using techniques 

based on FCNs [144]– [146]. On the other hand, myocardial segmentation of T1 mapping 

images using FCNs has been achieved in just one study. Fahmy et al. reported automated 

myocardial segmentation of native T1-mapping images acquired using the slice interleaved 

(STONE) pulse sequence using FCNs in 2019 [147]. While this is a critical milestone, there 

is still a need for further development of segmentation algorithms for myocardial 

segmentation of T1-mapping and ECV images. For example, FCN-based myocardial 

segmentation algorithms have not been implemented in alternative, more widely used T1 

mapping pulse sequences, such as MOLLI and shMOLLI. Moreover, FCN-based 

segmentation methods have not yet been applied to post-contrast T1 or ECV mapping 

images. 

2.3.3.2 U-Net  

The U-Net is a renowned FCN that was developed for biomedical image 

segmentation in 2015 by Ronneberger et al. [134]. U-Net differs from conventional FCNs 

in that it has a symmetric architecture composed of an encoder (down sampling) and 

decoder (up sampling) path and skip connections between the encoder and decoder paths, 

as shown in Figure 2-12. U-Net offers some advantages over alternative deep learning-

based segmentation algorithms in that it is robust across numerous types of medical images 

and requires very little annotated images [138]. 
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Figure 2-12 U-Net architecture. 

This figure is referenced from Ronneberger et al.’s (2015) manuscript [134], cited in the bibliography. The 

blue boxes represent multi-channel feature maps. The number of channels for each feature map is denoted 

on top of the respective blue box. The input image is down sampled and reduced in dimension as it passes 

through each convolution, wherein the x-y dimensions are denoted per each feature map. White boxes 

represent copied feature maps. Blue right arrows denote 3x3 convolution and ReLU operations, grey right 

arrows represent copy and crop operations, and light blue right arrows represent 1x1 convolution. Red down 

arrows represent 2x2 max pooling operations and green up arrows represent 2x2 up-convolution. Note that 

the red line dividing encoder and decoder paths is for visualization/understanding purposes only. 

 

The first half of the U-Net architecture is the encoder path, which follows the 

typical architecture of an FCN. The encoder path consists of several repeated “steps” 

whereby two 3x3 convolution operations are applied each followed by a ReLU (blue right 

arrows in Figure 2-12), after which, 2x2 max pooling is applied for down sampling (red 

down arrows in Figure 2-12). “Step one” of the encoder path can be visualized at the left-

most side of Figure 2-12. The first convolution operation is initially applied to the input 

image and changes the number of channels (i.e., the “depth”) of the image from 1 to 64 
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(i.e., this operation consists of 64 filters of size 3x3 and 1 channel per filter). The second 

convolution operation contains 64 filters of size 3x3 whereby each filter consists of 64 

channels. Thus, the output of the second convolution at “step one” is 64 feature maps. 

Output from “step one” is then max pooled to the next “step”, which doubles the number 

of feature channels and halves the image dimensions. This process is repeated a total of 

four times. Two border pixels are lost at every convolution operation; therefore, the 

dimensions of the image are reduced by four in length and width at each “step” in the 

encoder path. The number of feature channels for each convolution and max pooling 

operation with corresponding image dimensions cam be visualized across the encoder path 

can be seen in Figure 2-12. 

The decoder path, which is the second half of the architecture, consists of several 

“steps”, whereby 2x2 “up-convolution” is performed for up sampling of the feature map 

(green up arrows in Figure 2-12), followed by concatenation, whereby the feature map of 

corresponding dimensions from the encoder path is copied to the decoder path and cropped 

(grey right arrows and white boxes in Figure 2-12), and lastly, two 3x3 convolution 

operations, each followed by a ReLU. This process is repeated four times. The 2x2 “up-

convolution” operation halves the number of feature channels and doubles the dimensions 

of the image. For the concatenation operation, cropping is required because border pixels 

are lost at every 3x3 convolution layer; thus, cropping ensures the output segmentation 

map will have the same dimensionality as the original input image. At the final “step” in 

the decoder path, a 1x1 convolution layer is applied, which reduces the depth of the 

preceding convolution layer and maps the 64-component feature vector to the desired 
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number of classes, i.e., two classes, whereby class 1 is the segmented object and class 0 is 

the background and other irrelevant structures within the image.  

The U-Net model has been implemented in a number of segmentation problems in 

CMR. Zabihollahy et al. (2019) proposed a U-Net based technique for fully automated 

segmentation of the LV myocardium in 3D LGE-CMR [150]. Fahmy et al. (2018) also 

used a U-Net based architecture to segment the LV myocardium and MF regions in LGE-

CMR in patients with hypertrophic cardiomyopathy [151].  

2.3.3.3 DenseNet 

DenseNet is a type of CNN that uses dense connections and Dense Blocks, such 

that all layers are directly connected with each other [135]. Dense connections (i.e., fully 

connected layers) use a linear operation to connect inputs to subsequent layers using a 

weighting factor such that each layer gets input from all preceding layers and passes feature 

maps to all subsequent layers. Dense Blocks consist of several layers that are densely 

connected with matching feature map sizes to all other layers. Features are concatenated 

before being passed to the next layer (in contrast to ResNets [152], whereby features are 

instead combined through summation). In this way, the lth layer has l inputs, consisting of 

feature maps from all preceding convolutional layers [135], [153]. An example of a Dense 

Block architecture can be seen in Figure 2-13. The original DenseNet architecture consists 

of three Dense Blocks, wherein convolution and pooling layers are placed in between 

(called “transition layers”) to change feature map sizes. DenseNets offer the advantage of 

finding more refined features which may increase accuracy in image segmentation, 

however, computational time is higher due to the dense connections.  
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Figure 2-13 Architecture of Dense Blocks used in the DenseNet model (top) and DenseNet network with 

embedded dense blocks (below). 

Each layer within the Dense Block takes all preceding feature maps as input. This image is referenced from 

Huang et al.’s (2017) manuscript [135], referenced in the bibliography. 

 

2.3.3.4 U-Net++ 

U-Net++ is an FCN based on the original U-Net architecture which incorporates 

ideas from DenseNets [135] to improve accuracy [136]. U-Net++ differs from U-Net in 

that convolution layers are applied on skip-pathways to bridge the gap between encoder to 

decoder feature maps. Additionally, dense connections are applied on skip pathways, 

which improves gradient flow. The architecture of the U-Net++ model is demonstrated in 

Figure 2-14. The U-Net++ architecture contains the same encoder path, called the 
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backbone, and decoder path as original U-Net (both denoted by black arrows in Figure 2-

14). However, the original skip connections of U-Net are replaced by re-designed skip 

connections in U-Net++ (shown in blue and green in Figure 2-14), wherein every two 

adjacent nodes are connected. The skip pathways consist of dense convolution blocks 

consisting of three convolutional layers. Concatenation is performed before each 

convolutional layer, which fuses the output from the preceding convolutional layer of the 

same dense block.  Another notable difference between original U-Net and U-Net++ is 

deep supervision, whereby pruning may be performed to accelerate segmentation speed. 

U-Net++’s skip pathways allow for full resolution feature maps to be output at four 

“branches”, resulting in four output binary segmentation masks. Thus, deep supervision 

allows for the user to define how many branches will be used toward the final output 

segmentation. In “accurate mode”, the output segmentation mask is generated via 

averaging of all four branch outputs. In “fast mode”, only the segmentation map from the 

last branch is selected.  

U-Net++ combines multiscale features from all preceding nodes at the same 

resolution while also integrating multiscale features of differing resolutions to subsequent 

nodes. While this architecture offers improved accuracy over conventional U-Net, it is 

more computational expensive and memory intensive [136], [138]. 
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Figure 2-14 U-Net++ architecture. 

The U-Net++ encoder (backbone) and decoder pathways are shown by black nodes (circles marked by X i,j) 

and black arrows. Each node represents a convolution operation. Down arrows represent down sampling and 

up arrows represent up sampling. Skip pathways connecting each adjacent node are shown in blue and green. 

The red lines represent deep supervision, wherein “accurate mode” implements averaging of all outputs from 

nodes X0,1, X0,2, X0,3 and X0,4 while “fast mode” uses only the output from node X0,4 toward the final binary 

segmentation mask. This image is referenced from Zhou et al.’s (2018) manuscript [136], referenced in the 

bibliography.  

 

2.3.3.5 Attention U-Net 

The Attention U-Net is an adaptation to the original U-Net model that incorporates 

attention gates into the skip connections, which serve to filter and suppress irrelevant 

features while highlighting salient features [139]. In the basic U-Net model, skip 

connections are used to combine spatial information from the encoder path with the 

decoder path in order to combat the risk of producing imprecise spatial information. 

However, this process may introduce several redundant, low level feature extractions to 

the model, since feature maps are coarser along the encoder path. The Attention U-Net 

counteracts this problem by adding attention gates to each “step” in the decoder path of the 

original U-Net architecture, as seen in Figure 2-15.  
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The attention gate operation scales input features from a convolutional layer (green 

up arrows in Figure 2-15), whereby the feature maps go through strided convolution in 

order to reduce dimensions to the corresponding coarser dimensions of the proceeding 

layer in the model. The proceeding layer undergoes a 1x1 convolution, such that it can be 

summed elementwise with the preceding feature map of matching dimensions.  

By implementing attention gates into the original U-Net architecture, only 

important features are preserved while redundant features are suppressed, which may 

improve prediction accuracy without a significant increase in computing cost [139]. 

 
Figure 2-15 Attention U-Net architecture. 

The Attention U-Net model architecture contains the same encoder and decoder paths as conventional U-

Net; however, attention gates are added to each step in the decoder path. The attention gates filter features 

propagated through the skip connections in order to reduce redundancy. This figure is referenced from Oktay 

et al.’s (2018) article [139], referenced in the bibliography. 

 

2.4 Evaluation of Myocardial Segmentation and Fibrosis Measurements  

In order to translate the use of segmentation and classification algorithms to clinical 

practice, it is essential to evaluate method performance against a reference gold standard. 

Typically, segmentation algorithms are evaluated against a manual segmentation of the 

region delineated by an expert, while classification algorithms are evaluated against true 
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class labels from a pre-defined subset of testing data. Several attributes are used for this 

purpose, including accuracy/similarity metrics, tissue characterization and statistical tests. 

2.4.1 Comparison Metrics 

Common comparison metrics used for segmentation evaluation include the dice 

similarity coefficient (DSC) and error metrics, such as absolute and relative mass or 

volume error. Other metrics, such as precision, recall, F1 score, and accuracy can be 

computed for evaluation of both segmentation and classification algorithms and may be 

computed using true positive (TP), true negative (TN), false positive (FP) and false 

negative (FN) metrics provided by a confusion matrix, as demonstrated in Table 1. Lastly, 

the receiver operating curve (ROC) and area under the curve (AUC) are common metrics 

used to evaluate classification algorithms. 

Table 2-1 Confusion matrix used to compute accuracy metrics 

Actual 

value 

A TP FN 

B FP TN 

 A B 

Predicted value 

 

The DSC is a measure of the spatial overlap between the binary segmentation 

generated manually, 𝐴 and the binary segmentation generated by the algorithm, 𝐵. The 

DSC metric is given as follows: 

𝑫𝑺𝑪 =
𝟐(𝑨∩𝑩)

|𝑨|+|𝑩|
    Equation 2-5 

where 𝐴 and 𝐵 represent two sets, 𝐴 ∩ 𝐵 is the intersection of regions 𝐴 and 𝐵, |𝐴| and |𝐵| 

is the cardinality of region 𝐴 and region 𝐵 (i.e., the number of elements in the set) 

respectively. The DSC may also be expressed in terms of TP, FP, and FN as: 
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 𝑫𝑺𝑪 =
𝟐𝑻𝑷

𝟐(𝑻𝑷+𝑭𝑷+𝑭𝑵)
  Equation 2-6 

where a TP instance is a pixel that is found in both segmentation 𝐴 and segmentation 𝐵. A 

FP is a pixel that is found in segmentation 𝐴 but not in segmentation B. A FN is a pixel 

that is not included in segmentation 𝐴 but is included in segmentation B. The DSC metric 

is given on a scale of 0 – 1 or can be expressed as a percentage, where values closer to 1 

or 100% denote greater similarity between segmentations and a DSC = 1 or 100% denotes 

identicality [144]. 

Error metrics, including absolute error and relative error indices, are measures used 

to evaluate the difference in area or volume of regions segmented manually versus 

algorithmically. The absolute and relative error indices are given as follows:  

 

 𝑨𝒃𝒔𝒐𝒍𝒖𝒕𝒆 𝑬𝒓𝒓𝒐𝒓 = |𝑨 − 𝑩| Equation 2-7 

   𝑹𝒆𝒍𝒂𝒕𝒊𝒗𝒆 𝑬𝒓𝒓𝒐𝒓 =  
|𝑨−𝑩|

|𝑨|
   Equation 2-8 

where |𝐴 − 𝐵| is the absolute difference of the manually segmented area or volume 𝐴 and 

the area or volume segmented by the algorithm, 𝐵. The relative error index normalizes this 

difference.  

Precision, recall, accuracy and F1 score are computed using confusion matrix 

indices and can be computed to evaluate both segmentation and classification algorithms. 

Precision is a measure of the number of TP instances among the amount of observed 

positive instances. Recall (also called sensitivity) is the measure of the number of TP 

instances compared to the actual number of positive instances.  Accuracy is a measure of 

the number of correct predictions (TPs and true negatives (i.e., TNs)) over the total number 
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of predictions. The F1 score is the weighted average of precision and recall. Precision, 

recall and accuracy are computed as follows: 

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 =  
𝑻𝑷

𝑻𝑷+ 𝑭𝑷
  Equation 2-9 

 𝑹𝒆𝒄𝒂𝒍𝒍 =
𝑻𝑷

𝑻𝑷+𝑭𝑵
   Equation 2-10 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  
𝑻𝑷+𝑻𝑵

𝑻𝑷+𝑻𝑵+𝑭𝑷+𝑭𝑵
  Equation 2-11 

𝑭𝟏 𝑺𝒄𝒐𝒓𝒆 = 𝟐´
𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 ´ 𝒓𝒆𝒄𝒂𝒍𝒍

𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏+𝒓𝒆𝒄𝒂𝒍𝒍
  Equation 2-12 

 

The ROC and AUC metrics, both visual and numerical means to evaluate a 

classification model, are used to summarize the performance of an algorithm at different 

threshold values. The ROC curve is generated by plotting the true positive rate (TPR, also 

called sensitivity) on the x-axis against the false positive rate (FPR) (1 – specificity) on the 

y-axis. Each point in the ROC curve corresponds to the classification that can be obtained 

using a given decision threshold, thereby demonstrating the tradeoff between TPR and FPR 

[145], [146]. The ROC curve demonstrates the performance of the classifier in comparison 

to chance, which is referenced on the graph as a diagonal “chance line”. Equations for TPR 

and FPR are given and an example ROC of two classifiers is demonstrated in Figure 2-16.  

𝑻𝑷𝑹 =
𝑻𝑷

𝑻𝑷+𝑭𝑵
  Equation 2-13 

 𝑭𝑷𝑹 = 𝟏 − 𝑻𝑷𝑹 =
𝑭𝑷

𝑻𝑵+𝑭𝑷
   Equation 2-14 
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Figure 2-16 Example ROC curves of two classifiers 

 

The AUC summarizes the entire ROC and aggregates the performance of the 

classifier at all threshold values. It is computed using integral calculus and is expressed as 

a value between 0 and 1, wherein the closer to 1, the better the performance of the classifier. 

In Figure 2-16, Classifier B has better performance than Classifier A, as demonstrated by 

the larger area under the ROC. 

 

2.4.2 T1 and ECV Mapping Measurements of Myocardial Fibrosis  

In addition to the aforementioned evaluation metrics, it is also common to evaluate 

the differences between quantitative pixel values of T1 maps and/or ECV maps reported 

by manual segmentation versus automated segmentation. Since pixel values in T1-mapping 

and ECV-mapping images are representative of intrinsic tissue parameters, the similarity 

of these pixel values is indicative of segmentation accuracy.  

Tissue characterization comparison is achieved by evaluating basic statistical 

parameters of the global (i.e., overall) pixel intensity measured by the manual segmentation 

versus the global pixel intensity measured by the automated algorithm. The mean and 

median pixel intensity, standard deviation, and intensity range are typically measured 
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within the manual and automated segmented regions. These values can be compared 

qualitatively, by comparison using box and whisker plots, and quantitatively using Bland-

Altman analysis and/or correlation coefficients, such as Pearson’s r or Spearman’s . 

Tissue characterization comparison between manual and automated segmentation is 

particularly useful for the analysis of the efficacy of automated algorithms in images 

demonstrating various forms of cardiac disease with which T1 and ECV values fall within 

a certain known range.  

2.4.3 Statistical Tests 

Several statistical tests may be used for evaluation of one or more automated 

segmentation techniques versus manual segmentation. The student’s t-test is frequently 

used for this purpose, wherein the goal is to determine if the difference between the mean 

value of two sets of observations is significantly different. The null hypothesis assumes 

that the difference of the mean value between the two sets of observations is zero, and 

alternative hypothesis assumes that the mean hypothesis is either greater than or less than 

zero (two-tailed t-test), greater than zero (right-tailed t-test), or smaller than zero (left-tailed 

t-test). This statistical test assumes that the data follows a normal distribution. 

In datasets where normality cannot be assumed, non-parametric statistical tests 

such as the Wilcoxon signed rank test may be used as an alternative to the student’s t-test. 

The Wilcoxon signed rank test is a paired difference test that is used to compare two related 

observations (such as matched observations generated by two different methods) to assess 

whether their population mean ranks differ. This method can be used to evaluate the 

performance of two algorithms across a particular accuracy metric and is typically 
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evaluated at 5% level of confidence (P), wherein P<0.05 indicates significant differences 

between the two measurements.  

The Mann-Whitney U test is an alternative non-parametric statistical test that may 

be used to evaluate differences in two independent groups, such as patients with no cardiac 

disease versus patients with cardiac disease. This statistical test is typically used as an 

alternative to the student’s t-test in very small datasets where no relationship exists between 

the recorded measurements (i.e., measurements are not paired). This test is also evaluated 

at a 5% level of confidence, wherein P<0.05 indicates significant differences between the 

groups.  

Similarly, the Kruskal-Wallis test is frequently used to evaluate whether 

observations from two datasets originate from the same distribution. This test is a non-

parametric rank-based method to compare the means of two or more groups. This test is 

the non-parametric alternative to the one-way analysis of variance (ANOVA) test and is an 

extension of the Mann-Whitney U Test, which is only used to compare two groups. This 

test is evaluated at a 5% level of confidence, wherein P<0.05 indicates significant 

differences between the groups.   
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Chapter  3: Fully Automated Segmentation of the Left 

Ventricular Myocardium in Native and Contrast-enhanced T1-

mapping and CINE CMR Images Using Fully Convolutional 

Neural Networks 

3.1 Introduction 

MF presents itself differently in various forms of cardiomyopathy in both native 

and post-contrast T1-mapping CMR images. As such, it is possible to evaluate and 

distinguish between different disease types based on native and post-contrast T1 values. 

Isolating the myocardium as a whole is an essential first step to this aim in order for 

parametric values and measurements to be derived from all myocardial pixels. However, 

myocardial isolation can be a particularly challenging task in T1-mapping CMR images 

wherein contrast differences between the myocardium and outside structures are not as 

easily appreciable as compared to other imaging types. In this work, we aim to mitigate the 

challenges of myocardial isolation in both native and post-contrast enhanced T1-mapping 

CMR images acquired using the shMOLLI imaging sequence by establishing a technique 

for automated myocardial segmentation using a fully convolutional neural network based 

on the renowned U-Net architecture. We compare this technique to an alternative 

registration-based automated segmentation method which eludes the issue of poor contrast 

differentiation, wherein spatially corresponding CINE images are segmented automatically 

using U-Net, and a non-rigid registration technique transforms and propagates CINE 

contours to the myocardial regions of T1-maps.  
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3.2 Selection of study population and image acquisition  

The Cardiovascular Imaging Registry of Calgary (CIROC) was used to retrospectively 

select sixty (60) patients with known MF, visually confirmed by LGE CMR imaging. 

Participants were prospectively recruited using written informed consent at the time of 

referral to the Stephenson Cardiac Imaging Centre, Libin Cardiovascular Institute, in 

Calgary, AB, Canada. The study was approved by the Conjoint Health Research Ethics 

Board at University of Calgary.  

Subjects with both a confirmed clinical diagnosis and cardiac MRI-based diagnosis of 

a cardiomyopathy state commonly associated with MF were selected for this study.  

Twenty subjects, each with ischemic, dilated and hypertrophic cardiomyopathy (ICM, 

DCM and HCM, respectively) were retrospectively identified on the basis of clearly 

visualized signal enhancement of the myocardium on LGE imaging in ≥2 contiguous slices. 

ICM was defined as presence of systolic dysfunction (LVEF <50%) with known 

obstructive (≥70% lesion in ≥1 vessel) coronary artery disease (CAD) by invasive 

catheterization.  DCM was defined as systolic dysfunction with dilation (LV volume ≥2SD 

reference value) with no CAD by catheterization. All HCM subjects had unexplained LV 

wall thickness ≥15mm with positive family history or positive genetic markers. Since this 

study was performed retrospectively, we were not able to include any normal group in this 

work for comparison against the HCM, DCM and ICM groups for this particular T1 

mapping pulse sequence. All patients underwent a standardized imaging protocol using a 

Siemens 3T magnet (Prisma or Skyra, Siemens Healthineers, Erlangen), inclusive of short 

and long-axis CINE and LGE imaging using SSFP and inversion-recovery gradient echo 

(IR-GRE) pulse sequences, respectively. LGE imaging was performed 10 minutes 
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following the intravenous administration of 0.1 mmol/kg Gadovist (Bayer Inc., Canada).  

Short axis native (i.e. pre-contrast) and post-contrast T1-mapping was performed in short 

axis using the shMOLLI [57] technique at the basal, mid and apex positions of the left 

ventricle. Native and contrast-enhanced T1-maps were generated from 6 or 7 raw 

shMOLLI images (obtained at varying inversion times) using commercially available 

software cvi42 (Circle Cardiovascular Imaging, Calgary, Canada). The average image 

parameters for CINE and shMOLLI acquisitions are demonstrated in Table 3-1. 

Table 3-1 Image acquisition parameters of CINE and shMOLLI pulse sequences 

Table 3-1 

Average image acquisition parameters for CINE and 

shMOLLI sequences. 

 CINE shMOLLI 

Slice thickness (mm) 8 8 

TR (ms) 39.00 388.65 

TE (ms) 1.46 1.07 

Flip Angle (o) 51.78 35 

Percent FOV (%) 83.89 81.30 

Percent Sampling (%) 58.62 99.44 

 

The number of acquired native and contrast-enhanced T1-maps was not standard 

between patients, i.e., between one and three maps were acquired at the apical, basal and/or 

mid-level of the LV, per patient. Six native T1-maps were excluded from the dataset due 

to motion and/or respiration (1 mid-level DCM; 1 mid-level HCM), image artifact (1 mid-

level ICM), or excessive noise (1 mid-level HCM and 2 apical HCM), totaling 125 native 

T1-maps overall. Eleven patients did not undergo contrast-enhanced T1-mapping imaging 

(4 ICM, 7 DCM), and one contrast-enhanced T1-map was removed from the dataset due 
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to excessive noise (1 apical HCM). In total, 100 contrast-enhanced T1-maps were available 

across all patient groups. 

To account for the small data set size in this study, training and testing of our 

methodologies was performed using five-fold cross validation. In this approach, native and 

contrast enhanced T1 maps were divided into five subsets, wherein four of those subsets 

were used for training and the remaining subset used for testing. This process was repeated 

five times, each with a different subset for testing, such that the entire dataset could be used 

in evaluation of the methodologies.  

3.3 Method 1: Direct segmentation of native and contrast-enhanced T1 maps 

using U-Net based CNN model 

Myocardial segmentation of native and contrast-enhanced T1-maps was achieved 

using a CNN based on the U-Net architecture.[112] A series of pre-processing steps were 

implemented prior to dividing the dataset into five subsets, as previously described. 

Following preprocessing of native and contrast-enhanced T1-maps, the U-Net-based CNN 

model was trained separately for native T1-maps and contrast-enhanced T1-maps. The 

output myocardial masks for the testing subsets were validated through comparison against 

contours manually delineated by an expert by using conventional accuracy metrics, i.e., 

Dice similarity coefficient (DSC), relative error index, precision, recall and boundary F1 

score. Output myocardial masks were also used to compute global (average) myocardial 

T1-values, which were compared to global T1-values generated from manual contours. 

Global T1-values were validated using Pearson correlation and Bland-Altman analysis. A 

diagram of the myocardial segmentation framework is demonstrated in Figure 3-1.  
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Figure 3-1 Framework of CNN-based automated myocardial segmentation steps 

3.3.1 Preprocessing  

Dimensions of native and contrast-enhanced T1-maps were not standardized 

between patients. The dimensions of images were required to be a factor of 16 in both 

length and width in order to be compatible with the U-Net architecture. Therefore, the 

dimensions of native and contrast-enhanced T1-maps were cropped and/or padded to a 

standard size prior to implementing the training procedure. Dimensions of all images were 

336x272 in length and width, respectively, after cropping and padding. Automated resizing 

of T1-maps was implemented using MATLAB r2020a.  

3.3.2 Training and testing procedure of U-Net-based CNN model 

Myocardial segmentation of native and contrast enhanced T1-maps was achieved 

using two separate CNN models based on the standard U-Net architecture [112]. 

Hyperparameters were chosen based on the results of a random grid search in order to 

optimize the model. The kernel size of convolution layers in the standard model was size 

3x3. Filter sizes were increased at 64, 128, 256, 512, and 1024, and then decreased at the 

same interval back to 64 across convolution layers. The convolutional layers used an ELU 

activation function. In the shrinking path, max pooling of size 2x2 was used in order to 

reduce the dimensions of the image and allow for the collection of the learned features. 

The expanding path contained up-sampling layers in order to bring the image back up to 
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its original dimensions while applying the learned features along the path [112]. The final 

output of the model was produced using a Sigmoid function that created a probability map 

from 0-1. A batch normalization layer was added before each convolutional layer to 

regularize the data and force new feature learning [124]. Data augmentation was also 

implemented, wherein training images were flipped, rotated, and shifted to create 1000 

unique images per epoch. Once the model was optimized, it was trained by passing in the 

respective images and corresponding manual myocardial segmentation mask, as 

demonstrated in Figure 3-1. The model was trained for 100 epochs allowing for the loss 

metric (i.e., Dice similarity coefficient) to plateau and achieve its optimal score. The 

training procedure took 12 hours to complete. Training of the CNN model was 

implemented using the Python libraries Keras and Tensorflow, and then run on a Tesla K80 

graphics processing unit (GPU) on the Shared Hierarchical Research Computing Network 

(SHARCNET). 

 We compared the results of the base U-Net model described above to two 

alternative state-of-the-art CNN-based segmentation methods, Attention Net [125] and 

Dense Net [126]. Attention gates are integrated into the base U-Net model in the Attention 

Net, such that the algorithm can learn to focus on target structures and suppress irrelevant 

regions in a given input space [125]. The Dense U-Net concatenates the outputs of all 

preceding layers for the input of every following layer [126]. Therefore, a “collective 

knowledge” is being passed on to all future layers which may improve output. The Dense 

Net and Attention Net were trained using the same optimizer and learning rate for native 

T1-maps, contrast enhanced T1-maps and CINE images. Through experimental testing, it 

was found that the base U-Net yielded significantly higher DSC than the Dense U-Net and 
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Attention U-Net in all image types and was therefore the chosen method for further 

analyses on global T1 values. 

Following the training procedure, the optimized base U-Net-based CNN model was 

used to segment the myocardium on the testing datasets of the native T1-maps and contrast-

enhanced T1-maps. The U-Net-based model produced a binary mask representing the 

predicted myocardial region, with which accuracy metrics could be evaluated with respect 

to corresponding manual myocardial contours.  

3.4 Method 2: Segmentation of native and contrast-enhanced T1-maps using 

alternative technique based on registration and propagation of CINE contours 

To further validate the U-Net-based myocardial segmentation technique for native 

and contrast-enhanced T1-maps, we also implemented an alternative myocardial 

segmentation technique based on prior CINE data for comparison. In this technique, 

automated myocardial contours from CINE images are registered and propagated to T1-

maps based on a Modality Independent Neighborhood Descriptor (MIND).[127] This 

CINE registration-based pipeline is demonstrated in Figure 3-2. 
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Figure 3-2 Framework of CINE registration-based segmentation technique 

A CNN based on the U-Net architecture is used to segment the myocardium in CINE images. Contours 

generated using this technique are then transformed and propagated to native (pictured) and post-contrast T1-

mapping images. 

 

3.4.1 Preprocessing 

The native and contrast-enhanced T1-maps were limited to a single slice per 

acquisition in short-axis. Thus, in order to compare the U-Net-based methodology to the 

CINE registration-based myocardial segmentation technique, a single, end-diastolic frame 

of the CINE sequence was chosen in short-axis at the slice location corresponding to each 

T1-map for preprocessing. Preprocessing steps included CINE interpolation, in order to 

match the pixel size of T1-maps, followed by an automated resizing procedure such that 

dimensions were a factor of 16 in order to be standardized to the dimensions of each T1-

map and inherently be compatible with the U-Net architecture. Interpolation of CINE 

images and automatic image resizing procedures were implemented using MATLAB 

r2020a. 
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3.4.2 Automated myocardial segmentation of CINE images 

Automated myocardial segmentation in CINE images was achieved using the same 

U-Net-based CNN model described in Section 2.2. The CINE images were divided for 

training and testing using five-fold cross validation, as previously described. 

The CINE and shMOLLI pulse sequences were acquired within the same 

examination, but at different points in time. Therefore, in order to take into account 

inadvertent patient motion from one imaging sequence to the next, we implement a non-

rigid image registration technique to align CINE contours to corresponding (slice-matched) 

T1-maps. 

3.4.3 Propagation of myocardial contours from CINE images to T1-maps using 

deformable non-rigid registration  

The MIND [127] technique was used to register T1-maps to corresponding (slice-

matched) CINE frames. This technique is based on the concept of self-similarity and aims 

to find an image descriptor, based on image patches, which represents the distinctive image 

structure in a local neighborhood. The MIND is defined generally by a distance 𝐷𝑝, 

variance estimate 𝑉 and spatial search region 𝑅 as follows: 

𝑴𝑰𝑵𝑫(𝑰, 𝒙, 𝒓) =
𝟏

𝒏
𝐞𝐱𝐩 (

− 𝑫𝒑(𝑰,𝒙,𝒙+𝒓)

𝑽(𝑰,𝒙)
) 𝒓Î 𝑹  Equation 3-1 

where 𝑛 is a normalization constant and 𝑟Î 𝑅 defines the search region. The MIND 

algorithm represents images as a vector of the size |𝑅| at each location 𝑥. The distance 

metric 𝐷𝑝, or distance between patches, is defined as the point-wise sum of squared 

distances (SSD) of all voxels between two patches, which is computed in a computationally 

inexpensive manner as follows: 
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𝑫𝒑(𝑰, 𝒙, 𝒙 + 𝒓) = 𝑪 ∗ (𝑰 − 𝑰′(𝒓))
𝟐
  Equation 3-2 

where 𝐶 is a convolution filter of size (2𝑝 + 1)𝑑 and 𝐼′(𝑟) is a copy of the image 𝐼 

translated by 𝑟. The convolution filter 𝐶 to the difference between the original image 𝐼 and 

the image translated by 𝑟 on a pixel-wise basis (sum of squares). Computation of the 

distance metric is repeated for all positions in 𝑟Î 𝑅. The variance estimate 𝑉(𝐼, 𝑥) represents 

the average SSD in a small neighborhood 𝑁 around pixel 𝑥 as follows: 

𝑽(𝑰, 𝒙) =
𝟏

𝒔𝒊𝒛𝒆(𝑵)
∑ 𝑫𝒑(𝑰, 𝒙, 𝒙 + 𝒏)𝒏𝝐 𝑵  Equation 3-3 

In the framework, a six-neighborhood 𝑛 𝜖 𝑁 and patch size of 3 is used.  

In our implementation of MIND registration, we chose to register the shMOLLI 

map directly with the CINE image, as opposed to registering CINE with a single phase of 

the raw shMOLLI data as previously [88]. We define the shMOLLI map as the target and 

CINE as the moving image.  

The MIND algorithm creates a matrix of vectors of the size |R| at each pixel 

location, which demonstrates the deformation of the CINE image relative to the structure 

of the shMOLLI image. The MIND registration approach was implemented individually 

for native T1-maps and contrast enhanced T1-maps of the same patient, since these maps 

were acquired at different points in time. Thus, a different matrix of vectors was created 

following MIND registration for native and contrast-enhanced T1-maps, respectively, and 

separate deformation/propagation of CINE contours was performed for native and contrast-

enhanced T1-maps based on these matrices.  

After deformation of CINE contours to the T1-maps, a morphological closing 

procedure was implemented to smooth the myocardial contours. A disk-shaped structuring 

element with a radius of 9 pixels was used for this application. MIND registration, 
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propagation of CINE contours, and closing morphological operations were implemented 

using MATLAB r2019a. 

An alternative approach to this technique may be considered, wherein a 

conventional image processing algorithm, such as active contours, can be used in place of 

the U-Net for the CINE segmentation step. This approach is discussed in Appendix A. 

3.5 Computation of native and post-contrast global myocardial T1 values  

As the clinical goal of T1-mapping segmentation is directed toward accurate identification 

and quantification of myocardial fibrosis, we aimed to demonstrate this application by 

computing the global T1-values within the myocardial regions segmented by (a) direct 

application of the U-Net-based CNN on T1-maps, (b) MIND-based propagation of CINE 

contours, and (c) manual delineation. After masking the native and contrast-enhanced T1-

maps by myocardial contours generated using the above three methodologies, the mean 

pixel value was computed within each mask to express a global T1 value. 

3.6 Results 

Output myocardial masks were compared to manual masks delineated by an expert. 

As mentioned in Section 2.2, the Dense U-Net and Attention U-Net were also employed 

for comparison to the base U-Net model. Our results indicated that the base U-Net model 

outperformed these adapted models for myocardial segmentation in both native and 

contrast enhanced T1-maps. Likewise, the base U-Net model also outperformed Dense Net 

and Attention Net in myocardial segmentation of CINE images. While Dense Net and 

Attention Net have been found to perform well in several biomedical image segmentation 

problems, in our particular dataset, the desired segmentation region is small and a relatively 

simple shape. Thus, dense skip connections are likely not required as the desired output is 
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not complex. On the other hand, since the desired output segmentation is not complex, 

Attention Net may have over-simplified the feature space, reducing accuracy. 

  We demonstrate accuracy metrics of the base U-Net, Dense Nets and Attention 

Nets in direct myocardial segmentation of native T1-maps, contrast enhanced T1-maps and 

CINE images in Table 3-2. The U-Net based segmentation model had the highest 

performance in CINE images and lowest in contrast enhanced T1-maps. The U-Net model 

failed in segmentation of 7 contrast enhanced T1-maps and 1 native T1-map and was 

successful in segmentation of all CINE images. The Dense Net model failed (i.e., DSC < 

10%) in segmentation of 2 native T1-maps, 3 contrast enhanced T1-maps and 6 CINE 

images. The Attention Net model failed in 1 native T1-map, 5 contrast enhanced T1-maps 

and 2 CINE images.  

Our comparative technique, based on deformation of CINE contours from a 

MIND[127] registration algorithm, utilized prior myocardial segmentations from CINE 

images. Due to the suboptimal performance of CINE myocardial segmentation using Dense 

Nets and Attention Nets as demonstrated in Table 3-2, MIND registration of CINE 

contours derived using these techniques was not performed for the analysis of our 

alternative registration-based myocardial segmentation method. 

Table 3-2 Results of CNN-based myocardial segmentation techniques in T1-maps 

Performance of automated myocardial segmentations generated by base U-Net, Dense Net and Attention Net 

in native T1-maps, contrast enhanced T1-maps and CINE images across different patient populations. The 

values are expressed as average ± standard deviation across all images. Myocardial segmentations generated 

by the CNN models are compared to contours manually delineated by an expert.   
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Native T1-maps 

Patient group CNN model DSC (%) Rel. Error (%) Precision (%) Recall (%) BF Score (%) 

DCM group 

(n=20) 

U-Net 83.8 ± 5.8 14.7 ± 13 92.7 ± 9.0 94.0 ± 8.2 93.3 ± 8.3 

Dense Net 64.5 ± 28 34.9 ± 34 67.3 ± 34 91.9 ± 10 76.5 ± 25 

Attention Net 73.7 ±18 25.3 ± 25 78.7 ± 25 88.9 ± 12 82.1 ± 21 

HCM group 

(n=20) 

U-Net 81.1 ± 17 16.25 ± 21 83.00 ± 22 85.93 ± 18 84.02 ± 20 

Dense Net 59.5 ± 27 63.2 ± 57  61.9 ± 31 59.3 ± 22 59.5 ± 23 

Attention Net 70.5 ± 24  31.9 ± 28 70.6 ± 28 81.4 ± 18 75.1 ± 23 

ICM group 

(n=20) 

U-Net 83.8 ± 4.9 9.69 ± 7.9 91.23 ± 11 91.83 ± 9.3 91.41 ± 9.6 

Dense Net 62.2 ± 31 35.5 ± 35 63.1 ± 35 82.6 ± 21 68.1 ± 31  

Attention Net 60.3 ± 26 41.3 ± 32 59.1 ± 31 83.7 ± 15 67.1 ± 27 

All groups 

(n=60) 

U-Net 82.7 ± 12 13.79 ± 16 88.38 ± 16 90.1 ± 13 89.0 ± 15 

Dense Net 61.8 ± 28 46.4 ± 47 63.9 ± 33 76.1 ± 23 67.2 ± 27 

Attention Net 68.5 ± 23 32.8 ± 29 69.28 ± 29 84.4 ± 16 74.5 ± 24 

Contrast enhanced T1-maps  

Patient group CNN model DSC (%) Rel. Error (%) Precision (%) Recall (%) BF Score (%) 

DCM group 

(n=20) 

U-Net 77.5 ± 13 19.7 ± 18 81.2 ± 18 85.5 ± 13 82.7 ± 15 

Dense Net 69.7 ± 20 37.2 ± 29 65.9 ± 22 73.4 ± 14 70.5 ± 15 

Attention Net 71.1 ± 22 34.5 ± 30 72.1 ± 26 79.5 ± 17 76.5 ± 19 

HCM group 

(n=20) 

U-Net 78.9 ± 20 20.2 ± 25 74.95 ± 24 79.2 ± 16 75.1 ± 23 

Dense Net 69.8 ± 22 32.9 ± 26 62.2 ± 25 68.9 ± 19 63.6 ± 22 

Attention Net 75.5 ± 22 33.1 ± 28 64.3 ± 21 62.6 ± 17 63.5 ± 17 

ICM group 

(n=20) 

U-Net 65.5 ± 18 31.7 ± 25 60.50 ± 23 71.5 ± 16 64.13 ± 20 

Dense Net 57.0 ± 27 38.8 ± 32 53.5 ± 27 67.3 ± 15 59.7 ± 20 

Attention Net 50.0 ± 30 45.8 ± 32 45.6 ± 28 64.0 ± 22 55.4 ± 24 

All groups 

(n=60) 

U-Net 74.1 ± 18 23.79 ± 23 72.11 ± 23 78.6 ± 16 73.8 ± 21 

Dense Net 66.3 ± 23 35.6 ± 28 60.5 ± 25 69.5 ± 17 64.1 ± 20 

Attention Net 65.7 ± 24 37.0 ± 29 60.7 ± 26 66.8 ± 20 64.3 ± 21 

CINE images 

Patient group CNN model DSC (%) Rel. Error (%) Precision (%) Recall (%) BF Score (%) 

DCM group 

(n=20) 

U-Net 81.6 ± 4.9 9.00 ± 7.3 93.1 ± 6.9 93.8 ± 5.4 93.4 ± 5.8 

Dense Net 57.3 ± 36 39.1 ± 40 65.8 ± 41 89.3 ± 25 82.2 ± 29 

Attention Net 71.8 ± 25 23.9 ± 25 82.7 ± 25 94.1 ± 8.0 85.7 ± 21 

HCM group 

(n=20) 

U-Net 84.2 ± 7.0 11.1 ± 8.7 89.9 ± 8.5 90.9 ± 6.5 90.3 ± 7.2 

Dense Net 66.7 ± 32 31.0 ± 36 68.2 ± 36 84.9 ± 20 76.5 ± 28 

Attention Net 78.8 ± 19 19.2 ± 22 81.5 ± 22 89.0 ± 10 86.5 ± 12 
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ICM group 

(n=20) 

U-Net 81.9 ± 7.0 9.19 ± 7.8 93.4 ± 9.5 95.8 ± 7.5 55.4 ± 24 

Dense Net 68.6 ± 19 30.2 ± 26 75.9 ± 24 95.0 ± 7.9 82.2 ± 18 

Attention Net 62.4 ± 24 35.7 ± 31 68.7 ± 28 92.1 ± 11 75.0 ± 24 

All groups 

(n=60) 

U-Net 83.42 ± 5.1 9.51 ± 7.4 92.6 ± 7.3 93.4 ± 6.2 92.9 ± 6.5 

Dense Net 64.6 ± 30 33.1 ± 34 69.9 ± 34 89.4 ± 19 79.9 ± 26 

Attention Net 71.7 ± 23 25.6 ± 27 77.9 ± 26 91.4 ± 9.9 82.7 ± 20 

 

The MIND registration procedure and propagation of CINE contours derived from 

the base U-Net model took approximately 2.5 s per image in native and contrast-enhanced 

T1-maps. Resultant CINE-registered contours were compared to manual contours 

delineated by an expert. Table 3-3 demonstrates average accuracy metrics generated by the 

CINE registration-based myocardial segmentation technique in native and contrast-

enhanced T1-maps. 

Table 3-3 Results of CINE-registration based segmentation technique in T1-maps 

Myocardial segmentations generated by the CINE-registration approach are compared to respective manual 

contours of the T1-maps.   

 

As demonstrated in Tables 3-2 and 3-3, the CINE-registration segmentation method 

performs closely to the base U-Net in native T1-maps and outperforms U-Net in contrast 

enhanced T1-maps.  

Patient group DSC (%) Rel. Error (%) Precision (%) Recall (%) BF Score (%) 

Native T1-maps 

DCM group (n=20) 79.4 ± 6.3 13.8 ± 11 88.8 ± 9.8 88.1 ± 9.5 88.4 ± 9.5 

HCM group (n=20) 83.6 ± 6.8 12.0 ± 9.0 84.6 ± 11 84.0 ± 11 84.3 ± 11 

ICM group (n=20) 80.3 ± 7.0 13.44 ± 9.0 88.6 ± 10 89.1 ± 9.1 88.7 ± 9.3 

All groups (n=60) 81.4 ± 6.9 12.96 ± 9.5 87.0 ± 10 86.8 ± 10 86.8 ± 10.2 

Contrast enhanced T1-maps 

DCM group (n=20) 78.4 ± 7.2 16.2 ± 9.3 85.6 ± 11 85.6 ± 11 85.5 ± 11 

HCM group (n=20) 78.5 ± 11 15.8 ± 11 74.2 ± 16 73.6 ± 16 73.8 ± 16 

ICM group (n=20) 73.2 ± 7.3 23.0 ± 13 72.4 ± 11 74.6 ± 11 73.4 ± 11 

All groups (n=60) 77.0 ± 9.6 19.3 ± 12 76.4 ± 14 76.6 ± 14 76.4 ± 14 
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To further establish validity of the U-Net based myocardial segmentation 

technique, we performed a Wilcoxon signed rank test with respect to paired DSC values 

generated using the direct U-Net-based approach and the CINE-registration approach. A 

statistically significant difference between paired DSC values computed using these 

techniques was demonstrated in both native T1-maps (P<0.0001) and contrast enhanced 

T1-maps (P=0.0014). Figures 3-3 and 3-4 demonstrate resultant myocardial segmentations 

using the direct U-Net-based approach and the CINE-registration approach in native and 

contrast-enhanced T1-maps, respectively. The distribution of DSC metrics computed from 

the U-Net based method and CINE-registration based method for native T1-maps and 

contrast enhanced T1-maps are demonstrated in Figure 3-5. 

 
Figure 3-3 Segmentation results U-Net vs. CINE-registration methods in native T1-maps. 

Myocardial contours of native T1-maps generated using automated techniques in patients with DCM, HCM 

and ICM. Original native T1-maps are shown in the first column. Manual contours delineated by an expert 



 115 

are shown in magenta in column 2. The third column demonstrates contours generated by the CINE-

registration based approach in yellow, while the last column demonstrates contours generated by the U-Net-

based algorithm, shown in green. 

 

 
Figure 3-4 Segmentation results U-Net vs. CINE-registration methods in post-contrast T1-maps. 

Myocardial contours of post-contrast T1-maps generated using automated techniques in patients with DCM, 

HCM and ICM. Original contrast-enhanced T1-maps are shown in the first column. Manual contours 

delineated by an expert are shown in magenta in column 2. The third column demonstrates contours generated 

by the CINE-registration based approach in yellow, while the last column demonstrates contours generated 

by the U-Net-based algorithm, shown in green. 
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Figure 3-5 Box and whisker plots of DSC metric for U-Net and CINE registration segmentation techniques 

Plots of the DSC metric generated by U-Net-based and CINE registration-based methods in native T1-maps 

(left) and contrast-enhanced T1-maps (right) are shown, separated by patient groups DCM (blue). HCM 

(green) and ICM (orange). 

 

Global myocardial T1-values were computed by taking the mean pixel intensity of 

all pixels within the myocardial region after masking native and contrast-enhanced T1-

maps by manual contours, contours generated directly by U-Net, and by our comparative 

technique using propagation of CINE contours by MIND registration parameters. Tables 

3-4 and 3-5 demonstrate global T1-values averaged over the myocardial region using the 

three aforementioned approaches in native and contrast-enhanced T1-maps, respectively. 

Figure 3-5 demonstrates the distribution of computed global T1 values using U-Net and 

CINE-registration based methods in native T1-maps and contrast enhanced T1-maps, 

respectively. 

Table 3-4 Native T1 values computed using various segmentation techniques 

Average native global T1 values are demonstrated in ms after masking using manual myocardial contours 

(first column), direct U-Net-generated contours (middle column) and CINE-registered contours (last 

column). Global T1 values are computed in each T1-map by taking the average pixel intensity within the 

myocardial region masked by the three aforementioned techniques. The average global T1 value is then 

computed across all patients for each segmentation technique. The values are expressed as the average global 

T1 value ± standard deviation across all images 

. 
Global T1 using manual 

contours (ms) 

Global T1 using direct U-

Net-based contours (ms) 

Global T1 using CINE-

registration based contours (ms) 

DCM patient group (n=20) 

1256 ± 83.5 1264 ± 97.9 1258 ± 99.0 

HCM patient group (n=20) 

1235 ± 59.8 1230 ± 59.5 1239 ± 68.1 

ICM patient group (n=20) 

1216 ± 198 1244 ± 77.9 1240 ± 89.6 

All patient group (n=60) 

1236 ± 124 1244 ± 78.6 1245 ± 84.3 

 

Table 3-5 Post-contrast T1 values computed using various segmentation techniques 

Average contrast-enhanced global T1 values are demonstrated in ms after masking using manual myocardial 

contours (first column), direct U-Net generated contours (middle column) and CINE-registered contours (last 

column). Global T1 values are computed in each T1-map by taking the average pixel intensity within the 
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myocardial region masked by the three aforementioned techniques. The average global T1 value is then 

computed across all patients for each segmentation technique. The values are expressed as the average global 

T1 value ± standard deviation across all images. 

 

 

The Pearson correlation coefficient r was computed to measure the linear agreement 

between global myocardial T1-values in native and contrast-enhanced T1-maps calculated 

using manual contours vs. direct U-Net contours and CINE-registered contours. In native 

T1-maps, global T1 values generated by both the U-Net and CINE-registration methods 

showed high correlation with those generated by manual delineation (r=0.93, P<0.0001 

and r= 0.87, P<0.0001, respectively). Likewise, high correlation was demonstrated for 

global myocardial T1 values in contrast-enhanced T1-maps generated by the direct U-Net 

approach and CINE-registered approach (r=0.93, P<0.0001 and r=0.98, P<0.0001, 

respectively). 

Bland-Altman analysis was used to evaluate the agreement between global 

myocardial T1-values generated after manual myocardial masking vs. masking with 

contours generated by the U-Net-based CNN and those generated using MIND registration 

of CINE contours in both native and contrast-enhanced T1-maps. Bland-Altman plots for 

global myocardial T1-values using manual contouring vs. direct U-Net and CINE-

Global T1 using manual 

contours (ms) 

Global T1 using direct U-

Net-based contours (ms) 

Global T1 using CINE-

registration based contours (ms) 

DCM patient group (n=20) 

550 ± 54.3 549 ± 52.3 555 ± 47.5 

HCM patient group (n=20) 

324 ± 48.2 338 ± 36.4 325 ± 49.6 

ICM patient group (n=20) 

540 ± 99.0 554 ± 112 541 ± 97.5 

All patient group (n=60) 

440 ± 130 477 ± 128 442 ± 130 
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registered approaches are demonstrated in Figure 3-6 for native T1-maps and Figure 3-7 

for contrast-enhanced T1-maps. Good agreement is demonstrated between manual T1-

values and those generated by both the direct U-Net approach and CINE-registration 

approach. Separation of points in the contrast-enhanced Bland Altman plots is attributed to 

the different disease states. For example, many points on the contrast-enhanced Bland 

Altman plot lie toward the 200 – 400 ms range, which likely reflects the HCM disease 

group. 

 
Figure 3-6 Bland-Altman plots of native myocardial T1 values across segmentation methods 

Bland-Altman plots of native myocardial T1 values computed using U-Net based contours (left) and CINE-

registration based contours (right) vs. myocardial T1 values computed manually. 

 

 

Figure 3-7 Bland-Altman plots of post-contrast myocardial T1 values across segmentation methods 

Bland-Altman plots of contrast-enhanced myocardial T1 values computed using U-Net-based (left) and CINE 

registration-based (right) vs. myocardial T1 values computed manually. 
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3.7 Discussion 

In this study, we present a pipeline for automated segmentation of the myocardium 

in native and post-contrast T1 maps acquired by the shMOLLI technique using a CNN 

model based on the U-Net architecture. We also developed an alternative automated 

myocardial segmentation technique that uses slice-matched CINE contours, also generated 

from a U-Net-based CNN model, and propagates those contours to native or contrast-

enhanced T1-maps based on deformation metrics derived by a modality independent 

neighborhood descriptor (MIND) [127]. This is a development of our previous study [88] 

wherein we achieved myocardial segmentation of native T1-maps using a semi-automated 

approach from CINE contours generated by a deformable model. 

Both the U-Net-based approach and the CINE registration-based approach were 

found to produce accurate myocardial segmentations of both native and contrast-enhanced 

T1-maps; with both techniques significantly outperforming Dense Nets and Attention Nets 

in all image types. In native T1-maps, the U-Net-based approach was shown to produce 

segmentations with higher accuracy in DSC in comparison to the CINE registration-based 

approach (i.e., P<0.0001 by Wilcoxon signed rank test). However, the CINE-registration 

method outperformed the direct U-Net in myocardial segmentation of contrast-enhanced 

T1-maps (i.e., P=0.0014 by Wilcoxon signed rank test). The direct U-Net based approach 

performed the poorest in contrast enhanced T1-maps in the ICM group, as demonstrated 

by the vast distribution and the average reported values of DSC metrics (see Figure 3-6 and 

Table 3-2). This phenomenon was likely due to the inherent low contrast and poor spatial 

gradient between the myocardium, blood pool, and dense fibrotic regions in these images. 

In such cases, our alternative proposed technique based on CINE-registration may be more 
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appropriate, since the U-Net algorithm performs optimally in images with superior contrast 

between the myocardium and surrounding structures, which is the case in CINE images. 

The reported DSC metrics for contrast enhanced T1-maps demonstrated in Table 3-3 

support this idea; wherein DSC increased from 65.54 ± 18.24% using the direct U-Net 

technique to 73.24 ± 7.29% using the CINE-registration technique for patients in the ICM 

group. 

 Both the U-Net-based and CINE-registration-based approaches produced high 

agreement in Bland-Altman plots comparing global myocardial T1-values to those 

computed from manual segmentation, with 95% of measurements from both methods lying 

within the limits of agreement for both native and contrast enhanced T1-maps. In addition, 

high correlation was demonstrated when comparing global T1 values computing using both 

U-Net-based and CINE-registration-based techniques to manual delineation in both native 

and contrast enhanced T1-maps, wherein Pearson’s correlation coefficient r exceeded 0.87 

with a P-value<0.0001 in all cases. 

In this work, separate models were used for native and contrast-enhanced 

myocardial segmentation using the direct U-Net based approach. Similarly, a U-Net-based 

model was used for automated CINE segmentation, followed by MIND-registration using 

a single set of parameters for both native and contrast-enhanced T1-maps. The MIND 

registration parameters were optimized based on experimental observation to yield native 

and contrast-enhanced myocardial segmentations with the highest accuracy. Nevertheless, 

the U-Net-based CNN model allows for accurate, fast and direct delineation of myocardial 

contours in both native and contrast-enhanced T1-maps, without the risk of carrying 

forward prior segmentation errors via the registration of CINE contours. 
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There are several limitations of our study. Firstly, our test dataset in this study is 

somewhat small. However, due to the exclusivity of this dataset and resource constraints, 

we were precluded from recruiting further patients to participate. However, we aimed to 

address this limitation by using five-fold cross validation in our methodology. With recent 

advancements geared toward the use of machine learning-based algorithms in clinical 

cardiac imaging software, our methodology is highly translatable to clinical application. 

There is an overlap of 20 ICM patients in this dataset with our prior study.[88] However, 

we have also included an additional 40 patients in this study who have different forms of 

cardiomyopathy relating to interstitial and diffuse fibrosis. Further, our methodology was 

not implemented on ECV maps generated following registration of pre- and post-contrast 

images.  This was due to a lack of ubiquitous hematocrit data for all subjects. However, by 

achieving myocardial segmentation of both native and post-contrast T1 maps, we establish 

generalizability to myocardial segmentation of ECV maps, such that the automated 

contours of native and post-contrast maps can be co-registered and motion corrected to 

quickly and efficiently translate prior myocardial contours to ECV maps. We intend to 

evaluate this methodology in ECV maps in future work. 

3.8 Conclusion 

Native and post-contrast T1-mapping techniques produce images reflective of 

diffuse and interstitial myocardial fibrosis. Automated myocardial segmentation of both 

native and contrast-enhanced T1-maps is achievable using convolutional neural networks 

based on the U-Net architecture. We incrementally demonstrated that myocardial borders 

can alternatively be segmented from spatially matched CINE images and applied to T1-

maps via deformation and propagation through a modality-independent neighborhood 
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descriptor (MIND). Further, we demonstrate average global T1 values in native and 

contrast enhanced maps at 3T for patients with three common forms of cardiomyopathy. 

For automated myocardial segmentation of native T1-maps, the direct U-Net approach is 

more efficient and eliminates cross-technique dependence. However, the CINE-

registration technique may be more accurate and appropriate, particularly for contrast 

enhanced T1-maps and/or cases exhibiting dense regions of replacement fibrosis, such as 

is the case for patients with ICM. 
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Chapter  4: Automated myocardial segmentation of extra-

cellular volume mapping cardiac magnetic resonance images 

using fully convolutional neural networks 

4.1 Purpose 

Extra-cellular volume (ECV) mapping is a quantitative cardiac magnetic resonance (CMR) 

imaging technique that allows for characterization and measurement of myocardial tissue 

composition[61], wherein pixel intensities are reflective of an estimation of each tissue’s 

ECV. Changes to the myocardial ECV is a diagnostic marker of myocardial tissue 

remodeling[50], [54], [60], [61]. In the absence of amyloid or edema, expansion of the 

myocardial extracellular space is a common feature of myocardial fibrosis (MF), a 

condition that is characterized by excessive deposition of collagen in the extracellular 

myocardial space[49], [50], [60]. Thus, ECV mapping is becoming increasingly explored 

as a diagnostic tool for characterization of cardiac diseases that manifest MF, as this 

technique offers a number of advantages over late gadolinium enhanced (LGE), native and 

post-contrast T1-mapping CMR techniques, which are variable to different field strengths, 

imaging vendors, and metabolic/renal function[48], [52], [61], [71], [72]. Prior to 

measurement of myocardial ECV, manual delineation of the endocardial and epicardial 

borders is required. This task is challenging, tedious, and highly prone to inter- and intra-

operator error. Erroneous inclusion of the blood pool and/or pericardial space at 

endocardial and epicardial regions can significantly confound ECV measurements. Thus, 

automated myocardial segmentation in ECV mapping is highly preferred.  
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In the last decade, deep learning algorithms have been implemented in a wide variety of 

CMR segmentation problems. Deep learning-based algorithms offer advantages over 

traditional segmentation techniques, which are typically sensitive to noise and 

inhomogeneities in image intensity. Convolutional neural networks (CNNs) are one of the 

most prevalent deep learning algorithms used for left ventricular (LV) myocardial 

segmentation and MF segmentation in CINE and LGE imaging, respectively[115], [116], 

[118], [130]. CNNs have also been implemented in LV myocardial segmentation of T1 

mapping imaging[89], [122]. However, no study to date has implemented the use of fully 

CNNs for myocardial segmentation of ECV mapping CMR images. Therefore, we propose 

a technique for automated segmentation of the myocardium in ECV mapping CMR images 

using fully CNNs. In this work, we compare two CNNs, based on the standard U-Net 

architecture[112] and the U-Net++[131], which incorporates nested and dense skip 

connections to the original architecture.  

4.2 Methods 

4.2.1 Study Population and CMR Protocol 

Seventy-three (73) patients with a clinical diagnosis and confirmed MRI-based 

diagnosis of MF associated with dilated cardiomyopathy (DCM = 35) or ischemic 

cardiomyopathy (ICM=38) underwent CMR imaging using a Siemens 3T magnet (Prisma 

or Skyra, Siemens Healthineers, Erlangen), at the Stephenson Cardiac Imaging Centre in 

Calgary, AB. The CMR imaging protocol was inclusive of short-axis, long-axis and axial 

CINE, short-axis LGE imaging using an inversion-recovery gradient echo pulse sequence, 

and short-axis native, post-contrast T1-mapping and ECV images using a phase sensitive 

inversion recovery (PSIR) MOLLI pulse sequence. Synthetic PSIR LGE images were 
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also derived in short axis from the post-contrast T1 maps. Synthetic PSIR LGE, T1 and 

ECV maps were acquired at three locations: apical, basal and mid-ventricular region. This 

resulted in 219 (i.e., 3 x 73 images) available for model training. The study was approved 

by the Conjoint Health Research Ethics Board at University of Calgary and all subjects 

provided written informed consent.   

 
4.2.2 Image processing 

Images were pre-processed before being split into training and testing subsets. A 

flowchart of the myocardial segmentation frameworks for U-Net and U-Net++ are 

demonstrated in Figures 4-1 and 4-2, respectively. Output myocardial masks were 

validated against contours manually delineated by an expert using DSC, accuracy, 

precision, recall and relative error index. 

ECV maps were preprocessed by resizing to standard dimensions of 192 by 176 

pixels. In order to ensure equivalent representation of ICM and DCM patient groups in 

training the CNN model, we used five-fold cross validation wherein ICM and DCM patient 

groups were split into five sub-sets each, and four subsets each from the ICM and DCM 

groups were used toward training, while the remaining subset from ICM and DCM groups 

was used for testing. This process was repeated five times, each with a different subset 

from both ICM and DCM groups for testing, such that the entire dataset could be used 

toward evaluation of the proposed technique.  

4.2.2.1 Standard U-Net 

A standard U-Net architecture [112] was implemented with an encoder/decoder 

pipeline. Random grid search was used to optimize hyperparameters. The kernel size was 
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fixed at 3x3 for all but the last convolutional layer, which was adjusted to 1x1. Filter sizes 

increased by a factor of two from 64 to 1024 in the encoder path and decreased at the same 

interval back to 64 in the decoder path using max pooling. Each Convolution layer was 

followed by a ReLU activation function. Batch Normalization was used in the encoder path 

for regularization. The final output was obtained using a sigmoid activation, which outputs 

a probability map from 0 – 1, indicating whether each pixel belonged to the myocardium. 

Probabilities >0.5 were mapped to 1 and <0.5 were mapped to 0 to generate the output 

binary mask. The model architecture can be seen in Figure 4-1. 

 

Figure 4-1 Framework used for CNN model based on standard U-Net architecture in ECV map 

segmentation. 

The pre-processed ECV map is used as input and output is a binary mask based on a probability map 

generated by a sigmoid function. This figure is referenced from Ronneberger et al.’s (2015) manuscript. 

 

4.2.2.2 U-Net++ 

The U-Net++ model started with an encoder sub-network (i.e., backbone) followed 

by a decoder sub-network, connected using re-designed skip pathways. Random grid 

search was used optimize hyperparameters. Deep Supervision was not used, i.e., only the 

output at the end of the decoder path was used for computing loss and as the final output 
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of the model. The binary mask was generated using a sigmoid function, as described in 

section 2.2.2 The model architecture can be seen in Figure 4-2. 

 

Figure 4-2 Framework used for CNN model based on U-Net++ for ECV map segmentation 

The pre-processed ECV map is used as input and output is a binary mask. This figure is referenced from 

Zhou et al.’s (2018) manuscript. 

4.2.2.3 Training procedure 

Training code and model implementations were done using PyTorch. For both 

CNN models, images were augmented at runtime using the Albumentations library. The 

five folds were trained for 500 epochs using Adam Optimizer with an initial learning rate 

of 0.0001, decreasing to 0.00005 after 250 epochs for better fine-tuning. The networks 

were trained on a P100 GPU on Shared Hierarchical Research Computing Network 

(SHARCNET). The total training time was approximately 7.5 hours for all folds. 

4.2.3 Inter-operator variability analysis 

In order to further validate the methods proposed in this work, we performed an 

inter- operator variability analysis on a sub-set of the data across three operators. For this 

analysis, twelve (12) patients from the DCM group and fourteen (14) from the ICM group 

were randomly selected, yielding 78 images. Each operator manually segmented the 
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myocardial region using the polygon tool on ITK-SNAP software[18] in order to create a 

binary mask. The dice similarity coefficient (DSC) was used to evaluate the degree of 

spatial overlap between binary masks created by three operators against each other, and 

three operators against U-Net++ and basic U-Net. Further analysis was performed by 

assessing the differences between myocardial ECV values among the methods, which were 

computed by applying each operator’s and each CNN-based method’s binary myocardial 

mask onto the original image.  

 

Manually derived myocardial ECV values were compared against those derived by U-Net, 

U-Net++, and those derived by other operators on an image-wise basis. For each image 

used in this analysis, we performed a Kruskal-Wallis test across the distribution of 

myocardial ECV values derived by all operators versus both U-Net and U-Net++, wherein 

we report the mean P-value across all images. Furthermore, we computed the Spearman 

correlation coefficient 𝜌 on the global (i.e., mean) myocardial ECV value computed by 

each operator versus both U-Net++ and U-Net across all images. For this analysis, we 

compute 𝜌 for each operator versus the other operators to evaluate operators-versus-

operators variability and report the mean value. To evaluate operators-versus-CNN (i.e., 

operators vs. U-Net and operators vs. U-Net++) variability, we compute 𝜌 for each 

individual operator versus U-Net and U-Net++ and report the mean value across the three 

operators. 
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4.3 Results 

4.3.1 Segmentation Results 

DSC, accuracy, precision and relative error index metrics yielded from the original 

U-Net and U-Net++ are demonstrated in Table 4-2. DSC metrics are reported >87% for 

both ICM, DCM and combined groups for both networks. Accuracy was reported over 

99%, while precision and recall exceeded 85% for all patient groups in both models. The 

recall metric was higher among the DCM group for both models. The relative error of the 

myocardial area was lowest in the ICM group for both models. Output segmentations 

generated by both models are shown in Figure 4-3. 

 

Figure 4-3 Segmentation results on ECV maps using U-Net and U-Net++ 

Manual delineation (green), U-Net (magenta) and U-Net++ (yellow) masks are demonstrated on a 

patient with ICM (top row) and DCM (bottom row). 

 
Table 4-1 Segmentation results on ECV maps using U-Net and U-Net++ 

Table 4-1 

DSC, accuracy, precision and relative error index metrics computed on myocardial segmentations from 

U-Net and U-Net++ techniques vs. manual delineations among ICM and DCM patient groups. 

Patient group DSC (%) Precision (%) Recall (%) 

Relative error of 

myocardial area (%) 

Standard U-Net 

ICM (n=38) 87.12 88.58 85.72 11.17 
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DCM (n=35) 88.32 85.64 91.20 11.49 

All (n=73) 87.61 87.28 87.97 11.31 

U-Net++ 

ICM (n=38) 87.37 88.90 85.90 9.87 

DCM (n=35) 88.61 86.02 91.40 11.15 

All (n=73) 87.89 87.63 88.15 10.43 

 

 While accuracy metrics demonstrate high agreement across both the U-Net and U-

Net++ models, performance was not always adequate in all cases. For example, the 

myocardial region should resemble a “donut” like structure, wherein the outer border of 

the donut is the epicardial border and the inner border of the donut is the endocardial 

border. In some cases, U-Net (n = 6 images, 4 ICM, 2 DCM) and U-Net++ (n = 7 images, 

5 ICM, 2 DCM) produced incomplete myocardial segmentations, whereby an open circular 

donut shape was output by the model. Similarly, extra objects (e.g., more than one 

segmented region per output mask) were segmented in addition to the donut by the U-Net 

(n = 5, 2 ICM, 3 DCM) and U-Net++ (n = 6, 3 ICM, 3 DCM) models. Similarly, the models 

each failed to segment the myocardium (i.e., no output segmentation mask, only 

background pixels) in 1 image (ICM apical image). While imperfections such as 

incomplete mask and extra regions will impact segmentation accuracy, they can be 

mitigated through application of morphological image processing techniques, such as 

opening and closing. Sub-par myocardial segmentations output by U-Net and U-Net++ are 

demonstrated in Figure 4-4. 
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Figure 4-4 Sub-par myocardial segmentations output by U-Net++. 

Incomplete segmentations are demonstrated in the top row and segmentations output with extra foreground 

objects are demonstrated in the bottom row. All given examples are of different patients. 

 

4.3.2 Inter-operator variability analysis 

Average DSC metrics computed in our operators-versus-operators and operators-

versus-U-Net++ and basic U-Net variability analyses are demonstrated in Table 4-2. We 

computed an average DSC of 78.7% among manual segmentations delineated by three 

operators across both patient groups, as compared to 83.6% and 83.4% for the operators 

versus U-Net++ and operators versus basic U-Net, respectively. Among all comparisons, 

the best DSC agreement was demonstrated in the DCM patient group. 

Differences in myocardial ECV values were assessed among three operators and 

by each operator versus U-Net++ and basic U-Net on an image-wise basis using the 

Kruskal-Wallis test (across the full distribution of ECV values) and the Spearman 

correlation coefficient 𝜌 (across the mean myocardial ECV value). Statistical results of the 

Kruskal-Wallis test and Spearman correlation coefficients are demonstrated in Tables 4-3 

and 4-4, respectively. Significant differences in the distributions of myocardial ECV values 

across operators was demonstrated by Kruskal-Wallis test (P-value=0.04 across all patient 

groups). The Kruskal-Wallis test failed to show significant differences in the distributions 
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of ECV values derived by the operators versus U-Net++ and basic U-Net. Figure 4-5 

demonstrates the histogram distribution of ECV values and associated myocardial contours 

derived by all users, U-Net++ and basic U-Net techniques from one mid-ventricular ECV 

map in a patient with DCM.  

Correlation of the global ECV value derived by each operator demonstrated high 

agreement in the operators-versus-operators comparison (𝜌 =0.83) and operators versus 

both U-Net++ and basic U-Net (𝜌 =0.87 and 𝜌 =0.88, respectively). 

 

Figure 4-5 Manual myocardial delineation by three operators versus U-Net and U-Net++ 

Contours delineated by three operators (red, blue and green), U-Net (black) and U-Net++ (magenta) are 

demonstrated from a mid-ventricular ECV map in a patient with DCM. The histogram of the ECV value 

distribution associated with each method is demonstrated on the right-hand side, wherein histogram colors 

coordinate with the respective colors of myocardial contours. 

 

Table 4-2 metrics computed across myocardial masks generated by three operators versus U-Net++ 

and basic U-Net. 

 DSC metric (%) 

Patient group Operators vs. 

Operators 

Operators 

vs. U-Net++ 

Operators vs. 

basic U-Net 

DCM (n=12) 80.2 85.0 84.9 

ICM (n=14) 77.5 82.5 82.3 

All patients (n=26) 78.7 83.6 83.4 

 

Table 4-3 Results of the Kruskal-Wallis (KW) test computed on the full distribution of myocardial 

ECV values derived by operators vs. U-Net and U-Net++ 

P-values computed by the KW test for operators vs. operators, operators vs. U-Net++ and operators vs. basic 

U-Net. Myocardial ECV values were derived by applying the myocardial masks provided by each of the 

methods. The KW test was applied on an image-wise basis across three groups for the operators vs. operators 

metric. For operator vs. U-Net++ and operator vs. basic U-Net metrics, we performed the KW test across 

two groups (i.e., each operator versus the respective U-Net) and report the three-way average P-value. 

 Kruskal-Wallis test P-value 
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Patient group Operators vs. 

Operators 

Operators vs. 

U-Net++ 

Operators vs. 

basic U-Net 

DCM (n=12) 0.041 0.053 0.072 

ICM (n=14) 0.038 0.065 0.054 

All patients (n=26) 0.040 0.055 0.060 

 

Table 4-4 Spearman correlation coefficient ρ computed on global (i.e., mean) ECV values derived by 

operators vs. operators, U-Net++ and basic U-Net. 

For the operator vs. operator metric, we computed 𝜌 on global ECV values derived by three users and report 

the three-way average 𝜌. For both the operators vs. U-Net++ and operators vs. basic U-Net metrics, we 

computed 𝜌 on global ECV values derived by each user versus the respective U-net and report the three-way 

average 𝜌 

 Spearman correlation coefficient 𝝆 

Patient group Operators vs. 

operators 

Operators vs. 

U-Net++ 

Operators vs. 

basic U-Net 

DCM (n=12) 0.770 0.818 0.818 

ICM (n=14) 0.847 0.907 0.906 

All patients (n=26) 0.828 0.88 0.877 

 

4.4 Discussion 

Segmentation of the myocardium is an important, yet challenging step that is 

required prior to measurement of ECV values and subsequent characterization of 

myocardial disease in ECV mapping CMR. In this work, we use fully convolutional neural 

networks based on the U-Net and U-Net++ architectures to achieve fully automated 

myocardial segmentation of ECV maps acquired in short-axis view at the base, mid-point 

and apex of the left ventricle. To our knowledge, our work is the first deep learning-based 

study to achieve fully automated segmentation of the myocardium in ECV maps.  

We demonstrate that deep learning models based on the U-Net architecture may be 

used as appropriate means toward myocardial segmentation in ECV maps. Our study 

demonstrated a minor outperformance of the U-Net++ compared to the standard U-Net. 

Both models performed best in the DCM patient group in the DSC metric, however, both 

models yielded lower relative error index in the ICM group. Resultant precision metrics 

were higher in the ICM group, but recall metrics were lower in this patient group as 

demonstrated by results from both models.  
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This study has several limitations. Firstly, our dataset of 73 patients is somewhat 

small. However, we implemented five-fold cross validation to address the dataset size in 

training of the models. Also, patient characteristics, such as average heart rate are not 

reported as they were not recorded during image acquisition in this study. Since higher 

heart rates and/or arrhythmias can cause increased motion artifact, the performance of U-

Net and U-Net++ models may vary across patients experiencing these phenomena. We 

intend to explore the idea of comparing model accuracies across patients with variable 

heart rates in the future. In addition, we were not able to compare segmentation results and 

ECV measurements yielded by our automated techniques versus those generated by 

multiple trained users through variability analysis. However, this will be explored in further 

work. Additionally, we were limited from doing a direct comparison of segmented MF 

regions (as opposed to the entire myocardium) using the models used in this study. Manual 

delineation of fibrosis is a considerably difficult task, especially in cases where interstitial 

MF is present. Thus, we are instead limited to compute the global ECV measurements 

across the entire myocardium and compare those measured by the models versus manual 

delineation. In future work, we intend to perform inter- and intra- observer analysis on 

individual endocardial and epicardial borders across different disease states. Moreover, we 

aim to achieve direct segmentation of MF regions within the myocardial boundaries 

provided, by the U-Net or U-Net++ model, through clustering and/or thresholding based 

on knowledge of the studied ranges of healthy ECV in 3T CMR images. These regions 

may then be corroborated against conventional LGE using image registration. 
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4.5 Conclusion 

Fully convolutional neural networks based on the U-Net architecture are suitable 

for automated segmentation of the myocardium in ECV mapping CMR images in short-

axis view. The U-Net and U-Net++ techniques produce myocardial contours with 

negligible differences in accuracy.  
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Chapter  5: Evaluation of the Progression of Left Atrial 

Fibrosis in Canines Following Rapid Ventricular Pacing Using 

3D Late Gadolinium Enhanced CMR Images 

5.1 Introduction 

Atrial fibrillation (AF), the most common form of cardiac arrhythmia, is characterized 

by rapid and irregular atrial rhythm. AF is often a precursor of several cardiac and 

cerebrovascular complications, including ischemic stroke, transient ischemic attack, and 

heart failure [1]– [3]. Extracellular matrix (ECM) remodelling is an important contributor 

to the AF substrate, and thus, AF often co-exists with interstitial myocardial fibrosis (MF) 

[4],[5]. The underlying pathophysiological factors that contribute to AF are yet to be fully 

understood. ECM remodelling is known to contribute to the onset and progression of AF 

[4]– [6]. Likewise, atrial ECM remodelling is known to create re-entry pathways for 

abnormal electrophysiological activity, which can perpetuate AF [7]– [10]. However, ECM 

remodelling may also occur as a consequence of a prior fibrillation process [4],[5],[7]. 

While MF is frequently observed in AF, a definitive causal relationship has yet to be 

established.  

Detection left atrial (LA) MF via late gadolinium enhanced (LGE) cardiac magnetic 

resonance (MR) has been of increasing interest for pre- and post-ablation evaluation [11], 

indicating the need for objective analysis methods for quantification of LA MF. The image 

intensity ratio (IIR) analysis method [11]– [14] defines LA fibrosis based on IIR thresholds 

after normalizing LA myocardial intensity using the mean intensity of the blood pool 

volume as reference. This method has been validated at 1.5T and 3T mitigates signal 



 140 

intensity variability caused by intrinsic physiological factors, therefore producing more 

consistency in atrial fibrosis quantification. The method has been validated at 1.5T and 3T 

[11],[13],[15], but has not yet been applied in a serial imaging study with histological 

validation. For LA fibrosis quantification to be translated into clinical practice, further 

validation of quantification methodologies and thresholds are required. Therefore, the goal 

of this study was to validate the IIR method for atrial MF quantification after rapid 

ventricular pacing using a canine model and histopathology. 

5.2 Methods 

5.2.1 Image Acquisition 

 Twelve (12) canines (9 experimental, 3 control) underwent serial 3D LGE-CMR 

imaging at 3T using a Siemens Biograph Positron Emission Tomography (PET)-MR 

system at the Lawson Health Research Centre in London, Ontario, Canada. All canines 

were female, bred-for-research adult hounds, weighing approximately 20 kg on average. 

Animal Use Protocol (AUP) and ethics approval was provided by the Animal Care 

Committee (ACC) on behalf of Western University’s Council on Animal Care. Animals 

used in this study were cared for in alignment with the policies and procedures approved 

by Western University’s Senate and the ACC and Western University’s Manual of Policies 

on institutional use of animals in research in training, testing and research. This study was 

prepared according to the Animal Research: Reporting of In vivo Experiments (ARRIVE) 

essential 10 guidelines [17].  

The 3D LGE cardiac MR imaging was performed at sequential time points, 

including baseline (i.e., before pacing), in-vivo (after pacing) and in-situ (post-mortem). 

After establishing a reference level of MF during baseline imaging, the canines underwent 
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surgical insertion of a pacing device as per the canine model developed by Dr. Stanley 

Nattel at the Montreal Heart Institute [18]. This model involves 5 weeks of rapid 

ventricular pacing (220 to 240 bpm) to achieve progressive atrial fibrosis and has shown 

favourable findings compared to alternate canine models using direct LA pacing. Although 

prior canine models used to assess LA fibrosis and sympathetic innervation have primarily 

used atrial pacing-based protocols [19], the degree of LA fibrosis using these protocols 

may be only modest. In contrast, the expected LA fibrosis burden using the ventricular 

pacing model is 10-15% at 5 weeks [18]. Therefore, the rapid ventricular pacing model 

was used in this study. A ventricular pacemaker was implanted in all dogs under anesthesia 

and attached to a pacing lead in the right ventricular (RV) apex [18]. Control canines 

underwent surgical insertion of the pacing device but no rapid ventricular pacing, in order 

to assess the effect of surgical insertion on LA enhancement and MF, as determined by 

histopathological imaging. 

Following the 5-week period, the pacing device was removed in order to perform 

3D LGE imaging in-vivo. Following in-vivo imaging, canines were euthanized and 3D 

LGE imaging was repeated in-situ. Finally, the hearts were excised and ex-vivo 3D LGE-

CMR and histopathological imaging was performed. The structure, geometry and position 

of the heart relative to other organs is lost during ex-vivo imaging, thus, comparison to in-

vivo and baseline imaging is not possible. Therefore, we unfortunately were not able to use 

ex-vivo 3D LGE-CMR images for any analysis in this study due to inherent alterations to 

the metabolic function and anatomical structure of the heart from in-vivo to ex-vivo. The 

3D LGE images were acquired using fast low angle shot (FLASH) MR imaging, i.e., a 

spoiled 3D inversion recovery gradient echo pulse sequence (“3D IR-FLASH”) [128], 
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[129] approximately 7-15 min post injection of 0.2 mmol/kg Gadovist® (Bayer Inc.) at 

baseline and in-vivo time points. A second dose of 0.2 mmol/kg gadolinium was 

administered 5 minutes prior to euthanization for in-situ (post-mortem) imaging. A flow-

chart demonstrating the study protocol is demonstrated in Figure 5-1. Average sequence 

parameters for the 3D IR-FLASH sequence are given in Table 5-1. 

 

 

Figure 5-1 Flow-chart of study protocol and 3D LGE-CMR imaging time points. 

Six-step study protocol underwent by experimental canines. Control canines underwent the same sequence 

of events excluding the 5 weeks of rapid ventricular pacing (i.e., the third step in the flow-chart).  

 

 
Table 5-1 Average pulse sequence parameters for 3D LGE-CMR sequence 

 

 

 

 

 

5.2.2 Image Processing 

5.2.2.1 Segmentation of LA myocardium and enhanced regions 

Several image processing steps were performed on the 3D IR-FLASH images at 

baseline, in-vivo, and in-situ time points. The image processing pipeline used to quantify 

MF in canine hearts at each time point is shown in Figure 5-2. 

Firstly, the LA chamber (i.e., blood pool) was segmented manually by a trained 

operator using the Cardiac MRI Toolkit (Scientific Computing and Imaging Institute, 

Slice thickness (mm) 0.975 

Resolution (mm2) 0.625 

TR (ms) 1.68 

TE (ms) 1.34 

TI (ms) 341.25 

Flip angle (o) 19.5 

Trigger time (ms) 484.06 

Percent sampling (%) 100 
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University of Utah, 2019) in 3D Slicer software [22]. To delineate the borders of the LA 

myocardial wall, axial dilation and Boolean remove algorithms were applied to the 

manually-generated LA chamber segmentations. The axial dilate algorithm performs a 4-

pixel dilation in the axial plane to expand the manual chamber segmentation into the 

myocardial wall boundaries. The Boolean remove algorithm subtracts the blood pool mask 

from the dilated mask, generating a segmentation of the LA myocardial wall. The operator 

is required to make manual adjustments, as necessary, to ensure non-myocardial tissue 

regions are erased from the Boolean remove output (i.e., the region between the LA and 

RA septum). An example of the execution of this workflow is depicted in Figure 5-3. This 

process was performed at each time point. In situ images allowed for increased accuracy 

in manual blood pool chamber segmentation, since the images were not corrupted by 

cardiac and respiratory motion. These images served as an anatomical guideline for 

baseline and post-pacing time points of the same animal.  

To quantify MF, the image intensity ratio (IIR) thresholding method [13] was used 

in order to compare computed fibrosis percentages across different animals. Voxel 

intensities of the LA myocardium were first normalized by dividing each voxel in the LA 

by the mean intensity of the LA blood pool, as in Equation 5-1. An alternative, commonly 

used normalization technique [23] instead normalizes the LA wall intensities by subtracting 

the mean intensity of the LA blood pool from raw LA wall intensities, and dividing the 

result by the LA blood pool standard deviation. However, this technique was not 

appropriate for the canine CMR images, as average blood pool intensities exceeded most 

LA wall intensities among most canines due to dosing and slow washout of gadolinium, 

leading to stagnancy of gadolinium, and therefore, excessive brightness in the blood pool. 
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Normalized left atrial wall intensity is given by the IIR normalization technique,  

 𝑵𝑰(𝒙) =
𝑰(𝒙)

𝝁𝑩𝑷
   Equation 5-1 

where 𝑁𝐼(𝑥) is normalized left atrial wall intensity, 𝐼(𝑥) is the original intensity and 𝜇𝐵𝑃 

is the average signal intensity of the left atrial blood pool. 

Atrial MF was then quantified using an IIR threshold > mean IIR + 2 IIR SDs 

(Equation 5-2). This technique is notably different from the conventional signal threshold 

versus reference mean (STRM) [24] technique, wherein the fibrosis threshold is based on 

the mean intensity plus 2 – 4 standard deviations of a manually-selected remote (normal) 

LA myocardial region of interest (ROI). The thin nature of the LA myocardium constitutes 

unavoidable partial volume effect from inclusion of MF and/or adjacent blood pool in the 

remote LA myocardium ROI, which may significantly confound MF measurements. On 

the contrary, the IIR thresholding technique does not rely on manually selected healthy 

tissue ROI’s. Instead, the fibrosis threshold is based solely on the normalized signal 

intensity of the LA myocardium. The IIR+2SDs technique was selected after establishing 

that this threshold yielded the best quantification results for LA enhancement versus other 

thresholding techniques, including IIR+ 3 or 4 SDs, which exhibited too few fibrotic signal 

intensities to quantify voxel values, and STRM using a mean reference intensity derived 

from remote left ventricle (i.e., not the left atrium, in order to mitigate partial volume effect) 

and 2 – 4 SDs, which significantly over-segmented enhanced LA regions.  

The threshold for LA fibrosis quantification is given by, 

𝑻𝒇𝒊𝒃 = 𝝁𝑵𝑰 + 𝟐𝝈𝑵𝑰  Equation 5-2 

where 𝜇𝑁𝐼 is the mean IIR normalized intensity of the left atrial wall and 𝜎𝑁𝐼 is the standard 

deviation of IIR normalized intensities.  
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MF volumes were computed by first finding the sum of all enhanced voxels within 

the LA myocardial wall and multiplying that sum by the voxel dimensions. We computed 

the percentage of MF (%MF) in the entire LA myocardium by dividing MF volumes by 

the overall myocardial wall volume, which was computed using the aforementioned 

approach. Normalization, IIR thresholding and MF volume quantification were computed 

using Matric Laboratory (MATLAB) 2020a. This process was performed at all time points. 

However, we report LA enhancement volumes only in baseline and post-pacing time 

points. This is because additional dosing of a gadolinium-based contrast agent prior to 

euthanization and lack of physiological blood flow caused a pooling and stagnation of 

gadolinium within the blood pool chamber in the in-situ images, which served chiefly to 

assist in delineating reference myocardial contours, uncorrupted by physiological artifacts 

encountered on in-vivo imaging. This phenomenon impaired fibrosis quantification, as the 

bright gadolinium caused a substantial amplification of the blood pool signal, thereby 

illegitimatizing normalization using the mean blood pool intensity. Since the IIR 

thresholding technique relies on blood pool-based normalization, MF quantification in 

these images using this technique is not appropriate, as quantification results would be 

unreliable. The baseline and post-pacing images do not present these complications, and 

therefore LA enhancement volumes are more reliable at these time points. 

The %MF measured across the entire LA myocardium is measured on a 3D 

volumetric basis, wherein every LA myocardial slice is used toward the computation, 

inclusive of image slices where no fibrosis is present. However, validation using 

histopathological imaging is measured on a 2D slice-wise basis, wherein the %MF is 

computed across the area of only one imaging slice. Therefore, in order to better 
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corroborate our fibrosis quantification method with histopathology, we also computed the 

area-wise %MF using the IIR thresholding technique described above in a single slice of 

the 3D LGE imaging stack. We chose the slice demonstrating the greatest extent of LA 

enhancement for both baseline and post-pacing time points. Area-wise %MF was 

computed by taking the sum of all enhanced MF pixels in the slice and dividing by the 

overall myocardial wall area. 

The evolution of LA enhancement was assessed quantitatively and qualitatively 

across baseline and post-pacing time points. Quantitative assessment was performed by 

comparing %MF sequentially between baseline and post-pacing images for individual 

dogs. We also computed the mean and median %MF across experimental and control 

groups at baseline and post-pacing. In addition, we compute the absolute %MF difference 

(Dabs) between post-pacing and baseline time points for all dogs using the following 

approach, 

 𝐃𝒂𝒃𝒔 = 𝑽𝒑 − 𝑽𝒃  Equation 5-3 

where 𝑉𝑏 and 𝑉𝑝 are the %MF values measured at baseline and post-pacing, respectively. 

Notably, the absolute difference D𝑎𝑏𝑠 is not expressed as an absolute value. The mean and 

median values of D𝑎𝑏𝑠 were computed and compared between experimental and control 

dog groups. Qualitative assessment was performed by assessing the spatial distribution of 

MF between images at all consecutive time points following landmark-based registration, 

described below. 

 
Figure 5-2 Image processing pipeline for MF segmentation of the LA. 

Image processing pipeline used to quantify MF in 3D IR-FLASH LGE-CMR images at baseline, in-vivo and 

in-situ time points. 
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Figure 5-3 Example workflow of canine LA myocardial segmentation. 

Example workflow of LA blood pool and myocardial segmentation using axial dilate and Boolean remove 

algorithms in in-situ IR-FLASH CMR images. Manual segmentation of the LA blood pool is shown on the 

left. The axial dilate algorithm expands the blood pool segmentation, as demonstrated in the middle image. 

The Boolean remove algorithm subtracts the blood pool chamber (left) from the axially dilated segmentation 

(middle) to reveal the LA wall boundaries. Corrections are done manually to remove erroneous areas as 

needed, before revealing the final LA myocardial wall segmentation (right). 

5.2.2.2 Landmark-based 3D image registration  

To localize the progression of fibrosis across time points, image registration must 

be performed. Towards this aim, we performed a landmark-based registration to mitigate 

motion differences and any disparities in anatomical positioning/shape between the 3D IR-

FLASH at baseline and post-device insertion. Thirteen landmarks were selected within the 

3D IR-FLASH imaging stacks at each time point using the Fiducial module in 3D Slicer. 

These landmarks included the ascending and descending aorta, aortic arch, left and right 

pulmonary arteries, inferior/superior left and right pulmonary veins, left atrial/ventricular 

septum, LA appendage, left anterior descending artery, and aortic valve.  

Following selection of landmarks, rigid registration was performed using the Fiducial 

Registration module in 3D Slicer. Fixed landmarks were designated in the post-pacing 

images, while baseline and in-situ fiducials were chosen as moving landmarks (i.e., the 

resultant transform maps fiducials from the baseline/in-situ space to the fixed landmarks 
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in post-pacing space). In rigid registration, the resultant transform minimizes the sum of 

squared differences between fixed and moving landmarks.  

The landmark-based registration technique allowed myocardial volumes to be 

rendered in the same space for qualitative assessment across time points. However, 

inherently, myocardial positioning and/or shape will change among images acquired post-

operatively at different time points. Thus, quantitative overlap metrics were not computed 

on MF volumes across different time points.  

5.2.2.3 Histopathological imaging 

Histopathological imaging of the LA was performed on a slice-by-slice basis in six 

of the nine experimental canines to permit fibrosis quantification at Sunnybrook Hospital 

Pathology Department (Toronto, ON). Immediately after sacrifice, canine hearts were 

excised and immersed in formalin fixative for a minimum of 7 days, after which, the LA 

was isolated for tissue analysis. The LA was embedded in paraffin to allow for slice-by-

slice analysis. Paraffin blocks were cut every 5 mm through the LA, and each block had 

sequential slices cut 4 µm thick using a large-scale microtome. Slices were put on positivity 

charged slides and deparaffinized prior to staining with Masson’s Trichrome. After 

staining, slides were imaged on brightfield mode with a Tissuescope LE (Huron Digital 

Pathology) on 20x magnification. Images were created as non-proprietary 24-bit RGB 

Pyramidal Big TIFF with JPEG 2000 compression. Between 2 and 7 slices were acquired 

per canine in the LA. Fibrosis was quantified using FIJI v. 1.49v software and 

analyzed using a script that quantifies the percentage of fibrotic tissue in each sample by 

setting thresholds for fibrosis (blue) and nonfibrotic tissue (red). These thresholds are 

optimized across each sample in the study in order to normalize fibrosis quantification. 
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5.2.3 Method Evaluation and Statistical Analysis 

5.2.3.1 Observer variability 

In order to validate our MF quantification technique, we performed an inter- and 

intra- observer variability analysis using two operators. Due to resource and time restraints, 

we randomly selected three animals (2 experimental, 1 control) for this analysis. Each 

operator performed the MF segmentation as per the pipeline in Figure 5-2 three times at 

each time point per animal. To assess the agreement of overlap of segmentation volumes 

across operators, we computed the dice similarity coefficient (DSC) for the blood pool 

chamber, LA myocardial wall and MF regions across each operator’s three attempts. We 

also computed the DSC metric on the aforementioned regions among all attempts between 

both operators. The equation for DSC is given in section 2.4.1 of this document.  In addition 

to computation of the DSC, we also used the blood pool chamber, LA myocardial wall and 

MF volumes per each attempt/operator to compute boundary F1 score, precision, recall, 

and relative volume error (see Appendix B).  

For each of the operators’ three attempts per time point, we computed the 

volumetric %MF across the entire LA myocardium. Intra-observer variability of %MF 

measurements was evaluated using the intraclass correlation coefficient on %MF 

calculated from the operators’ three segmentation attempts. The calculation for ICC is 

given as follows: 

𝑰𝑪𝑪 = (𝟏 +
𝝈𝒘

𝟐

𝝈𝒃
𝟐 )

−𝟏 Equation 5-4 

where 𝜎𝑤
2  is the variance within measurements reported by one operator and 𝜎𝑏

2 is the 

variance between measurements reported by both operators [25].  
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Inter-observer variability of %MF measurements was evaluated using the inter-

rater reliability metric, given by: 

 𝑹 = (𝟏 +
𝝈𝒘

𝟐

𝒌𝝈𝒃
𝟐 )

−𝟏  Equation 5-5 

where 𝜎𝑤
2  and 𝜎𝑏

2 are defined as denoted in Equation 4-4 and 𝑘 indicates the number of 

operators [25]. The 𝐼𝐶𝐶 and 𝑅 metrics range between 0 and 1, such values closer to 0 

denote poor agreement (high variation) between observations and values closer to 1 

denote high agreement (low variation) between observations. 

5.2.3.2 Statistical Tests 

In addition to the aforementioned evaluation and reliability metrics, we validated 

our segmentation technique using various statistical tests. Non-parametric statistics were 

computed in this study due to the small dataset size. To assess the significance between 

baseline and post-pacing MF measurements within experimental and control groups, we 

used the Wilcoxon signed rank test on dogs paired %MF measurements within respective 

groups. To compare differences between post-pacing %MF measurements computed 

among experimental versus control groups, we used the Mann Whitney U test. The Mann 

Whitney U Test compares two nonpaired groups with which data is not normally 

distributed. 

5.3 Results 

5.3.1 Segmentation of MF volumes using 3D-FLASH CMR 

Example CMR images at each time point for experimental dog 7 are demonstrated 

in Figure 5-4. MF volumes computed using the IIR technique were quantified in 

millimetres and expressed as a percentage of the overall LA myocardial wall for each 

subject (%MF), as shown in Table 5-2. The threshold used to define fibrosis was the mean 
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normalized value + 2 SDs, ranging between 0.90 – 1.3 across all time points for each dog. 

The average baseline IIR threshold, expressed as average threshold ± standard deviation, 

was 1.10 ± 0.12 at baseline and 1.0 ± 0.05 post-pacing among experimental canines. 

Among the three control dogs, average IIR thresholds of 1.10 ± 0.06 and 1.15 ± 0.07 were 

used at baseline and post device-insertion time points, respectively.  

 
Figure 5-4 Images of the left atrium in canines at different time points. 

A single slice from 3D IR-FLASH CMR acquisitions are demonstrated at baseline (left column), post-pacing 

(middle) and in-situ (right column) in experimental dog 7 at approximately the same slice location. LA 

enhancement is demonstrated in the anterior aspect of the LA in post-pacing and in-situ images. Post-pacing 

images are significantly corrupted by motion artifact due to irregular, elevated heart rate that occurred as a 

result of abnormal pacing. 

 

Table 5-2 LA MF volumes computed using IIR technique 

LA fibrosis volumes computed using the IIR technique are expressed as a percentage of MF across the 

overall LA myocardial wall (%MF) and are shown at baseline and post-pacing (i.e., post device-insertion 

for the control group) for each canine in experimental and control groups. In the third column, we express 

the absolute difference of volumetric %MF Dabs between baseline and post device-insertion time points. 

Average and median values of %MF and Dabs are demonstrated in the final two rows of experimental and 

control groups, as mean volume ± standard deviation and median volume ± interquartile range (IQR), 

respectively. 

 

Subject Baseline %MF over 

total LA myocardial 

volume 

Post-pacing %MF over 

total LA myocardial 

volume 

Absolute %MF 

difference (Dabs) 

Paced dogs 

Dog 1 2.71% 3.59% 0.87% 

Dog 2 0.99% 2.00% 1.10% 

Dog 3 0.11% 1.93% 1.82% 

Dog 4 2.25% 4.33% 2.08% 

Dog 5 2.05% 1.40% -0.65% 

Dog 6 2.56% 2.20% -0.36% 

Dog 7 0.12% 2.96% 2.84% 

Dog 8 0.38% 3.76% 3.38% 
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Dog 9 0.29% 3.08% 2.79% 

All paced dogs 

(mean ±SD) 

1.27 ± 1.10% 2.80 ± 0.98% 1.53 ± 1.42% 

All paced dogs 

(median ±IQR) 

0.99 ± 2.08% 2.96 ± 1.64% 1.82 ± 2.24% 

Control dogs 

Control 1 0.05% 0.72% 0.67% 

Control 2 0.39% 0.95% 0.56% 

Control 3 1.64% 1.12% -0.52% 

All control dogs 

(mean ±SD) 

0.69 ± 0.83% 0.93 ± 0.20% 0.23 ± 0.65% 

All control dogs 

(median ±IQR) 

0.39 ± 1.2% 0.95 ± 0.30% 0.56 ± 0.89% 

 

 

Figure 5-5 demonstrates a dot and line plot showing the change in volumetric %MF 

for each animal in experimental and control groups across baseline and post device-

insertion time points. The mean %MF across all experimental and control animals was 

computed by taking the average of all reported %MF values at baseline and post-pacing 

time points. We computed a mean %MF of 1.27 ± 1.10 % at baseline and 2.80 ± 0.98% 

post-pacing in experimental dogs (mean ± SD). In control dogs, the mean %MF was 

computed at 0.69 ± 0.83% at baseline versus 0.93 ± 0.20% post-pacing (mean ± SD). We 

also reported median %MF values of 0.99 ± 2.08% versus 2.96 ± 1.64% (median ± IQR) 

at baseline and post-pacing, respectively, in experimental dogs. Median %MF values of 

0.39 ± 1.2% versus 0.95 ± 0.30% (median ± IQR) are reported for control dogs at baseline 

and post device-insertion time points, respectively. We performed a Wilcoxon signed rank 

test on experimental dogs’ paired MF measurements, which demonstrated statistically 

significant differences at baseline versus post-pacing time points (i.e., P=0.019).   

We computed the mean absolute difference of %MF (Dabs) between time points by 

subtracting the %MF reported at post-pacing from the %MF reported at baseline across 

each animal, then taking the mean of those absolute differences. An increase in the reported 

%MF was demonstrated in seven of nine experimental dogs (i.e., paced dogs 1, 2, 3, 4, 7, 
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8 and 9) across baseline to post-pacing time points. The mean Dabs computed across these 

seven animals was measured at 2.11 ± 0.95% (mean ± SD). Dogs 5 and 6 demonstrate a 

decrease in %MF of 0.65% and 0.36%, respectively, from baseline to post-pacing. Taking 

into consideration dogs 5 and 6, the mean Dabs from baseline to post-pacing was computed 

at 1.53 ± 1.42%. Similarly, we also computed the median Dabs by finding the median value 

of all absolute %MF differences between post-pacing and baseline time points. Across the 

seven dogs with which an increase in LA enhancement was reported, the median Dabs 

demonstrates an increase of 2.08 ± 1.62% (median ± IQR). Taking into consideration dogs 

5 and 6 wherein a decrease in LA enhancement is reported from baseline to post-pacing, 

we computed a median Dabs of 1.82 ± 2.24% (median ± IQR). 

We report a mean Dabs of 0.23% ± 0.65% (mean ± SD) and median Dabs of 0.56 ± 

0.89% (median ± IQR) between baseline and post-pacing time points in control dogs. 

Control dog 3 demonstrates a decrease in %MF from baseline to post device-insertion, 

while control dogs 1 and 2 demonstrate an increase in %MF. However, the increase in 

%MF between baseline and post device-insertion that is exhibited in control dogs 1 and 2 

is less than 0.67%, compared to an increase of 2.11% (mean) in experimental dogs. A 

Wilcoxon signed rank test performed on control dogs paired volumetric fibrosis 

measurements did not demonstrate a statistically significant difference in measurements 

from baseline to post device-insertion time points (i.e., P=0.5). Thus, no significant 

response was demonstrated in the control dogs between baseline and post-pacing time 

points. 

Post-pacing volumetric fibrosis measurements were compared between the 

experimental and control dogs. A Mann-Whitney U-Test demonstrated a statistically 
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significant difference in fibrosis measurements for paced vs. non-paced dogs at the 5-week 

post-insertion time point (one-tailed P-value = 0.0045, two-tailed P-value = 0.009).  

 
Figure 5-5 Dot and line plot of MF volumes in canines. 

Dot and line plot demonstrating the change in percent fibrosis over the LA volume for experimental (paced) 

dogs (left) and control dogs (right). Baseline and post-pacing time points are indicated on the x-axis while 

LA fibrosis percentage is demonstrated on the y-axis. 

 

5.3.2 Segmentation of slice-wise MF areas using 3D-FLASH CMR 

The %MF reported at baseline and post-pacing time points in Table 5-2 

incorporates every LA myocardial slice into the computation, inclusive of slices where no 

myocardial scar is present. However, histopathological imaging is performed on a 2D basis, 

such that %MF is computed across the area of a single slice. Therefore, we measured the 

2D slice-wise %MF in the slice demonstrating the greatest extent of LA enhancement 

across each time point, demonstrated in Table 5-3. 

Table 5-3 Canine slice-wise LA MF measurements at different time points. 

Slice-wise (i.e., area-wise) LA fibrosis measurements are expressed as a percentage of MF (%MF) over the 

slice with which the greatest extent of fibrosis was shown.  Area-wise %MF measurements are shown at 

baseline and post-pacing (i.e., post device-insertion for the control group) for each canine in experimental 

and control groups. In the third column, we express the absolute difference of area-wise %MF Dabs between 

baseline and post-pacing. Average and median values of %MF and Dabs are demonstrated in the final two 

rows of experimental and control groups, as mean volume ± standard deviation and median volume ± 

interquartile range (IQR), respectively. 
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Subject Baseline %MF 

over single LA 

myocardial slice 

area 

Post-pacing %MF 

over single LA 

myocardial slice 

area 

Absolute %MF 

difference (Dabs) 

Paced dogs 

Dog 1 11.30% 34.46% 23.16% 

Dog 2 7.16% 11.22% 4.06% 

Dog 3 3.22% 16.61% 13.39 % 

Dog 4 10.63% 22.51% 11.88 % 

Dog 5 6.04% 5.13% -0.91% 

Dog 6 6.58% 3.34% -3.24% 

Dog 7 1.63% 8.19% 6.56% 

Dog 8 1.64% 19.66% 18.02% 

Dog 9 1.16% 8.38% 7.22% 

All paced dogs (mean ± 

SD) 

5.48 ± 3.84% 14.38 ± 9.96% 8.90 ± 8.59% 

All paced dogs 

(median± IQR) 

6.04 ± 6.39% 11.22 ± 12.95% 7.22 ± 11.73% 

Control dogs 

Control 1 9.24% 9.98% 0.74% 

Control 2 9.98% 9.28% -0.70% 

Control 3 10.46% 11.52% 1.06% 

All control dogs  

(mean ± SD) 

9.89 ± 0.61% 10.26 ± 1.15% 0.37 ± 0.94% 

All control dogs 

(median ± IQR) 

9.98 ± 0.92% 9.98 ± 1.68% 0.74 ± 1.32% 

 

Similar to the volumetric %MF measurements demonstrated in Table 5-2, an 

increase in the reported area-wise %MF was demonstrated in seven of nine experimental 

dogs (i.e., paced dogs 1, 2, 3, 4, 7, 8 and 9) across baseline to post-pacing time points. Dogs 

5 and 6 demonstrate a decrease in the absolute area-wise %MF difference (Dabs), at 0.91% 

and 3.24%, respectively, from baseline to post-pacing. The mean area-wise %MF across 

all experimental animals was computed at 5.48 ± 3.84% at baseline and 14.38 ± 9.96% 

post-pacing, demonstrating an absolute %MF difference Dabs of 8.90 ± 8.59% (mean ± SD). 

Median %MF values of 6.04 ± 6.39% versus 11.22 ± 12.95% (median ± IQR) are reported 

in experimental dogs at baseline and post-pacing time points, respectively, yielding a 

median absolute difference Dabs of 7.22 ± 11.73%. A Wilcoxon signed rank test 

demonstrated a statistically significant difference in experimental dogs’ slice-wise paired 

MF measurements at baseline versus post-pacing time points (i.e., P=0.0195).  
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In control dogs, the mean area-wise %MF was computed as 9.89 ± 0.61% and 10.26 

± 1.15% at baseline and post-pacing time points, respectively, demonstrating an absolute 

%MF difference Dabs of 0.37 ± 0.94% (mean ± SD). Median %MF values of 9.98 ± 

0.92%% versus 9.98 ± 1.68% (median ± IQR) are reported for control dogs at baseline and 

post device-insertion time points, respectively. A Wilcoxon signed rank test did not 

demonstrate a statistically significant difference in control dogs’ area-wise %MF 

measurements from baseline to post device-insertion time points (i.e., P=0.5). A Mann-

Whitney U test did not demonstrate statistically significant differences between area-wise 

%MF measurements in experimental dogs versus control dogs (P=1). 

5.3.3 Registration of Myocardial Volumes 

Landmark-based image registration was used to qualitatively assess LA 

enhancement distribution among canines across all time points. Although the comparison 

of MF volumes was performed among the same animals, the baseline, post-pacing and in-

situ images are acquired at different time points post-operatively, thereby posing disparities 

in myocardial positioning/shape. Thus, overlap metrics were not computed on fibrosis 

volumes across different time points. Figure 5-6 demonstrates the evolution of LA 

enhancement across time points after landmark-based registration in three example dogs. 

Evolution of LA enhancement in control dogs is demonstrated in Figure 5-7.  
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Figure 5-6 Evolution of LA MF volumes across time points (experimental dogs) 

LA enhancement volumes (green color) in three example dogs at baseline (left), post-pacing (middle) and in-

situ (right). The LA myocardial volume is rendered in white color, while enhanced regions are depicted in 

green. The black regions demonstrate regions outside of the myocardium, such as the septum space between 

the left atrium to left ventricle (such as in Paced dog 9). 
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Figure 5-7 Evolution of LA MF volumes across time points (control dogs). 
LA enhancement volumes are shown in green in control dogs at baseline (left) and 5 weeks post insertion of 

pacing device (right) with no rapid ventricular pacing. In-situ 3D-IR-GRE MR images were not acquired in 

these canines.   

 

5.3.4 Histopathological Validation 

Fibrosis regions were quantified in a voxel-by-voxel basis in histopathological 

images and are expressed as a percentage of the myocardium per slice. Left atrial fibrosis 

volumes are summarized in Table 5-4. Measured LA fibrosis volumes range between 8.74 

– 33.18% of myocardium per histopathological slice in the paced dogs. Among the five 

paced dogs, we report a mean of 19.42 ± 4.80% (mean ± SD) and median of 20.77 ± 3.92% 

(median ± IQR) across the reported average percentages of slice-wise MF per animal. 

Taking into account the control dog, we report an average %MF of 16.48 ± 8.36% (mean 

± SD) and median %MF of 20.47 ± 10.06% (median ± IQR) across all six dogs with which 

histopathological imaging was acquired. 

Six histopathological slices were acquired from one control dog, with computed 

MF percentages ranging between 0.34 – 3.06%. The average MF volume computed across 

histopathological slices acquired from the control dog was 1.85%. Figure 5-8 demonstrates 

example histopathological images of two experimental and one control dog after staining 

using Masson’s Trichome. 

Table 5-4 MF measurements in corresponding histopathological images 
Left atrial fibrosis volumes computed from histopathological images in 5 experimental and 1 control canine. 

Regions of fibrosis are expressed as a percentage with respect to healthy myocardium for each slice. 
 

Paced dogs 

Slice # 1 2 3 4 5 6 7 Average 

Dog 1 N/A  32.43% 23.43% N/A 13.09% 12.77% 19.17%  20.18% 

Dog 2 29.51% 23.38% 25.63% 19.35% 18.53% 17.36% 14.83% 21.23% 

Dog 3 N/A N/A N/A 22.17% 19.37% N/A N/A 20.77% 

Dog 5 N/A N/A N/A N/A N/A 14.28% 33.18% 23.73% 

Dog 6 N/A 8.99% 12.87% 8.74% 11.69% 13.57% N/A 11.17% 

Control dogs 

Control 3 3.06% 2.55% 2.24% 0.34% 1.08% N/A N/A 1.85% 
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Figure 5-8 Histopathological images of LA samples demonstrating MF regions. 

Example histopathological images of left atrial samples acquired after Masson’s Trichome staining. Fibrotic 

areas are shown in blue while normal tissue is shown in red. 

 

5.3.5 Observer Variability 

Two operators (redacted) were selected to perform an inter/intra- operator 

variability analysis on our LA MF segmentation pipeline among three animals (2 

experimental, 1 control). The dice similarity coefficient (DSC) was computed on 

segmentations of the myocardial chamber, myocardial LA wall and MF volumes across 

both operators, as demonstrated in Table 5-5. We report the %MF computed per the three 

attempts and the mean %MF across the attempts for each operator in Table 5-6. Boundary 

F1 score (a measure of the boundary overlap relative to a distance metric), precision, recall 

and relative volumetric error are reported across each user in Appendix B. 

Mean DSC metrics computed across the blood pool chamber demonstrate high 

agreement in both intra-observer and inter-observer comparison, i.e., >81% reported across 

both time points for all dogs among both operators. However, accuracy declines as the 

segmentation becomes refined to smaller regions. For the LA myocardial wall, DSC is 

reported in the range of 45.03 – 69.49% for Operator 1 and is reported in the range of 51.81 

– 71.45% for Operator 2 across all dogs/time points. Among both operators, we report LA 

myocardial wall DSC agreement in the range of 55.80 – 65.81% across all dogs/time points. 
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The DSC agreement is lowest among MF volume regions in both intra- and inter-observer 

comparison. We report MF volume DSC metrics in the range of 8.88 – 20.23% for Operator 

1, 7.88 – 38.80% for Operator 2, and 0.28 – 34.26% across both operators. 

Both operators also computed the volumetric %MF at baseline and post-pacing time 

points across for all attempts across all dogs, as shown in Table 5-6. We also computed the 

intraclass correlation coefficient (ICC) and inter-rater reliability (R) metrics using the 

%MF (i.e., not the MF volume), also reported among the three attempts per operator in 

Table 5-6. 

Table 5-5 Observer variability DSC metrics 
Average dice similarity coefficient (DSC) computed on three segmentation attempts performed by two operators 

across each time point in a subsample of three animals. The DSC is given as a percentage and is expressed as mean 

± SD. 

 

 Paced dog 1 Paced dog 3 Control dog 3 

O
p

er
a

to
r 

1
 Region Baseline Post-pacing Baseline Post-pacing Baseline Post-pacing 

DSC Blood pool (%) 88.37 ± 2.09 85.51 ± 1.87 92.13 ± 1.01 89.61 ± 0.82 91.72 ± 1.00 90.49 ± 2.24 

DSC LA wall (%) 49.34 ± 13.57 45.03 ± 7.15 66.01 ± 7.65 64.23 ± 3.02 67.05 ± 3.43 69.49 ± 3.28 

DSC MF volume (%) 14.64 ± 19.52 15.16±20.37 9.80 ± 16.98 20.23 ±30.55 6.84 ± 9.89 8.88 ± 14.26 

O
p

er
a

to
r 

2
 DSC Blood pool (%) 90.40 ± 1.63 91.08 ± 0.08 94.51 ± 1.08 91.96 ± 1.71 94.57 ± 0.10 94.75 ± 0.15 

DSC LA wall (%) 51.81± 11.21 54.94 ± 3.97 65.58 ± 7.96 65.55 ± 5.58 69.75 ± 2.61 71.45 ± 1.52 

DSC MF volume (%) 17.04± 12.63 24.48±5.24 15.80±12.15 7.88 ± 3.43 25.53±10.81 38.80±11.58 

O
p

er
a

to
r 

1
 

v
s.

 

O
p

er
a

to
r 

2
 DSC Blood pool (%) 88.56 ± 1.21 87.43 ± 4.43 90.84 ± 1.77 88.06 ± 1.56 81.64 ± 0.80 90.79 ± 0.90 

DSC LA wall (%) 65.81 ± 23.90 64.91 ± 21.05 58.23 ± 5.77 55.80 ± 3.19 59.89 ± 1.88 63.62 ± 1.73 

DSC MF volume (%) 34.26 ± 19.91 25.28 ± 21.58 0.48 ± 0.67 0.28 ± 0.46 2.52 ± 2.71 14.58 ± 12.65 

 
Table 5-6 LA MF volumes measured by different operators 

Computed %MF across a subset of three animals recorded by two operators. The %MF is expressed across three 

attempts and as a mean ± SD value across the attempts per operator at each time point. The intraclass correlation 

coefficient (ICC) is computed across attempts for each operator. Inter-rater reliability (R) is expressed across all 

attempts among both operators. 
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The %MF measured across baseline to post-pacing time points demonstrates an 

increasing trend across all segmentation attempts by Operator 1 in both paced animals. 

Similar to the reported MF volumes in Table 5-2, all segmentation attempts by Operator 1 

show a decrease in %MF from baseline to post-pacing in control dog 3.  

Likewise, Operator 2 demonstrates an increasing trend across all segmentation 

attempts from baseline to post-pacing in paced dog 3 and two of three attempts for paced 

dog 1. However, Operator 2’s %MF measurements for control dog 3 show both decreasing 

and increasing trends from baseline to post-pacing. Notably, a significant increase is shown 

at control dog 3’s post-pacing time point in attempt 2 by Operator 2.  

The %MF computed by Operator 1 demonstrates moderate to high agreement 

across baseline and post-pacing time points, wherein ICC ranges between 0.45 – 0.91 

 Paced dog 1 Paced dog 3 Control dog 3 

Baseline Post-

pacing 

Absolute 

difference 

(Dabs) 

Baseline Post-

pacing 

Absolute 

difference 

(Dabs) 

Baseline Post-

pacing 

Absolute 

difference 

(Dabs) 

O
p

er
a

to
r 

1
 

Attempt 1 

MF% 

2.45 4.32 1.87 0.40 1.86 1.46 1.71 0.94 -0.77 

Attempt 2 

MF% 

2.23 4.84 2.61 1.35 2.75 1.40 1.54 1.31 -0.23 

Attempt 3 

MF% 

2.70 3.58 0.88 1.07 1.93 0.86 1.63 1.11 -0.52 

Mean 

%MF±SD 

2.46±0.23 4.25±0.63 1.79±0.89 0.94±0.49 2.18±0.49 1.24±0.33 1.62±0.09 1.12±0.19 -0.51±0.27 

Median 

%MF±IQR 

2.45±0.35 4.32±0.94 1.87±1.30 1.07±0.71 1.93±0.67 1.40±0.45 1.63±0.13 1.11±0.28 -0.52±0.41 

ICC 0.90 0.53 0.64 0.58 0.45 0.48 0.84 0.91 0.88 

O
p

er
a

to
r 

2
 

Attempt 1 

MF% 

2.24 3.11 0.87 2.00 2.78 0.78 1.34 1.28 -0.06 

Attempt 2 

MF% 

3.80 3.18 -0.62 1.19 2.00 0.81 1.23 2.55 1.32 

Attempt 3 

MF% 

3.82 3.93 0.11 1.89 2.70 0.81 1.30 1.49 0.19 

Mean 

%MF±SD 

3.29±0.90 3.41±0.45 0.12±0.75 1.69±0.43 2.49±0.43 0.80±0.02 1.29±0.06 1.77±0.68 0.48± 0.74 

Median 

%MF±IQR 

3.80±1.18 3.18±0.62 0.11±1.11 1.89±0.61 2.70±0.59 0.81±0.02 1.30±0.08 1.49±0.95 0.19±1.03 

ICC 0.40 0.68 0.71 0.64 0.52 0.99 0.93 0.41 0.49 

R (Operator 1 

vs. Operator 2) 

0.58 0.69 0.81 0.74 0.62 0.82 0.92 0.59 0.66 
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across all dogs and all time points. The highest agreement is reported across post-pacing 

%MF measurements in control dog 3 and lowest agreement is reported in post-pacing 

measurements in paced dog 3 for Operator 1.  

Operator 2 also demonstrates moderate to high agreement in %MF measurements 

computed across all dogs and all time points, wherein ICC values range between 0.40 – 

0.93. The highest agreement in %MF measurements is denoted at the baseline timepoint 

for control dog 3, while the lowest agreement is computed at the post-pacing timepoint in 

paced dog 1 for Operator 2. The ICC of absolute %MF differences (Dabs) also demonstrates 

moderate to high agreement, ranging from 0.48 – 0.88 and 0.49 – 0.99 for Operators 1 and 

2, respectively.  

Overall, moderate to high agreement is denoted by the inter-rater reliability metric 

(R) computed using %MF measurements across both operators, ranging between 0.58 – 

0.92. The lowest inter-observer agreement is demonstrated at baseline for paced dog 1 and 

highest agreement is shown at baseline for control dog 3. On absolute %MF differences 

(Dabs), moderate to high agreement is also demonstrated, ranging between 0.66 – 0.82.   

5.4 Discussion 

In this study, we aimed to validate an objective method for left atrial MF 

quantification using confirmation from histopathological images and to corroborate 

causality of AF to MF in a canine model. We used the IIR method with threshold of 

IIR+2SDs to define fibrosis in 9 experimental and 3 control dogs. Overall, a trend of 

increasing fibrosis was observed across sequential time points. LA enhancement increased 

from baseline to post-pacing in 7 out of 9 experimental dogs. In control dogs, a marginal 
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increase was demonstrated on average across baseline to post device-insertion points but 

was negligible compared to the trend observed in animals who underwent pacing.  

Two animals in the experimental group demonstrated a decrease in LA 

enhancement from baseline to post-pacing time points. This decrease in enhancement was 

less than 1% in both cases and may reflect differences in gadolinium dosing or timing of 

image acquisition in those animals. Alternatively, an increase in the enhancement threshold 

may reverse this trend. For example, one animal demonstrated a decrease from baseline to 

post-pacing time points using the IIR+2SDs threshold; however, an increase in 

enhancement was demonstrated in the same dog when using a threshold of IIR+3SDs.  

Histopathological imaging was acquired in several samples for six experimental 

dogs. Fibrosis on LGE CMR imaging was identified and quantified and compared with 

histological evidence of fibrosis. The measured LA fibrosis volumes ranged between 8.74 

– 33.18% of myocardium per slice, wherein we report an average %MF of 16.48 ± 8.36% 

(mean  ± SD) and median %MF of 20.47 ± 10.06% (median ± IQR) across all six canines 

(i.e., inclusive of 5 experimental dogs and 1 control dog). Among the five paced dogs, we 

report a mean of 19.42 ± 4.80% (mean ± SD) and median of 20.77 ± 3.92% (median ± 

IQR) %MF. Dogs 5 and 6, which demonstrated a decrease in LA enhancement 

measurements across baseline to post-pacing CMR images, exhibit confirmed fibrosis in 

Masson Trichome-stained slides. Thus, the discrepancy in the increasing trend from 

baseline to post-pacing demonstrated in these dogs through LGE-CMR is likely artifactual, 

possibly attributable to partial volume effect. However, this is an important consideration 

demonstrating the difficulty of measuring the extent of LA fibrosis using LGE-CMR alone. 
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Notably, there is a discrepancy in volumetric %MF measured in post-pacing time 

points as compared to histopathology. Certain limitations contribute to this discrepancy, 

namely, coarse spatial resolution of LGE images, partial volume effect, and the fact that 

volumetric %MF quantifies scar across the entire LA myocardial volume as opposed to a 

single slice area as with histopathology. Thus, we computed a slice-wise area-wise %MF 

for better comparison against histopathology. For example, in paced dog 1, we report a 

volumetric extent of 3.59%MF post-pacing across the entire myocardium (i.e., all image 

slices). However, in the same dog at the post-pacing time point, the slice containing the 

highest number of MF pixels yields a computed area-wise extent of %MF of 34.46%, 

which is in better keeping with the %MF reported in histopathological imaging.  

There are several limitations in this study. Firstly, our sample size of nine 

experimental and three control dogs is small. However, we have expressed the results on a 

subject-by-subject basis so as to demonstrate an increasing trend across time points in 

experimental dogs, and an absence of this trend across control dogs. In this study, we 

consider LGE of the LA to be indicative of the presence of MF. However, late enhancement 

may also be used to identify other pathophysiological conditions that manifest in expansion 

of the myocardial space, such as amyloid or myocardial edema. Thus, enhanced regions of 

the LA are assumed to be MF while in theory, these are areas of expanded myocardial 

space that could be a product of another disease process. However, through 

histopathological analysis we confirmed the presence of LA myocardial MF. Therefore, 

classifying enhanced areas as MF was a reasonable assumption.  

We also acknowledge the limitations involved in quantification of MF using LGE-

CMR technique caused by partial volume effect. Although 3D LGE-CMR slice thickness 
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and spatial resolution were <1mm as demonstrated in Table 4-1, the typical thickness of 

the left atrial wall generally ranges between 2 – 4 mm; thus, the LGE-CMR method bears 

the risk of wrongly characterizing adjacent tissue as myocardium which would further 

confound measurements of MF. Moreover, the reliance of operator precision in correctly 

segmenting the myocardial wall further elicits this risk. While respiratory and cardiac 

navigated pulse sequences improve spatial resolution to mitigate partial volume, these 

sequences are additionally limited by image artifacts and motion-induced respiratory 

and/or cardiac blurring. Therefore, MF volumes computed in this study may be confounded 

by image quality. Pulse sequences that mitigate the effects of partial volume, motion and 

blurring due to arrhythmic heart beats and suboptimal spatial resolution should be 

developed in further studies.  

This study was further limited by the tachycardia exhibited by paced animals during 

CMR image acquisition. Following 5 weeks of rapid ventricular pacing, the experimental 

dogs developed persistent atrial fibrillation, characterized by abnormally rapid heart rates. 

It is particularly challenging to select an inversion time that is long enough to result in 

satisfactory nulling of the myocardium when R-R intervals are short due to fast heart rates. 

Thus, enhanced LA regions in post-paced LGE CMR images demonstrated suboptimal 

contrast with healthy myocardium, potentially confounding the computed MF volumes 

(due to partial volume effect). Moreover, other confounding factors including contrast 

dosage, circulation kinetics, metabolic function, and surface coil proximity affect image 

quality and contrast between normal myocardium and fibrosis. Consequently, a threshold 

of mean IIR + 2 standard deviations was chosen in order to mitigate the effects of these 

factors and adequately account for regions consisting of intermediate degrees of MF. The 
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faster heart rates of canines also impacted the ability to acquire LGE CMR images in 

ventricular diastole, which introduced substantial motion artifacts in post-pacing images. 

Although these artifacts led to challenges in the manual segmentation of the atrial chamber, 

these challenges were mitigated by registering the post-pacing images with uncorrupted 

post-mortem in situ images. Nevertheless, manual segmentation of the canine LA region 

is a complex task and requires anatomical expertise, which can result in significant 

variation in measurements computed using the IIR thresholding technique between 

different operators and among multiple attempts by a single operator. This is demonstrated 

in our intra-/inter- observer variability analysis of %MF. Paced animals show variation in 

%MF measurements computed at post-pacing time points by both observers, wherein the 

ICC of absolute %MF differences (Dabs) ranges between 0.48 to 0.99 across both operators. 

However, the mean ± SD of %MF measurements computed by both operators nevertheless 

demonstrates an increasing trend from baseline to post-pacing among both paced animals. 

In the control dog, Operator 1 computes a mean decrease while Operator 2 demonstrates a 

mean increase in %MF from baseline to post-pacing (mean ± SD).  Operator 2 computes a 

significant increase at the post-pacing time point for attempt 2 in control dog 3, however, 

this is likely an outlier as compared to metrics computed by the same operator in attempts 

1 and 2. Nevertheless, this phenomenon demonstrates the impact that errors can have on 

%MF measurements.  

We demonstrate high and moderate spatial agreement of blood pool and LA 

myocardial wall regions, respectively, among both operators. However, poor spatial 

agreement is reported in MF volume segmentations provided by both operators, as 

demonstrated by the low DSC metrics reported in this region both operators in Table 5-5. 
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This is likely due to the increasing necessity of operator interaction across the MF 

segmentation pipeline. The Boolean remove and Axial Dilate algorithms depend on the 

initial chamber segmentation but are imperfect in nature and require further alteration by 

the operator (i.e., removal of valves, septal regions, inclusion or exclusion of LA 

appendage, manual modifications to errors, etc.). Therefore, the decreasing trend of the 

DSC metric across blood pool, LA wall and MF regions is plausible, and in keeping with 

other studies [26]. Nevertheless, better spatial agreement is demonstrated by the boundary 

F1 score of the MF region (see Appendix B, Section B1, Table B1), which indicates more 

consistency in the boundary-wise detection of MF (i.e., across the edges, not the entire 

region). The BF score ranges between 29.77 – 87.09% across the MF volumes computed 

by both operators in our variability analysis, which is vastly superior to the DSC (entire 

region) metrics computed across both operators, which ranges between 0.28 – 34.26%. 

Moreover, moderate to high agreement was denoted by ICC and R metrics computed across 

both operators, which indicates that the percentages (not spatial volumes) of MF computed 

by both operators demonstrate some consistency. However, the ICC and R metrics are 

computed using a single value (i.e., the percentage of MF) as opposed to a volume. Thus, 

spatial agreement of %MF is not taken into consideration in the computation of these 

metrics. Improved spatial agreement of MF volumes may be facilitated through the 

development of additional segmentation pipelines wherein minimal observer interaction is 

required.  

We also faced limitations in the correspondence of LA enhancement results derived 

from CMR images and histopathological quantification results. Inherent differences in 

image acquisition prevented us from doing more rigorous analysis of the relationship 
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between the CMR results to the histopathological results. Because the %MF reported in 

histopathological imaging is reflective of a single slice area measurement, we computed 

slice-wise %MF from the slice containing the largest amount of MF in LGE-CMR in order 

to better compare the two modalities. However, we faced limitations in this comparison. 

Firstly, we were unable to compute slice-wise %MF measurements from the same slice(s) 

as measured in histopathology. This was because of inherent differences between image 

acquisition capabilities of each modality. Moreover, it was not feasible to match the slice 

orientation and location of ex-vivo histopathological images to in-vivo and in-situ LGE-

CMR. Ideally, a registration of post-pacing and/or in-situ images to histopathological 

and/or ex-vivo images would allow direct spatial and geometric comparison of CMR and 

histological quantification. However, differences among these images are too numerous 

for this type of analysis to be attempted. For example, slice thickness of CMR images is 

0.975 mm compared to 4 µm in histopathological images. That is, the slice thickness of 

CMR images is close to 1000 times larger than the slice thickness of histopathological 

images. Likewise, pixel-wise resolution of CMR images is on the order of millimetres as 

compared to micrometers in histopathological imaging, making direct quantitative 

comparison of fibrosis volumes problematic. Similarly, volumetric comparison of LA 

fibrosis measurements in histopathological imaging vs. CMR imaging was not possible in 

this study, as histopathological sampling of the entire LA volume was not feasible. Instead, 

a maximum of 7 slices were sampled for histopathological analysis, which may not be 

reflective of the measurement of fibrosis across the entire LA. Nevertheless, 

histopathological imaging confirmed the presence of fibrosis in the LA myocardium and 

therefore served as validation for MF measurements derived by CMR imaging using the 
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IIR thresholding method. Lastly, histopathological imaging of each dog was not performed 

due to resource constraints, which limited our analysis of fibrosis trends across each sample 

group.  

5.5 Conclusion 

Atrial fibrillation (AF) typically co-exists with myocardial fibrosis (MF); but 

underlying pathophysiological factors that contribute to AF are yet to be fully understood, 

making the definitive causal relationship controversial. In this study, we demonstrate that 

persistent AF leads to an increase in MF using quantification metrics based on a normalized 

image intensity ratio (IIR) in 3D IR-FLASH CMR imaging in a canine model and 

histopathological validation. Quantification of MF using LGE-CMR technique remains a 

challenging task limited by numerous factors, including inherent image acquisition 

parameters and observer variability. Improved MF computation may be facilitated by 

development of arrhythmia insensitive CMR imaging and/or techniques for automated 

segmentation of LA myocardial volumes. Additional studies are needed to further 

corroborate the causality of AF and MF. 
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Chapter  6: Effect of T1-mapping Technique and Diminished 

Image Resolution on Quantification of Infarct Mass and its 

Ability in Predicting Appropriate ICD Therapy 

6.1 Introduction 

Myocardial infarction (MI) is a condition whereby the tissue of the heart is damaged 

due to a prolonged lack of oxygen, typically resulting from a blocked coronary artery or 

coronary artery disease (CAD). Myocardial tissue in the region of the blocked coronary 

artery endures focal (i.e., replacement) fibrosis which may consist of two zones, infarct 

core (IC), which is the area of non-viable replacement fibrosis, and the gray zone or border 

zone (BZ), which is a heterogeneous, semi-viable region.  

Patients with chronic MI in the left ventricular (LV) myocardium are at risk of 

developing arrhythmias, which have been found to increase the risk of sudden cardiac death 

(SCD) [1],[2]. This can be prevented via implantable cardioverter defibrillator (ICD) 

therapy [1], whereby arrhythmic events are detected and corrected by an ICD device. A 

decreased LV ejection fraction (LVEF) is widely used as a risk stratification technique for 

SCD in patients with chronic MI, and hence a primary deciding factor for ICD therapy [3]. 

However, several studies have shown that patients who experience SCD do not necessarily 

have significantly low LVEF [3],[4], indicating the need for development of new risk 

stratification strategies.  

Indices based on IC and BZ masses have been recognized as strong indicators of 

adverse cardiac outcomes [5],[6]; and recently, studies have focused on developing 

alternative risk stratification techniques for SCD based on direct measurement of MI 

masses [5]– [8]. Particularly, BZ regions may cause propagation of electrical signals across 
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the heart to slow down; potentially creating re-entry pathways of abnormal electrical 

activity that can lead to ventricular tachycardia. Thus, BZ masses may be stronger 

predictors of adverse ICD events [7],[8].  

LGE CMR techniques based on inversion-recovery fast gradient echo (IR-FGRE) 

are typically used for quantification of MI mass [9]. However, quantification of MI masses 

using IR-FGRE relies on accurate segmentation of the endocardial and epicardial 

boundaries, which is challenging due to the similar intensities of the blood pool and the 

sub-endocardial infarcts [8]. Additionally, segmentation of the myocardial boundaries is 

manually delineated by clinicians, which is time consuming, tedious, and subject to 

operator variability. These circumstances lead to inaccuracies in MI mass quantification. 

Quantitative imaging techniques, such as T1-mapping, have been increasingly 

investigated for MI quantification and may be more reproducible than IR-FGRE in 

quantifying MI tissue regions [7],[10]. The MOLLI method is widely used for T1 mapping, 

which requires 11 – 17 heartbeats and several breath holds for full sequence acquisition 

[12]. Multi-contrast late enhancement (MCLE), an alternative T1-mapping technique, 

enables infarct and cardiac wall assessment in a single acquisition with reduced scan times 

[13],[14]. The 2D-MCLE technique typically employs a balanced steady-state free 

precession (b-SSFP) pulse sequence over about 13 heartbeats, allowing acquisition of 

higher quality images compared to both IR-FGRE and MOLLI [8],[15]. This method has 

been shown to be more reproducible than the conventional IR-FGRE technique in 

estimating infarct regions [7],[16].  

Accurate reconstruction of IC and BZ in T1-mapping requires adequate image 

quality and spatial resolution. However, improving spatial resolution typically leads to 



 174 

longer image acquisition times, and therefore longer breath hold requirements for the 

patient. In addition, intrinsic differences in T1-mapping pulse sequences will inherently 

yield images varying in contrast, spatial resolution and quality, leading to variation in MI 

mass quantification. Several studies have compared the efficacy of the MOLLI technique 

or the MCLE technique vs. IR-FGRE for infarct mass quantification [7],[17], but multiple 

T1-mapping techniques against conventional IR-FGRE has not been investigated. 

Moreover, previous studies have not evaluated the implication of reduced spatial resolution 

on MI mass quantification for predicting ICD-corrected arrhythmic events. Therefore, the 

objectives of this study were to compare MI masses determined by different T1-mapping 

CMR techniques to conventional IR-FGRE, and to investigate the effect of diminishing 

spatial resolution of T1-mapping images on the sensitivity of MI mass quantification for 

predicting appropriate ICD therapy. 

6.2 Methods 

6.2.1 Image Acquisition 

6.2.1.1 Study Populations and CMR Protocol 

The first objective of our study was to investigate the differences in MI masses 

determined by T1-mapping methods. We chose MCLE and MOLLI as T1-mapping 

techniques in our experiment, as the methods differentially trade off motion compensation 

and spatial resolution for acquisition durations fitting within a breath hold [8],[13]–[15]. 

The study consisted of 38 patients with chronic MI. Each patient was referred for CMR 

imaging at the Sunnybrook Research Institute (SRI) in Toronto, ON, and provided written 

and informed consent to undergo the imaging procedure. Patients underwent MCLE, 

MOLLI, and IR-FGRE acquisitions approximately 20 minutes after a double dose injection 
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of Gadolinium (Magnevist®, Bayer Inc. Canada; equivalent to 0.2 mmol/kg) on a 1.5 T 

GE Signa MRI system. The approximate largest cross-section of the infarct in short-axis 

view was evaluated by each method. Eighteen patients were excluded from further analysis 

for varying reasons, including no visible infarct (13), missing or corrupt data (2), and severe 

motion artifact (3).  

The second objective of our study was to investigate the effect of diminished image 

resolution in the sensitivity of predicting ICD therapy using masses determined by T1-

mapping. Toward this objective, we used a separate group of 27 patients with chronic MI, 

mean age 62.3 ± 11.2 years, 89% men, and average LVEF 25.7 ± 8.65%, who had already 

been referred for ICD implantation. Our analysis of this study population is retrospective 

and overlaps largely with previously published results from our group [7]. All patients in 

this group were referred for ICD implantation based on LV functional parameters, where 

a LVEF <35% was largely used as a deciding factor for ICD implantation. Patient 

characteristics for this group are demonstrated in Table 1. Participants underwent CMR 

scanning on a 1.5 Tesla General Electric (GE) Signa system and were sent for ICD 

implantation following imaging. The CMR imaging protocol included LV functional 

assessment and implemented pre- and post-contrast imaging sequences. A steady-state free 

precession (SSFP) sequence was implemented prior to contrast injection for baseline 

reference. The IR-FGRE and MCLE images were acquired 10 – 20 minutes after double-

dose of Gadolinium injection. The MOLLI pulse sequence was not implemented on this 

patient group. The IC and BZ masses of the LV were computed for the entire stack of 

slices. 
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All patients received an ICD device according to clinical guidelines and were 

followed up for 6 – 46 months after imaging in intervals of 3 months, or more frequently 

if shocks were delivered, with a median follow-up of 30 months. The ICD data was 

reviewed by two experienced electrophysiologists to determine all relevant ICD events. 

The measured outcome of ICD data was appropriate ICD therapy, defined as one or more 

device shocks for relevant ventricular arrhythmic events, including sustained and non-

sustained ventricular tachycardia (VT) or ventricular fibrillation (VF) [7]. 

6.2.1.2 CMR Pulse Sequence Parameters 

Pre-contrast SSFP images consisted of a stack of several short-axis oblique slices 

covering the entirety of the LV from base to apex. Twenty phase-resolved images were 

acquired in one breath-hold over the whole cardiac cycle. These images were used to 

evaluate several LV functional parameters, such as LV ejection fraction (LVEF), LV stroke 

volume (LVSV) etc., as shown in Table 6-1. 

Table 6-1 Patient characteristics and LV functional parameters in 27 patients with ICD devices 

Categorical data (patient characteristics) are expressed as percentages. Continuous variables are expressed 

as mean ± SD. 

Patient 

characteristics 

Total (n = 27) With ICD therapy 

(n = 12) 

Without ICD 

therapy (n = 15) 

P-value 

Age (years) 62.30 ± 11.2 63.7 ± 9.3 61.2 ± 12.8 0.58 

Male 24 (89%) 10 (83.3%) 13 (86.7%) 0.8 

Primary prevention 16 (59%) 6 (50%) 10 (66.7%) 0.49 

NYHA functional 

class 

1.44 ± 0.97 1.8 ± 1.0 1.2 ± 0.9 0.15 

Anti-arrhythmic  5 (18%) 2 (16.7%) 3 (20.0%) 0.83 

Smoking 15 (56%) 6 (50%) 8 (61.5%) 0.62 

Hypertension 20 (74%) 10 (83%) 9 (60.0%) 0.34 

Diabetes 5 (18%) 2 (16.7%) 3 (20.0%) 0.83 

Hyperlipidemia  22 (81%) 11 (91.7%) 11 (73.3%) 0.24 

QRS duration (ms) 113.7 ± 28.57 120.7 ± 36.4 108.1 ± 20.1 0.27 
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Left bundle-branch 

block 

5 (18%) 3 (27.3%) 2 (13.3%) 0.51 

CMR LV function     

LV EF (%) 25.7 ± 8.65 22.1 ± 8.5 28.6 ± 9.2 0.053 

LV ESV (ml) 174.9 ± 79.8 203.5 ± 82.7 157.6 ± 76.2 0.11 

LV EDV (ml) 231.8 ± 81.1 256.2 ± 82.2 212.2 ± 77.4 0.17 

LV SV (ml) 56.5 ± 18.2 52.7 ± 18.9 59.6 ± 17.6 0.34 

LVM (g)  106.6 ± 32.2 110.9 ± 34.8 103.2 ± 30.8 0.55 

 

Table 6-2 demonstrates image acquisition parameters for MOLLI, MCLE, and IR-

FGRE. The IR-FGRE sequence employed an inversion time (TI) varying between 200 to 

300 ms and a delay time of 500 ms. Images were acquired in the short-axis oblique view. 

A single IR-FGRE acquisition required approximately 20 heartbeats and an average breath-

hold time of 18 s. IR-FGRE and SSFP sequences were acquired with in-plane resolution 

of 1.48 x 1.48 mm2. 

Table 6-2 CMR imaging parameters of IR-FGRE, MOLLI and MCLE imaging techniques 

 MOLLI IR-FGRE MCLE 

Receive bandwidth (rBW) ±83 kHz ±31.5 kHz ±125 kHz 

flip angle 35° 20° 30° 

views per segment (VPS) 8 20 16 

TR/TE (ms) 4.2/1.2 6.0/3.0 3.3/1.4 

field of view (FOV) (cm) 32 32 32 

image matrix 160×160 192×192 192×192 

in-plane resolution (mm2) 2.47×2.47 1.5×1.5 1.37×1.37 

slice thickness (mm) 8 8 8 

number of slices per acquisition 1 8 – 10 8 – 10 

number of excitations (NEX) 1 2 1 

 

The MOLLI technique allowed for selective image acquisition during end diastole. 

This technique acquired multiple images with each IR experiment at increasing TI values. 

The 3,5 MOLLI sequence was employed, using two IR pulses with 3 and 5 acquisitions, 
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respectively. A delay time of three heartbeats was required before the between IR pulses. 

The total sequence acquisition required 11 heartbeats. Resultant signal intensities were 

constructed to a parametric curve to determine T1 values. Acquired in-plane resolution of 

MOLLI images was 2.47 x 2.47 mm2. 

The MCLE technique implemented in both groups uses a b-SSFP pulse sequence 

following inversion recovery acquired after IR-FGRE, requiring about 13 heartbeats for 

each acquisition. The first heartbeat established a steady-state and the 12 following 

heartbeats enabled acquisition of twenty separate images during different phases of the 

cardiac cycle at different effective TIs. Data acquisition was continuously implemented in 

a segmented fashion between each TI. The MCLE sequence implemented a delay time of 

500 ms and total sequence acquisition required a breath-hold of about 11 s. Analysis of 

signal recovery was then performed using nonlinear regression to fit the signal intensities 

to a parametric curve [13]. The acquired in-plane image resolution of MCLE was 1.37 x 

1.37 mm2. 

6.2.2 Image Processing 

We post-processed MCLE, IR-FGRE, and MOLLI images to compute IC and BZ 

masses and determined the differences in the MI mass reconstructed by each technique. 

Due to the inherent technical differences of the methods, different previously validated 

methods were used to segment infarct regions in each case. While MCLE and IR-FGRE 

images consisted of several short-axis slices of the heart from apex to base, MOLLI was 

limited to a single slice imaged across the mid cross-section of the infarct. We therefore 

segmented the slices of MCLE and IR-FGRE that corresponded to the same mid cross-

section of the MOLLI sequence for analysis in the first patient group.  
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6.2.2.1 IR-FGRE Images 

We first manually segmented LV epicardial and endocardial contours to define the 

epicardial and endocardial borders of the myocardium prior to MI segmentation, in order 

to avoid the segmentation algorithm leaking into the background, due to similar 

appearances in intensity. Epicardial and endocardial contours were also used to quantify 

the left ventricular mass (LVM). A region of interest (ROI) was chosen from remote 

myocardium to calculate reference values for signal intensity (SI) mean, peak, and standard 

deviation of healthy myocardium. Signal intensities of IC and BZ regions (SIIC and SIBZ, 

respectively) were determined using a full-width half-maximum (FWHM) approach 

determined by peak intensities of remote myocardium and infarct as follows: 

SIIC > 0.5 * Peakinfarct   Equation 6-1 

Peakremote < SIBZ < 0.5 * Peakinfarct  Equation 6-2 

where Peakinfarct refers to the peak intensity infarct and Peakremote refers to peak intensity 

of remote myocardium [7]. 

6.2.2.2 MOLLI and MCLE Images 

For MCLE and MOLLI images, segmentation of myocardial boundaries is usually 

not required for accurate segmentation of MI regions. However, we also manually 

segmented the LV boundaries in MCLE and MOLLI images prior to segmentation of BZ 

and IC in order to maintain consistency with the approach used for IR-FGRE images. The 

BZ and IC regions were segmented using a fuzzy c-means clustering approach, which used 

both T1* and steady-state maps [13]. We first used an exponential curve-fitting approach 

to generate the T1* and steady-state maps from each image, which are demonstrated in 

Figure 6-1. A scatter plot which showed the T1* vs. steady-state value for each voxel 
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allowed the fuzzy c-means algorithm to characterize IC, BZ, healthy myocardium and 

blood. The fuzzy c-means algorithm determines the probability of each voxel belonging to 

one of these three clusters based on a distance metric derived from the scatterplot. A voxel 

probability of 75% or higher was required to classify voxels as belonging to a certain 

cluster. Voxels with a probability of less than 75% of belonging to the IC cluster but greater 

than 25% probability belonging to the remote myocardium were classified as border-zone 

pixels. The total size of each mass was determined by the summation of all voxels given to 

each class. 

For an acquisition of fixed number of heartbeats, the resolution of MOLLI images 

was coarser than that of MCLE images. Therefore, to evaluate whether differences in image 

resolution affects estimation of BZ mass and consequently impacts sensitivity of predicting 

ICD therapy, we also downsampled the MCLE images to the lower resolution of MOLLI 

images and recomputed the infarct masses for secondary analysis. T1* and steady-state 

maps were separately generated for both the original and downsampled MCLE images (see 

Fig. 6-1), which were then segmented to quantify BZ and IC masses using the fuzzy c-

means clustering algorithm mentioned above. The T1* vs. steady-state scatterplots 

showing fuzzy c-means clustering in original and downsampled MCLE images are 

demonstrated in Figure 6-3.  



 181 

 

Figure 6-1 T1* and steady-state maps for MOLLI, MCLE and downsampled MCLE 

 

6.2.3 Statistical Analyses 

Statistical analyses of infarct comparisons were performed using International 

Business Machines Statistical Package for Social Sciences (IBM SPSS) Statistical version 

19 (IBM Corporation, 2010). Categorical data are expressed as percentages and compared 

using the Fisher exact test. Continuous data are expressed as mean ± SD and compared 

using student’s t-test, in which results were considered significant when the probability of 

making a type I error was less than 5% (p < 0.05). For analysis of multiple comparisons, 

we used the paired t-test and applied a Bonferroni correction to determine significance. For 

these comparisons, results were considered significant when the probability of making a 

Type I error was less than 0.83% (p < 0.0083). 
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6.3 Results 

Figure 6-2 shows segmentations of the IC and BZ masses for two patient cases 

overlaid on images acquired by the different CMR techniques. Table 6-3 shows a 

quantitative summary of the IC and BZ masses determined by different CMR techniques, 

which were reported as a percentage with respect to the LVM. Manual LVM measurements 

varied between MOLLI, MCLE and IR-FGRE; therefore, the BZ and IC masses are 

expressed as continuous values normalized by the LVM found by the respective imaging 

technique. Between MOLLI, MCLE and IR-FGRE, the estimated differences in BZ and IC 

masses with respect to the total LVM were smaller than 1%. 

Table 6-3 Normalized IC and BZ masses quantified by different CMR techniques 

The values are reported as a percentage of LV mass are for a single slice 

Summary of infarct mass quantification for 20 patients undergoing MCLE, MOLLI and IR-FGRE. The 

values reported as a percentage of LV mass are for a single slice. 

Region MCLE 

 

Downsampled 

MCLE 

MOLLI IR-FGRE 

IC MI/LVM (%) 7.34±3.46 8.05±3.68 7.49±3.54 7.91±3.61 

BZ MI/LVM (%) 3.47±1.57 4.20±1.67 4.15±1.65 3.34±1.24 

 

The statistical significance for the pair-wise comparisons of estimated infarct 

masses by different methods are shown in Table 6-4. A Bonferroni correction was applied 

to determine the significance for these comparisons, where results were considered 

significant when the probability of making a Type I error was less than 0.83% (p < 0.0083). 

Bonferroni corrected p values are reported in Table 6-4. The IC masses determined by any 

pair of methods were not significantly different, and BZ masses determined by MCLE and 

IR-FGRE were not significantly different. However, BZ masses determined by MOLLI 

were significantly higher compared to those determined by MCLE and IR-FGRE (p 

value=0.0022 and 0.0003, respectively). The BZ masses determined by the downsampled 
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MCLE were greater in comparison to those determined by the original MCLE (p 

value=0.0003). However, BZ masses determined by the downsampled MCLE were not 

significantly different than those determined by MOLLI.  

Table 6-4 Comparison of IC and BZ regions quantified by different CMR techniques 

Statistical significance for comparing MCLE, MOLLI, IR-FGRE and downsampled MCLE. The 

Bonferroni corrected p-values that are significant are shown in bold. 
 

 

 

 

 

 
 

 

 

 
Figure 6-2 Segmentation of IC and BZ masses in different CMR techniques for two example patients. 

The IC is represented as a green region while the BZ is represented as a yellow region 

 

 

Among the patient group with ICD implants and clinical outcomes, 44.4% (12/27) 

received ICD therapy (i.e., one or more delivered ICD shock) during the follow-up stage. 

Patient characteristics and LV functional parameters did not differ significantly between 

patients with and without appropriate ICD therapy. 

 P-value 

Comparison BZ  IC  

MCLE – MOLLI 0.0022 0.5923 

MCLE – IR-FGRE 0.5458 0.1563 

MOLLI – IR-FGRE 0.0003 0.2951 

MOLLI – downsampled MCLE 0.8394 0.197 

MCLE – downsampled MCLE 0.0003 0.0537 

IR-FGRE – downsampled MCLE 0.0033 0.7439 
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Figure 6-3 shows the T1* and steady-state scatterplots used in the fuzzy c-means 

clustering algorithm for a series of MCLE slices in the first row, followed by the 

corresponding scatterplots for downsampled MCLE slices in the second row. The 

segmentation results of the IC and BZ masses determined by original and downsampled 

MCLE are shown in Figure 6-4, overlaid on the respective images. The BZ regions appear 

to be overestimated in the downsampled images as compared to the original MCLE images. 

The summary of quantitative evaluation of the IC and BZ masses are shown in Table 6-5.  

 
Figure 6-3 T1* and steady-state scatterplots for a series of original and downsampled MCLE slices. 

T1* (x-axis) and steady-state (y-axis) scatterplots for original MCLE images from a single patient in the first 

row. The second row demonstrates scatterplots for the same series of MCLE slices after downsampling. The 

fuzzy c-means algorithm classified pixels as blood pool (red), healthy myocardium (blue), IC (green) or 

border zone (yellow).  

 

For the entire group of patients, the BZ and the total infarct mass determined by 

downsampled MCLE was significantly higher than that of original MCLE. However, IC 

mass determined by original and downsampled MCLE were not significantly different. 

Between the patients with and without ICD therapy, only the BZ mass determined by 

original MCLE was statistically significant (p value = 0.044).  However, when the MCLE 

images were downsampled and reanalyzed, the difference in BZ masses between patients 

with and without ICD therapy were no longer significant.  
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Figure 6-4 Example IC and BZ regions in MCLE and downsampled MCLE images. 

A series of MCLE slices for a single patient are demonstrated in the first row. The second row demonstrates 

the same series of MCLE slices after downsampling. Segmented infarct regions, determined by fuzzy c-

means clustering, are demonstrated within each slice of original and downsampled MCLE images.  The IC 

is represented as a green region while the BZ is represented as a yellow region. 
 
Table 6-5 Comparison of infarct masses found by original vs. downsampled MCLE in patients with 

and without ICD therapy 

Patients undergoing MCLE imaging prior to ICD implantation 

 Entire sample  

(n = 27) 

With ICD therapy 

 (n = 12) 

Without ICD therapy  

(n = 15) 

P value 

 Original 

MCLE 

Down-

sampled 

MCLE 

p-value Original 

MCLE 

Down-

sampled 

MCLE 

Original 

MCLE 

Down-

sampled 

MCLE 

Original 

MCLE 

Down-

sampled 

MCLE 

Core 

MI/LVM 

(%) 

26.1 ± 11.1 32.4 ± 12.3 0.08 29.8 ± 8.6 36.4± 8.0 23.1± 12.9 29.3± 14.8 0.094 0.161 

BZ 

MI/LVM 

(%) 

14.4 ± 6.45 19.9±11.0 0.032 17.4 ± 6.4 22.8± 10.1 12.0± 5.6 17.6± 12.1 0.044 0.32 

Total 

MI/LVM 

(%) 

40.5 ± 16.5 52.3±21.3 0.041 47.2± 13.1 59.2± 15.0 35.1±18.3 46.9±25.5 0.081 0.27 

 

6.4 Discussion 

ICD therapy is a reliable treatment method in patients at risk of ventricular 

arrhythmias following myocardial infarction [18]. The most common deciding factor 

influencing ICD implantation is a low LVEF, yet several studies have shown that patients 

 

 
 
Figure 4: A series of MCLE slices for a single patient are demonstrated in the first row. The second row demonstrates 

the same series of MCLE slices after downsampling. Segmented infarct regions, determined by fuzzy c-means 

clustering, are demonstrated within each slice of original and downsampled MCLE images.  The IC is represented as a 

green region while the BZ is represented as a yellow region. 
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with low LVEF may not benefit from ICD therapy [2]– [4]. Recent studies have found 

infarct mass as a sensitive predictor of adverse arrhythmic events, and therefore risk of 

SCD, in patients with MI [9],[19]. As multiple CMR techniques are available for 

quantifying infarct mass, it is important to estimate the differences in infarct mass 

quantification between techniques. The objective of this study was to compare the 

sensitivity of infarct mass determined by two different T1-mapping techniques to those of 

LGE-CMR using IR-FGRE and evaluate the effect of spatial resolution on sensitivity of 

infarct mass for predicting ICD therapy. For this comparison, we chose MOLLI and MCLE 

as T1-mapping techniques, as the MRI pulse sequences in both techniques are 

fundamentally different.  

The results of this study demonstrate that T1-mapping techniques produce 

comparable IC masses to those determined by IR-FGRE, however, the BZ masses as 

determined by MOLLI were significantly higher compared to those determined by MCLE 

and IR-FGRE. Furthermore, the BZ masses determined by the downsampled MCLE were 

significantly larger than the masses determined by original MCLE and IR-FGRE, while 

they were not statistically different from MOLLI.   

Several ex-vivo animal studies have shown that diminished image resolution leads 

to overestimation of BZ mass, but estimation of the IC mass is not substantially affected 

[8],[20]. Pop et al.’s 2013 ex-vivo study on swine hearts [21] found that diminished image 

resolution led to misclassification of BZ pixels and accentuated the difference between BZ 

vs. IC pixels in diffusion weighted imaging (DWI)-CMR. Schuleri et al. 2012 produced 

similar findings in mini-pigs [22], demonstrating inaccurate discrimination of BZ vs. dense 

scar as a result of partial volume effect with slice thicknesses of 8–10 mm in LGE-CMR 
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images and DWI-CMR. In our study, we demonstrated similar effects in-vivo using T1-

mapping images for patients. The MOLLI technique, as compared to other CMR 

techniques, yielded greater estimations of the BZ mass, likely due to the coarser image 

resolution that is inherent to MOLLI images. This suggests that diminished image 

resolution leads to an increase in estimation of the BZ mass, which is likely due to partial 

volume averaging effect. The BZ masses were not significantly different when they were 

determined by MOLLI and MCLE images at the same image resolution, indicating that the 

differences in BZ masses observed at the original acquired resolution may have been 

mostly caused by the differences in spatial resolution between the imaging techniques.  

 In our analysis of the follow-up patient group with ICD implants, we evaluated 

several patient characteristics as well as LV functional characteristics between the patients 

with and without ICD therapy. None of the patient or CMR LV characteristics measured 

in this patient group were significantly different between the patients with and without ICD 

therapy. However, the average BZ measurements in patients with ICD therapy were 

significantly higher than those found in patients without ICD therapy; suggesting that 

indices based on BZ measurement may lead to more effective risk stratification strategies 

in patients with chronic MI. When the BZ was determined using the downsampled MCLE 

images, the difference in BZ mass between the patients with and without ICD therapy was 

no longer significant. Thus, spatial resolution of the CMR technique is an important 

determining factor in BZ mass quantification, and low spatial resolution leads to low 

sensitivity in predicting ICD therapy using BZ mass. 

This study has several limitations. Firstly, the sample sizes in both groups were small. 

This affects our statistical testing, especially in analysis of the group of 38 patients who 
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had undergone MOLLI, MCLE, and IR-FGRE imaging. The analysis of the MOLLI pulse 

sequence was limited to a single slice per acquisition, and thus a reduced volume of tissue 

was assessed in this group compared to the other pulse sequences. Therefore, in order to 

maintain consistency among the three techniques, we only analyzed the single 

corresponding slice of the MCLE and IR-FGRE pulse sequences in the comparisons with 

MOLLI. This led to an underrepresentation of tissue volume to characterize scar in the 

group analysis. A multi-slice analysis would be most ideal to address this issue; however, 

this was not feasible given the single-slice limitation of the MOLLI pulse sequence. 

Another limitation in our study is the exclusion of the MOLLI imaging technique 

in the group of 27 patients with ICD follow-up. The study on ICD follow-up was performed 

retrospectively, and unfortunately, the MOLLI pulse sequence was not available at SRI at 

the time. Due to the delay in access to the MOLLI pulse sequence, we were unable to 

include it in the CMR procedure for our patient group with ICD follow-up. Nonetheless, 

we were able to implement this imaging technique in the other patient group involved in 

the study. However, since the MOLLI technique was limited to single slice, a much larger 

sample size would likely be needed to determine the significance of BZ measurements 

between patients with and without appropriate ICD therapy. Infarct area measurements, as 

compared to infarct volume measurements, may be less sensitive in quantifying infarct 

masses and therefore may not be as sensitive in predicting appropriate ICD therapy.  

Our study involved comparison of the MCLE T1-mapping technique to two other 

conventional techniques. Due to inherent differences in acquisition parameters between 

these sequences, the acquired image resolutions differed among the methods. To explore 

the impact of resolution, we artificially downsampled the MCLE images to the resolution 
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of MOLLI images. We recognize, however, that artificial downsampling may not ideally 

mimic changes in the signal-to-noise ratio and/or motion blur affecting the distribution of 

the underlying biological material when the images are acquired directly at a lower 

resolution. However, due to resource and time constraints, we were unable to acquire a 

second, lower resolution MCLE acquisition on the same patient set in the current study.  

6.5 Conclusions 

T1-mapping techniques produce adequate CMR images and comparable IC masses 

to those of IR-FGRE. The BZ mass index is an appropriate measure in risk stratification 

for adverse ICD events and risk of SCD. Spatial resolution is an important determining 

factor in quantification of BZ infarct regions, and diminished image resolution causes an 

increase in the estimation of the BZ due to partial volume effects. Poor image resolution is 

associated with a reduced sensitivity in the prediction of appropriate ICD therapy from BZ 

mass. 
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Chapter  7: Radiomic analysis-based classification of 

cardiomyopathy states manifesting with interstitial myocardial 

fibrosis using native T1 and ECV mapping CMR  

7.1 Introduction 

Cardiac magnetic resonance (CMR) imaging is considered the gold-standard diagnostic 

imaging approach for assessing myocardial disease. Recently, quantitative imaging 

approaches, such as native T1-mapping and ECV mapping, have been proposed for 

evaluation of various cardiovascular diseases that present with either interstitial or 

replacement fibrosis (MF), as these methods allow for improved characterization of the 

myocardial tissue space [1]– [4].  

Cardiomyopathy phenotypes may be distinguished based on differences in myocardial 

T1 and/or ECV values, and recent studies have applied machine learning approaches 

toward this aim. Such approaches can broadly be categorized into two kinds: (1) radiomic 

analysis (RA), wherein hand-selected image features are extracted using various image 

filters and transforms, and (2) convolutional neural networks (CNN), wherein a computer 

automatically recognizes image features on its own. In both cases, data-characterization 

algorithms are used to extract quantitative features from segmented regions, including 

texture, shape, and statistical features, which are specific to the segmented region of 

interest (ROI) [5]– [9]. These image features which may be reflective of the underlying 

pathophysiology of the tissue but may be imperceptible to the human eye [7]– [10]. 

Following feature extraction, various machine learning methods can be implemented for 

characterization and classification of cardiomyopathy disease states. Both RA and CNN 
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methods have been successfully applied to classify cardiomyopathy phenotypes, however, 

CNNs typically require a larger amount of training data in order to perform suitably [11]. 

Recent studies have used RA to differentiate hypertrophic cardiomyopathy (HCM) 

phenotypes and ischemic disease states in CINE and LGE images with semi-manually 

derived myocardial contours [12]– [15]. HCM phenotypes have also been differentiated 

using RA of native T1-mapping CMR and manually derived myocardial contours 

[6],[12],[16]– [18]. Similarly, RA has also been applied to extracellular volume (ECV) 

mapping CMR for differentiation between reversible versus irreversible myocardial 

damage following myocardial infarction [19], prediction of heart failure [20], as well as 

HCM versus athlete’s heart [21] using manually traced myocardial ROIs. Thus, recent 

studies support the clinical value for RA to differentiate between various cardiovascular 

diseases; however, current methods rely on manual or semi-manual delineation of the 

myocardial ROI, which introduces the risk of inter- and intra-operator variability affecting 

the derived features. Inadvertent inclusion of pericardial fat and/or blood pool regions to 

the myocardial ROI can significantly confound T1 and ECV measurements, potentially 

leading to erroneous radiomic features and/or deficits in reproducibility of features [22]. 

Deep learning-based methods, such as convolutional neural networks (CNN), have also 

been implemented for CMR image analysis tasks, including image segmentation and 

disease classification. However, the latter objective has been achieved by only few studies, 

such as classification of normal, HCM and dilated cardiomyopathy (DCM) [23] and HCM 

genotypes [24] using CINE imaging. 
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Therefore, we propose fully automated cardiomyopathy disease classification using T1 

and ECV mapping CMR and compare two approaches: (1) RA-based disease classification 

using ensembled machine learning methods and (2) deep learning-based disease 

classification using CNNs, both of which implemented using myocardial contours derived 

automatically by a convolutional neural network (CNN) based on the U-Net architecture 

[25] and transfer-learning. 

7.2 Methods 

7.2.1 Patient population and CMR imaging protocol 

Two hundred and seventy-two (272) patients were prospectively recruited to the 

Stephenson Cardiac Imaging Centre, Libin Cardiovascular Institute, in Calgary, AB, 

Canada. The study was approved by the Conjoint Health Research Ethics Board at 

University of Calgary and all subjects provided written informed consent. Patients with 

both a clinical diagnosis and confirmed CMR imaging-based diagnosis of a 

cardiomyopathy state commonly associated with interstitial MF were selected for this 

study. The patient population included the following disease states: cardiac amyloidosis (n 

= 50), Fabry’s disease (n = 23), HCM (n = 75), hypertensive heart disease (HTN) (n = 39), 

and healthy volunteers (n = 85).  All patients underwent a standardized imaging protocol 

using a Siemens 3T magnet (Prisma or Skyra, Siemens Healthineers, Erlangen), inclusive 

of short and long-axis CINE and LGE imaging using SSFP and inversion-recovery gradient 

echo (IR-GRE) pulse sequences, respectively. LGE imaging was performed 10 minutes 

following the intravenous administration of 0.1 mmol/kg Gadovist (Bayer Inc., Canada). 

Native (i.e., pre-contrast), post-contrast and ECV mapping was performed in short-axis 

view at the apex, base and/or mid-point of the LV region using a PSIR MOLLI pulse 
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sequence. Thus, two or three mapping images at the aforementioned LV locations were 

available per patient. All patients underwent native T1-mapping imaging; however, post-

contrast T1-mapping images were not acquired in all patients in this study. Therefore, ECV 

mapping images were not available for all study participants. Thus, in total, 813 native T1-

mapping and 497 ECV mapping images were available for analysis. The number of images 

acquired per cardiomyopathy disease state is demonstrated in Table 7-1. 

Table 7-1 Image availability per patient population 

 CMR imaging sequence 

Cardiomyopathy 

state 

Native T1-

mapping 

ECV mapping 

Cardiac amyloidosis 150 90 

Fabry’s disease 68 56 

HCM 225 204 

HTN 116 79 

Healthy volunteers 254 68 

Total 813 497 

 

7.2.2 Image processing 

The image processing and classification pipeline used in this study is demonstrated 

in Figure 1, consisting of three main steps: (1) preprocessing, (2) myocardial segmentation, 

and (3) classification. Pre-processing steps (1) included image resizing and scaling the bit 

depth of pixels. The myocardial segmentation step (2) was achieved with a transfer 

learning-based approach using a U-Net [25] CNN architecture that was pre-trained on ECV 

[26] or native T1-mapping images (respectively) of patients with ischemic and dilated 

cardiomyopathies (ICM and DCM, respectively). Binary myocardial segmentation masks 

were required as input along with mapping images for both the classification step (3), 

which was implementing using two approaches: RA-based and deep-learning based 

classification algorithms. 
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Figure 7-1 Image processing pipeline used for cardiomyopathy disease classification. 

All images were preprocessed before being passed through a U-Net-based algorithm for myocardial 

segmentation. The output binary myocardial mask was used with the pre-processed image as input for two 

classification algorithms which were implemented to compare performance accuracy, i.e., (1) random 

forest algorithm using radiomic features and (2) deep learning algorithm using CNNs. 

7.2.2.1 Preprocessing 

All images were originally saved in Digital Imaging and Communications in 

Medicine (DICOM) format with a pixel depth of 12 bits per pixel. Images were 

preprocessed by converting to 16-bit double precision Nifti format and resizing to 

standardized dimensions of 192 by 176 pixels in length and width, respectively, as in our 

prior study (Chapter 4) [26]. 

7.2.2.2 Myocardial segmentation 

Preprocessed images were passed through a pre-trained CNN based on the U-Net 

architecture [25],[26] to generate myocardial segmentation masks. By using this transfer-

learning based approach, the U-Net model did not require training on the current dataset, 

thereby allowing all 813 native and 497 ECV mapping images to be segmented for the 

classification task. A standard encoder and decoder pipeline was used with a fixed kernel 

size of 3x3 for all but the last convolutional layer, which was adjusted to 1x1 in order to 

generate the output segmentation mask. Filter sizes increased by a factor of two from 64 to 

1024 across convolution layers in the encoder path and decreased at the same interval back 

to 64 in the decoder path using max pooling. Each Convolution layer was followed by a 

rectified linear unit (ReLU) activation function. Batch normalization was used in the 
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encoder path for regularization. The myocardial segmentation mask was obtained using a 

sigmoid activation function which output a probability map from 0 – 1, wherein 

probabilities >0.5 were mapped to 1 and <0.5 were mapped to 0 to generate a binary image 

[26]. Figure 7-2 demonstrates the U-Net model used for myocardial segmentation. 

Following myocardial segmentation, images and binary masks were used as input for 

disease classification using two classification algorithms for comparison, based on (1) RA 

and (2) deep learning.  

 

Figure 7-2 Classification approach used for native T1-mapping and ECV mapping images. 

Native T1 images were used for binary classification wherein the normal phenotype was differentiated 

against all other cardiomyopathy disease states, i.e., normal versus cardiac amyloidosis, Fabry’s disease, 

HCM or HTN. ECV mapping images were used for multiclass classification wherein all 5 phenotypes were 

differentiated. 

7.2.3 Cardiomyopathy phenotype classification 

As demonstrated in the image processing pipeline in Figure 7-1, preprocessed images 

and binary masks were used as input into two algorithms, which were employed for 

performance comparison, to achieve classification of cardiomyopathy phenotypes. To this 
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aim, we experimented with binary (normal vs. abnormal) and multiclass classification of 

the five disease states. Native T1 mapping is sensitive to myocardial processes that affect 

the myocardium globally and best demonstrates areas of replacement MF [27]– [29], 

whereas ECV mapping is predominantly reflective of the myocardial ECV space and best 

demonstrates ECV expansion, and may consequently be more beneficial in the assessment 

of cardiomyopathies associated with interstitial fibrosis [29]–[31]. Since the disease states 

studied in this work are all associated with interstitial fibrosis, ECV mapping images were 

selected for multiclass classification, while native T1 mapping images were selected for 

binary classification, as demonstrated in Figure 7-2. 

7.2.3.1 RA-based classification method 

Two machine-learning algorithms were compared for RA-based classification of 

cardiomyopathies, namely, a gradient boosting regression trees (GBRT) algorithm and a 

k-nearest neighbour (KNN) algorithm. An ensemble learning approach was implemented, 

wherein both GBRT and KNN algorithms were stacked with a linear support vector 

classifier (SVC) to boost classification performance.  

The GBRT algorithm is a model that is similar to the random forest algorithm, but 

instead uses an ensemble of regression trees. Regression trees output continuous values 

rather than discrete values (as in decision trees). Gradient boosting is implemented, 

whereby difference between the current prediction and the target value is calculated (called 

the residual difference). The output of each regression tree is summed, and the residual 

difference is again computed. In this manner, each subsequent regression tree corrects the 

error of the previous tree. The process is repeated along the model, allowing the residual 

difference to be minimized which improves prediction accuracy. 
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The KNN method makes predictions based on the similarity of an instance to k 

nearest neighbours in feature space based on a weighting factor and distance metric. The 

parameter k (i.e., number of nearest neighbours) is chosen by the user, typically using a 

grid search to find the optimized parameter.  

Both RA-based classification algorithms consisted of three steps: (1) feature 

extraction, (2) feature pre-processing, and (3) model training. These steps were 

implemented using Python v. 3.9 using PyRadiomics, Scikit-learn, and Imbalanced-learn 

packages[32]– [34].   

7.2.3.1.1 Feature extraction 

Radiomic feature extraction was achieved using PyRadiomics software [34], an open-

source platform capable of extracting a large variety of radiomic features from a region of 

interest across various user-defined parameters. We applied PyRadiomics’ built-in 

preprocessing methods prior to feature extraction, namely, image normalization (i.e., 

intensity scaling), histogram bin discretization, and application of several filters and 

mathematical transforms. For normalization, pixel intensities were scaled between a range 

of 0 and 1. Bin discretization is performed on pixels within the given binary ROI, wherein 

intensities are grouped according to specific range intervals. Bin widths were chosen based 

on a heuristic approach. For binary classification with native T1-mapping images, a bin 

width of 16 was used, while a bin width of 25 was used for ECV mapping images. The 

filters and mathematical transforms applied to images prior to feature extraction included 

the Laplacian of Gaussian (LOG) filter with sigma (σ) = 1.0, 3.0 and 5.0, wavelet 

transform, logarithm, square, and exponential transforms, and gradient. 
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PyRadiomics extracted five feature categories from the original image and all 

aforementioned filtered/transformed images [34], including (1) first-order statistical, (2) 

shape descriptors, (3) gray level cooccurrence matrix[10], (4) gray level run length matrix 

[35], [36], and (5) gray level size zone matrix [37]. This resulted in a total of 1125 unique 

features to be used for classification.  

7.2.3.1.2 Pre-processing of radiomic features 

Radiomic features were normalized such that all feature values ranged between 

minimum and maximum values of 0 and 1, respectively, before being randomized and 

subdivided into training (90%) and testing (10%) subsets. A stratified approach was used 

to subdivide the data such that proportions of the classes were maintained in the train and 

test subsets. 

As demonstrated in Table 7-1, Fabry’s disease patients were fewest among all 

cardiomyopathy groups, representing only 9% and 11% of all native T1-mapping and ECV 

mapping images, respectively. To address the class imbalance, synthetic minority 

oversampling technique (SMOTE)[38] was applied to the training subset in order to up-

sample the minority classes to match the representation of the majority class (i.e., the HCM 

group for ECV maps). The SMOTE technique creates artificial minority samples based on 

the interpolation between a given minority sample and its nearest minority class neighbors 

in feature space, thereby increasing the representation of minority samples while 

preserving the structure of the original data. Synthetic feature data of Fabry’s, cardiac 

amyloidosis, HTN and healthy groups were created to increase the number of each subtype 

in the training set 184 cases for ECV mapping image multiclass classification. For binary 

classification of native T1-mapping images, all disease phenotypes were combined and 
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considered a single class to be differentiated from the healthy (normal) group. Therefore, 

SMOTE resampling was used to up-sample the normal group to match the representation 

of the abnormal group, bringing up the total of normal cases to 498 in the training set.  

Following SMOTE, we implemented feature selection to reduce noise, redundancy, 

and computation time prior to training the algorithms. We compared three common 

methods: principal component analysis (PCA), least absolute shrinkage and selection 

operator (LASSO) and mutual information. The mutual information method was ultimately 

chosen for feature selection as it generated the best reproducibility across repeated 

experiments as compared to PCA and LASSO methods.  Mutual information is a measure 

of the relative entropy between the joint probability and the product probability of the 

predictor variable (i.e., the features) and target variable (i.e., the classes), thereby providing 

a relative estimate of the dependence between each feature and the classes and is given in 

Equation 7-1 [39]. A criterion of mutual information > 0.22 was required for any given 

feature to be selected.   

𝑰(𝑿, 𝒀) =  ∫ ∫ 𝒑(𝒙, 𝒚)𝒍𝒐𝒈
𝒑(𝒙,𝒚)

𝒑(𝒙)𝒑(𝒚)

 

𝒀

 

𝑿
 𝒅𝒙𝒅𝒚  Equation 7-1 

where 𝑝(𝑥, 𝑦) is the joint probability density function and 𝑝(𝑥) and 𝑝(𝑦) are the marginal 

distribution functions of variable 𝑋 (feature) and variable 𝑌 (target).   

7.2.3.1.3 Model training 

A randomized search [40] was used to find the best combination of 

hyperparameters to tune the GBRT and KNN classification algorithms. The models were 

then trained with the optimized hyperparameters and validated using 5-fold cross 

validation. Since feature data was randomized prior to being split into train and test sets, 
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the possibility exists of images from the same patient (e.g., apical and base LV images) 

existing within a single fold during the 5-fold cross validation procedure. However, this is 

unlikely to impact classification results since inherent anatomical differences exist across 

base, mid-point and apical regions of the heart (e.g., level of hypertrophy, degree of 

interstitial fibrosis, sun-endocardial involvement, etc.). The hyperparameters used for the 

GBRT and KNN algorithms are demonstrated in Tables 7-2 and 7-3, respectively. 

 

Table 7-2 Hyperparameters used for GBRT binary and multi-class classification algorithm 

Hyperparameter Binary classification 

(Native T1 mapping) 

Multi-class classification 

(ECV mapping) 

Number of trees in forest 1008 1924 

Maximum depth of each tree 4 9 

Minimum samples to split internal 

node 

2 2 

Minimum samples at each leaf 

node 

1 15 

Maximum # features to consider 

when looking for best split 

43 14 

 
Table 7-3 Hyperparameters used for KNN binary and multi-class classification algorithm 

Hyperparameter Binary classification 

(Native T1 mapping) 

Multi-class classification 

(ECV mapping) 

Number of nearest neighbours 1 3 

Weight function used in 

prediction 

Distance (neighbour 

points weighted inversely 

proportional to their 

distance) 

Uniform (all points in each 

neighborhood are weighted 

equally) 

Distance metric Minkowski Minkowski 

Approach used to compute the 

nearest neighbours 

Naïve Ball tree 

 

7.2.3.1.4 Ensemble approach using stacking with linear support vector classifier 

Both the GBRT and KNN classifiers were separately stacked with a linear SVC to 

build the final classifier, as shown in Figure 7-3. The linear SVC used a “one versus rest” 

approach to classify each disease state in multiclass classification of ECV images while a 

“one versus one” approach was used for binary classification. L2 regularization was used 
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to avoid overfitting. The linear SVC was optimized using a squared hinge loss function. 

The final meta-model used for classification was a logistic regression algorithm which was 

built by stacking estimators from the GBRT and KNN with the linear SVC, respectively. 

Typically, machine learning classifiers based on decision trees, such as GBRT, 

perform comparably to KNN. Since stacking is a machine learning method based on 

boosting model performance using weak learners, stacking models whose performances 

are comparable may not result in improved accuracy. Therefore, we decided not to 

implement a three-way stacking model inclusive of all GBRT, KNN and linear SVC. 

 
Figure 7-3 Stacking ensemble approach for RA-based classification 

7.2.3.2 Deep learning-based classification method 

7.2.3.2.1 CNN training and testing procedure 

The CNN-based classification method used images and binary masks as input to 

achieve binary (native T1-mapping) and multiclass (ECV mapping) disease classification. 

Native T1 and ECV mapping datasets were subdivided into training (90%) and testing 

(10%) subsets (respectively), using a stratified approach such that the proportions of the 

classes were maintained in the train and test subsets. Images were normalized such that 

pixel intensities ranged between 0 – 1 prior to training and testing. Due to the class 

imbalance noted in Table 1, data augmentation was used for multiclass classification of 

ECV mapping images, wherein images were rotated, flipped and shifted in height and 
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weight to up-sample the minority classes and avoid over-fitting. Training and testing were 

performed on GPU in Kaggle using Scikit-learn, Keras and Tensorflow libraries. 

7.2.3.2.2 CNN Architecture 

Two separate CNN models were trained for the multiclass and binary classification 

tasks. The CNN models were built with four convolution layers, each followed by a max 

pooling layer. Two dense layers were placed after the final max pooling layer, wherein the 

final dense layer applied the activation function to generate the class labels. Softmax and 

sigmoid activation functions were used for multiclass and binary classification, 

respectively. Hyperparameters were tuned manually and are shown in Table 4. Both CNN 

models were trained for 15 epochs. The architecture of CNN classification models is shown 

in Figure 7-4. 

Table 7-4 Hyperparameters for binary and multiclass classification of ECV mapping images 

 Value 

Hyperparameter Binary classification 

of native T1 mapping 

Multi-class classification 

of ECV mapping 

Optimizer Adam RMS prop 

Learning rate 0.0001 0.00001 

Loss function Binary cross entropy Categorical cross entropy 

Batch size 16 16 

Data 

augmentation 

N/A Yes 

 

 
Figure 7-4 CNN architecture used for cardiomyopathy classification. 

An example normal phenotype ECV mapping image (shown in grayscale) and binary mask is shown. The 

activation function at the final dense layer of the CNN generated the classification label (multiclass for ECV 

mapping images and binary for native T1-mapping images). 

 



 205 

7.2.4 Performance Evaluation and Statistical Analysis 

The performance of RA-based and CNN-based classification algorithms were 

assessed using conventional metrics including accuracy, precision, recall (sensitivity), and 

F1 score. All aforementioned metrics were computed per class (i.e., per each disease group) 

and across all classes. For computation of per-class metrics, the class-specific number of 

true positive, true negative, false positive, and false negative (i.e., TP, TN, FP, and FN, 

respectively) were used, while overall metrics were computed using the total number of 

TP, TN, FP, and FN instances across all classes.  

Classification performance was also assessed using receiver operator curves (ROC) 

and area under the curve (AUC). The ROC and AUC metrics were computed on a per-class 

basis for multiclass classification on ECV mapping images and across both classes for 

binary classification on native T1-mapping images.  

To assess the correlation between the multiclass and binary predicted labels vs. true 

labels, the Spearman Correlation Coefficient  was computed. To assess the significance 

between RA-based classification labels (i.e., GBRT vs. KNN ensemble), a Wilcoxon 

signed rank test was used. The Kruskal-Wallis test was used to determine significance 

between the predicted RA-based and predicted CNN-based classification labels against the 

true class labels, respectively, for both multiclass and binary classification. Lastly, 

McNemar’s chi square test was used to assess the difference between the proportions of 

correctly classified observations (i.e., accuracy) among all three models. The McNemar 

test is a non-parametric method that compares the discordance of proportions of paired 

observations and is applied to a 2x2 contingency table to assess row and column marginal 

homogeneity with one degree of freedom [41]. The contingency table used for this analysis 
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is shown in Table 7-5. The McNemar test statistic is given by Equation 7-2, by which a 

value of 0 denotes no difference between paired proportions of observations and larger 

values denote larger differences. 

Table 7-5 Contingency table for the McNemar test 

 Method 2 correct Method 2 misclassified 

Method 1 correct A B 

Method 1 misclassified C D 
A represents the number of observations correctly classified by both methods, B is the number of observations correctly 

classified by Method 1 but misclassified by Method 2, C is the number of observations misclassified by Method 1 but 

correctly classified by Method 2, and D is the number of observations incorrectly classified by both methods. 

 

 𝛘𝟐 =
(𝐁−𝐂)𝟐

𝐁+𝐂
 Equation 7-2 

7.3 Results 

7.3.1 Myocardial Segmentation 

Myocardial segmentations automatically derived using the U-Net technique were 

compared to manual contours delineated by an expert. Dice similarity metric (DSC), 

precision, recall and boundary F1 scores are demonstrated in Table 6 for native T1-

mapping and ECV images. The U-Net method achieves results greater than 86% across all 

performance metrics in myocardial segmentation of both native T1 maps and ECV maps. 

Example segmentations derived by the U-Net architecture versus manual ground truth 

delineations are demonstrated across all cardiomyopathy phenotypes in Figure 7-5. 

Table 7-6 Accuracy metrics of myocardial segmentations generated using U-Net and transfer 

learning 
 Image type 

Metric Native T1 maps ECV maps 

DSC 86  7.3 88  6.1 

Precision 87  13 89  10 

Recall 88  12 90  10 

Boundary F1 87  13 89  10 
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Figure 7-5 Myocardial segmentations derived using U-Net versus manually. 

U-Net contours are shown in magenta and manual contours are shown in green in native T1-maps (first two 

rows) and ECV maps (second two rows). The ECV mapping images are demonstrated in grayscale rather 

than colour, in order to better demonstrate the coloured myocardial contours. An example image is 

demonstrated for each cardiomyopathy phenotype.  

 

7.3.2 Binary classification using native T1-mapping images 

For the RA-based classifiers, feature selection was performed using a criterion of 

mutual information >0.22, thereby reducing the number of features from 1125 to 98. A pie 

chart demonstrating the distribution of feature importance across various image filters and 

transforms is shown in Figure 7-6. The logarithm transform provided the most significant 

features by mutual information, followed by the gradient transform. Table 7-7 

demonstrates the MI distribution of feature categories across all filters and transforms. The 

most significant feature category was the GLRLM, followed by first order statistics, across 

all filters and transforms.  



 208 

 
Figure 7-6 Pie chart of filters and transforms with highest MI for binary classification 

 

 
Table 7-7 Distribution of binary feature importance across categories 

 
 Feature category 

 First order  Shape GLCM GLRLM GLSZM 

% used for 

classification  

9.51 0 12.84 66 3.08 

 

Both GBRT and KNN ensemble models were trained using a stratified 5-fold cross 

validated approach, wherein the average training accuracies are reported at 93  2.3% and 

93  1.6%, respectively. Table 7-8 demonstrates per-class testing accuracy, precision, 

recall, and F1 score metrics given by the two RA-based and the deep learning (CNN)-based 

binary classification methods. Although both RA-based classification methods 

outperformed the deep learning CNN classification algorithm, in particular, the KNN and 

SVC ensemble method performed superiorly across all metrics, excluding precision. All 

models performed best in classification of the abnormal subgroup versus normal (healthy). 

Normalized confusion matrices for GBRT and SVC ensemble, KNN and SVC ensemble, 

and CNN methods are demonstrated in Figure 7-7. 
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Table 7-8 Accuracy metrics of binary abnormal vs. normal classification using native T1-mapping 

images 

 
Metric Patient group Classification Method 

GBRT and SVC 

ens. 

KNN and SVC 

ens. 

CNN 

Accuracy (%) All patients 88 89 85 

Precision (%) Normal (healthy) 76 80 85 

Abnormal  93 93 85 

Recall (%) Normal (healthy) 83 83 74 

Abnormal 90 91 92 

F1 Score (%) Normal (healthy) 79 82 79 

Abnormal 91 92 89 

 

 
Figure 7-7 Normalized confusion matrices for three binary classification models. 

Predicted labels (columns) are normalized by the true number of classes (rows). 

 

Figure 7-8 demonstrates the binary ROC, wherein the AUC metric is reported in 

the legend. The AUC of the GBRT and SVC ensemble and the KNN and SVC ensemble 

methods were computed at 0.939 and 0.934, respectively, which exceeded that of the CNN-

based method, computed at 0.88.  
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Figure 7-8 Binary ROC and AUC for three classification models. 

7.3.3 Multiclass classification using ECV mapping images 

RA-based classification of five cardiomyopathy states, i.e., amyloidosis, Fabry’s, 

HCM, HTN and normal (healthy), was performed after feature selection a criterion of 

mutual information > 0.22, reducing the number of features from 1125 to 125. A pie chart 

demonstrating the distribution of feature importance across various image filters and 

transforms is shown in Figure 7-9. The exponential transform yielded the most significant 

features by mutual information, followed by features derived from the original image. 

Table 7-9 demonstrates the MI distribution of feature categories across all filters and 

transforms. The most significant feature category was the GLCM, followed by first order 

statistics, across all filters and transforms. 

 
Figure 7-9 Pie chart of filters and transforms with highest MI for multiclass classification 

 

 
Table 7-9 Distribution of multiclass feature importance across categories 

 Feature category 

 First order Shape GLCM GLRLM GLSZM 

% used for 

classification  

31.24 0 36.13 13.44 5.41 
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Both GBRT and KNN ensemble models were trained using a stratified 5-fold cross 

validated approach, wherein the average training accuracies are reported at 77  9% and 

86  2.6%, respectively. Table 7-10 demonstrates testing per-class and overall performance 

metrics, including accuracy, precision, recall and F1 score across two RA-based 

classification models and the CNN-based model. The RA-based classification methods 

outperformed the deep learning CNN classification algorithm across the majority of class-

specific metrics. Among the two RA-based algorithms, the GBRT ensemble method 

outperformed the KNN ensemble method across all metrics. The GBRT and KNN 

ensemble methods yielded the lowest precision, recall, and F1 score metrics among HTN 

group followed by the Fabry’s disease group, whereas the CNN method yielded the lowest 

aforementioned scores in the healthy and Fabry’s disease group. The GBRT ensemble 

method demonstrated the highest metrics among the healthy group, compared to the 

amyloidosis group and the HCM group for KNN ensemble and CNN methods, 

respectively.  The normalized confusion matrices demonstrating classification accuracies 

for each subgroup is demonstrated across each method in Figure 7-10.  

Table 7-10 Performance metrics computed on algorithms used for multiclass classification of ECV 

mapping images 

Metric Patient group 
Classification Method 

GBRT & SVC ens. KNN & SVC ens. CNN 

Accuracy 

(%) 

Amyloidosis  90 90 90 

Fabry’s disease 86 86 94 

HCM 78 74 68 

HTN 84 76 88 

Healthy 94 90 84 

All patients 66 58 62 

Precision (%) 

Amyloidosis  78 78 83 

Fabry’s disease 50 50 0 

HCM 70 65 61 

HTN 38 25 33 

Healthy 86 57 0 

All patients 64 55 59 
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Recall (%) 

Amyloidosis  70 70 56 

Fabry’s disease 43 43 0 

HCM 74 68 100 

HTN 50 25 20 

Healthy 75 67 0 

All patients 62 55 62 

F1 Score (%) 

Amyloidosis  74 74 67 

Fabry’s disease 46 46 0 

HCM 72 67 76 

HTN 43 25 25 

Healthy 80 62 0 

All patients 63 55 55 

 

 
Figure 7-10 Normalized confusion matrices for multiclass classification algorithms. 

Confusion matrices for GBRT and SVC ensemble (left), KNN and SVC ensemble (middle), and CNN 

classification algorithms (right) demonstrate per-class classification accuracies across five cardiomyopathy 

phenotypes. Predicted labels (columns) are normalized by the true number of samples (rows) per each 

phenotype. The cardiomyopathy groups are numbered as follows: amyloidosis (class 1), Fabry’s disease 

(class 2), HCM (class 3), HTN (class 4), and healthy (class 5). 

 

Figure 7-11 demonstrates the receiver operating curve (ROC) computed for each 

of the five cardiomyopathy classes. The area under the curve (AUC) metric is reported in 

the figure legend. The class demonstrating the highest AUC was amyloidosis for all 

algorithms. The lowest AUC was demonstrated in the Fabry class for the RA-based 

algorithms, while Fabry and healthy were tied for the lowest AUC yielded by the CNN-

based algorithm. 
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Figure 7-11 Multiclass ROC and AUC for three classification models. 

ROC curves and AUC metric per-class for RA-based classification models (GBRT and SVC ensemble 

method, KNN and SVC ensemble method) and CNN model. The colour/class legend demonstrates the 

corresponding AUC for each class as follows: Amyloidosis (purple ROC), Fabry’s disease (blue ROC), HCM 

(lime green ROC), HTN (yellow ROC), and healthy (red ROC). 

 

7.3.4 Statistical Analyses 

The Spearman correlation coefficient was computed to determine the correlation 

between predicted classification labels output by each model versus the true class labels, 

as shown in Table 7-11 for binary and multiclass classification. The KNN ensemble 

method was the most highly correlated to the true binary class labels, while the GBRT 

ensemble method was the most highly correlated to the true multiclass class labels. 

Table 7-11 Spearman correlation coefficients of GBRT, KNN and CNN classification models versus 

true labels 

Classification method Spearman correlation coefficient P-value 

Binary classification 

GBRT ensemble method 0.705 <0.0001 

KNN ensemble method 0.737 <0.0001 

CNN method 0.685 <0.0001 

Multiclass classification 

GBRT ensemble method 0.659 <0.0001 

KNN ensemble method 0.514 0.00011 

CNN method 0.475 0.00042 

 

The Kruskal-Wallis test did not demonstrate significance between the predicted 

binary class labels output by RA models (P-value=0.964) or CNN model (P-value=0.586) 

versus the true class labels. To determine the significance between the classification labels 

predicted by the RA-based methods against each other (i.e., GBRT ensemble method vs. 

KNN ensemble method), a Wilcoxon signed rank test was applied, which did not 
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demonstrate statistically significant differences (P-value=1.0). Similarly, McNemar’s chi 

square test did not demonstrate significance in the marginal homogeneity of paired 

proportions for the GBRT vs. KNN ensemble methods (P=1.0, McNemar’s test statistic = 

0), GBRT ensemble vs. CNN method (P=0.824, McNemar’s test statistic = 9.0), nor KNN 

ensemble vs. CNN method (P=0.648, McNemar’s test statistic = 8.0); Binary contingency 

tables for three-way classification model comparisons are demonstrated in Figure 7-12. 

For multiclass classification, the Kruskal-Wallis test did not demonstrate 

significance between predicted class labels output by both RA-based models (P-

value=0.926); however, statistical significance was demonstrated on predicted labels from 

the CNN model versus the true class labels (P-value=0.0042). The Wilcoxon signed rank 

test was applied to determine the significance between the classification labels predicted 

by the RA-based classifiers (i.e., GBRT ensemble method vs. KNN ensemble method), 

which did not demonstrate significance (P-value=0.747). For analysis of the marginal 

homogeneity of paired proportions, McNemar’s chi square test was used, which did not 

demonstrate significance for the GBRT vs. KNN ensemble methods method (P=0.344, 

McNemar’s test statistic = 3.0), the GBRT ensemble vs. CNN method (P=0.851, 

McNemar’s test statistic = 13.0), nor KNN ensemble vs. CNN (P=0.839, McNemar’s test 

statistic = 14.0). Multiclass contingency tables for three-way classification model 

comparisons are demonstrated in Figure 7-13. 
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Figure 7-12 Contingency tables for three-way comparison of binary classification models 

 

 
Figure 7-13 Contingency tables for three-way comparison of multiclass classification models 

 

7.4 Discussion 

Quantitative imaging techniques including native T1-mapping and ECV mapping 

CMR permit characterization of myocardial tissue space, allowing for differentiation 

between various cardiovascular diseases that present with MF. However, current methods 

rely on automated or semi-automated delineation of myocardial contours prior to 

classification. In this work, we implemented a fully automated pipeline inclusive of 

myocardial segmentation using a transfer-learning approach for binary (normal versus 

abnormal) and multiclass classification of five cardiomyopathy phenotypes. 

The transfer-learning approach used in our pipeline allowed for all images to be used 

for training of the classification algorithms. We were able to achieve myocardial 

segmentation with DSC exceeding 86% in both native T1 and ECV mapping images by 

using a U-Net method that had been pre-trained on native T1 and ECV mapping images in 

patients with ICM and DCM.  

We compared two RA-based and one deep learning-based method for both multiclass 

and binary classification using ECV mapping and native T1-mapping images, respectively. 

For binary classification of normal vs. abnormal phenotypes, all methods achieved 

classification accuracy metrics exceeding 83%; however, both RA-based methods 

performed superiorly over CNN-based methods. Although the KNN and SVC ensemble 
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method performed better than the alternative RA-based method, the Wilcoxon signed rank 

test did not demonstrate statistical significance between the two methods (P-value=1.0). 

The RA-based methods outperformed the CNN-based method particularly in the 

classification of the normal subgroup. Nevertheless, output binary classification labels 

provided by all three methods were highly correlated with the true class labels, wherein 

Spearman  was computed > 0.685 for all methods. Statistical significance was not 

demonstrated between binary predicted labels vs. true class labels among any method. 

For multiclass classification, the GBRT ensemble method performed superiorly 

compared to the other two classification methods, wherein all accuracy metrics exceeded 

62%. The GBRT ensemble method also demonstrated the highest AUC across all 

cardiomyopathies as compared to the other methods. While both RA-based methods 

performed well in classification of the healthy and amyloidosis groups, the CNN method 

performed poorly across these groups, as demonstrated in the ROC curves and confusion 

matrices in Figures 9 and 10. The CNN method over-predicted the HCM class and under-

predicted the Fabry and healthy subgroups, likely due to class imbalance. Thus, low AUC 

scores are demonstrated across these two groups as well as the HTN group. Thus, 

significance between true classification labels was not demonstrated against the RA-based 

methods, but was demonstrated against the CNN method.   

Both RA-based and deep learning methodologies typically require large amounts of 

data to be available in order to produce the best performing classification models. Without 

adequate data, it can be particularly challenging to train high-performing classification 

models for multiclass problems, as classification error can increase proportionally to the 

problem complexity. Moreover, class imbalance can contribute to this challenge. In this 
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work, we were limited by both the inadequate amount of data and class imbalance for the 

training of multiclass classification models, leading to moderate accuracies in classification 

of five cardiomyopathy states. This was particularly problematic for the multiclass 

classification using the CNN-based technique, which was to be expected, as CNN based 

methodologies require a larger data pool to in order train the best model [11]. On the 

contrary, this phenomenon was not demonstrated in the binary classification task across all 

models, since reducing the number of classes inherently increases the number of samples 

per class, thereby yielding increased data availability for training. Therefore, in this work, 

we demonstrate that both RA-based and CNN-based methods are suitable for binary 

classification of normal vs. abnormal cardiomyopathy phenotypes. However, for multiclass 

classification, RA-based methods may be more appropriate than CNN-based methods.  

In order to improve multiclass classification results using any method, more data is 

required. Specifically, increasing the data of the minority classes (e.g., Fabry’s disease and 

HTN) would be optimal to improve model performance. However, there are few T1- and 

native mapping datasets available that are both based on the MOLLI imaging sequence and 

inclusive of such diverse cardiomyopathy states. While further imaging could be performed 

to acquire more data, challenges will ultimately still exist in underrepresentation of the 

minority classes, especially rare diseases, such as Fabry’s disease and Amyloidosis. For 

example, both Fabry’s disease and HTN are underrepresented in our dataset. However, 

Fabry’s disease is quite rare, occurring in only 1 in 40,000–60,000 people as compared to 

HTN which affects approximately 1 in 3–5 adults. Thus, it may be feasible to acquire 

additional imaging data in the HTN class, but feasibility of additional data acquisition in 

the Fabry class will inevitably be difficult. Nevertheless, alternative options to increase the 
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data available for classification may exist. For example, additional imaging data may be 

available in alternative native T1- and ECV mapping pulse sequences, such as the 

shMOLLI or SASHA techniques. However, radiomic features may not be directly 

translatable across different T1-mapping pulse sequences. Nevertheless, this could be 

explored in further work. 

7.5 Conclusion 

Native T1-mapping and ECV mapping permits differentiation between various 

cardiomyopathy states by either binary (normal vs. abnormal) classification via RA or deep 

learning-based methods. RA-based methods outperform deep learning for multiclass 

classification; however, multiclass model optimization requires additional data. Further 

studies and/or the addition of supplemental imaging data could permit improved multiclass 

classification accuracy. 
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Chapter  8: Conclusions and Future Work 

This chapter discusses the conclusions and contributions made in this thesis and 

presents limitations and future directions for this research. 

8.1 Summary of Findings 

This thesis investigated various image processing techniques for the assessment of 

cardiomyopathies manifesting with MF. The aim for this thesis was to contribute to the 

development of image processing pipelines, inclusive of segmentation and classification 

techniques, to improve the objectivity of MF analysis using CMR imaging. We focused on 

using a combination of objective techniques, including machine learning, quantitative 

imaging methods (i.e., T1-mapping and ECV mapping pulse sequences) and normalized 

MF quantification approaches in order to reduce the subjectivity of MF analysis. Using 

these strategies, we were able to achieve fully automated myocardial segmentation of three 

quantitative CMR imaging types, including (1) native T1, (2) post-contrast T1, and (3) 

ECV mapping. We also validated objective methods for MF quantification using various 

techniques, such as IIR and fuzzy c-means clustering. Lastly, we created a fully automated 

pipeline for both myocardial segmentation and disease classification of several 

cardiomyopathy phenotypes. A breakdown of each chapter’s contributions is given below. 

8.1.1 Fully automated myocardial segmentation methods for native and post-

contrast T1-mapping CMR (Chapter 3) 

In Chapter 3, we present two CNN methods based on the U-Net architecture for 

fully automated myocardial segmentation of native and contrast-enhanced T1-mapping 

CMR images in patients with three distinct cardiomyopathy states: DCM, HCM and ICM. 

The first presented method applies the U-Net segmentation model directly to the image of 
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interest (i.e., the “direct U-Net” method) and performs best on native T1-mapping images. 

The alternative method (the “CINE-registration” method) uses MIND to register and 

propagate spatially matched CINE myocardial contours (generated by U-Net) to the image 

of interest and performs best on contrast-enhanced T1-mapping images, particularly in 

images exhibiting dense regions of replacement fibrosis.  The direct U-Net and CINE-

registration methods were compared against manually delineated myocardial contours, 

wherein we report average DSC metrics of 82.7 ± 12% and 81.4 ± 6.9%, in native T1-

mapping images (P-value<0.0001 by Wilcoxon signed rank test) versus 74.2 ± 18% and 

77 ± 9.6% in contrast-enhanced T1-mapping images (P-value<0.0014 by Wilcoxon signed 

rank test) across all patient groups, respectively. Specifically, the average DSC metric 

increases by 7.7% in the ICM patient group when myocardial contours are segmented using 

the CINE-registration method. We also present the global native and post-contrast T1 

values measured across DCM, HCM and ICM by both the direct U-Net and CINE-

registration techniques. High linear correlation of global T1 values was demonstrated by 

Pearson analysis of the direct U-Net and CINE-registration techniques in native T1 maps 

(r = 0.93, P<0.0001 and r = 0.87, P<0.0001, respectively) and contrast enhanced T1 maps 

(r = 0.93, P<0.0001 and r = 0.98, P<0.0001, respectively). 

8.1.2 Fully automated myocardial segmentation and observer variability analysis 

of myocardial segmentation in ECV mapping CMR (Chapter 4) 

Chapter 4 presents and compares two automated methods for segmentation of the 

myocardium in ECV mapping CMR, based on (1) the standard U-Net model and (2) the 

U-Net++ model. Negligible differences in accuracy are demonstrated between U-Net and 

U-Net++ (87.61% vs. 87.89%, respectively) in patients with DCM and ICM phenotypes. 
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This study draws attention to the importance of automated myocardial segmentation 

techniques by demonstrating the impact of user variation in manually delineated 

myocardial borders on computed ECV values, wherein ECV values differed significantly 

between three operators (average pairwise P = 0.004 by Kruskal-Wallis H test) but not 

between those operators versus either U-Net or U-Net++ (average pairwise P = 0.060 and 

0.055, respectively). In addition, correlation of global ECV values improved for operators 

versus U-Net and U-Net++ (Spearman ρ = 0.877 and 0.88, respectively) compared to 

operators versus operators (Spearman ρ = 0.828). 

8.1.3 Validation of the IIR quantification technique for analysis of the MF 

progression in the LA following persistent AF in a canine model (Chapter 5) 

Chapter 5 explores an objective method based on the IIR for quantification of MF 

in the LA and aims to corroborate MF progression in canines experiencing sustained AF 

using histopathological imaging as validation. The IIR + 2 SDs method is found to produce 

the best MF quantification among other methods, such as STRM and FWHM, and 

demonstrated that 5 weeks of persistent AF leads to an increase in MF (volumetric %MF 

increase of 2.11 ± 0.88% from baseline to post-pacing among experimental animals, P = 

0.019 by Wilcoxon signed rank test), while control animals demonstrated no significant 

change in measured %MF from baseline to the 5-weeks post time point (P = 0.5 by 

Wilcoxon signed rank test). The median %MF measured at the post-pacing time point was 

significantly greater among experimental animals compared to control animals (2.96 ± 

0.98% vs. 0.95 ± 0.30%, P = 0.009 by Mann Whitney U test). We validated the %MF 

measurements computed by CMR imaging using histopathological imaging, wherein the 

average slice-wise histopathological %MF was computed at 19.42 ± 4.8% in experimental 
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animals versus 1.85% in one control animal. We hypothesize that development of 

arrythmia-insensitive CMR imaging and/or automated techniques for LA segmentation 

may lead to improved MF quantification, and propose additional studies to further 

corroborate the causality of AF to MF. 

8.1.4 Analysis of the effects of spatial resolution on quantification of replacement 

MF volumes in MOLLI and MCLE T1-mapping CMR (Chapter 6) 

In Chapter 6, we explore the effects of diminished spatial resolution on 

quantification of infarct core and border zone (IC and BZ, respectively) tissue regions using 

post-contrast T1-mapping CMR in patients with chronic myocardial infarction. We use a 

fuzzy c-means clustering method to characterize tissue regions, wherein T1-mapping 

methods MOLLI and MCLE are shown to produce comparable IC masses to those of LGE 

CMR imaging. This study demonstrated that the BZ tissue index is an appropriate measure 

for risk stratification of adverse ICD events and risk of SCD, wherein spatial resolution is 

an important determining factor on the quantification of such tissue zones. The BZ masses 

computed using the MOLLI pulse sequence (i.e., the sequence with the coarsest spatial 

resolution) were significantly larger than those computed using MCLE and LGE imaging 

(P = 0.0022 and 0.0003 by student’s t-test, respectively). Downsampled MCLE images 

estimated BZ tissue indices significantly larger than LGE and original MCLE imaging (P 

= 0.0033 and 0.0003 by student’s t-test, respectively). For patients that received appropriate 

ICD therapy (i.e., one or more delivered ICD shock for relevant ventricular arrhythmic 

events), the BZ masses estimated by original MCLE imaging were significantly larger than 

the BZ masses estimated in patients who did not receive ICD therapy (P = 0.044 by 

student’s t-test). however, when spatial resolution of MCLE images were diminished to 
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that of MOLLI, the BZ indices between patients receiving vs. not receiving ICD therapy 

were no longer significant (P = 0.32 by student’s t-test). Thus, poor spatial resolution leads 

to overestimation of the BZ tissue index and is shown to decrease the sensitivity in 

prediction of appropriate ICD therapy. 

8.1.5 Classification of five cardiomyopathy phenotypes associated with interstitial 

MF using native T1 and ECV mapping CMR (Chapter 7) 

In Chapter 7, we present two RA-based methods and one CNN-based method for 

binary and multiclass disease classification in native T1 and ECV mapping CMR imaging, 

respectively, for patients with amyloidosis, Fabry’s disease, HCM, HTN and healthy 

volunteers. The RA-based ensemble methods (i.e., gradient boosted regression trees 

(GBRT) and KNN, both stacked with a linear SVC) outperformed the CNN-based method 

for both binary (healthy vs. rest) and multiclass classification tasks. The GBRT and KNN 

ensemble models yield classification accuracies of 88% and 89% (respectively) compared 

to 85% as per the CNN-based technique. Predicted binary classification labels were not 

significant for RA-based or CNN-based methods against the true class labels (P = 0.926 

and 0.576 by Kruskal-Wallis test, respectively). For multiclass classification, the GBRT 

and KNN ensemble models yield classification accuracies of 66% and 58% (respectively) 

versus 62% by the CNN-based method. However, the AUC metrics computed across all 

patient groups by RA-based methods are much higher than those computed using the CNN-

based classification method. The minority class (Fabry’s disease) AUC is computed at 

0.652 by the GBRT ensemble method versus 0.648 and 0.5 for the KNN ensemble and 

CNN methods, respectively. Moreover, predicted multiclass labels output by the RA-based 

methods were not significantly different than the true class labels (P = 0.926, Kruskal-
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Wallis test), but statistical significance was demonstrated on predicted labels output by the 

CNN model versus true class labels (P = 0.0042, Kruskal-Wallis test). We hypothesize that 

RA methods are more appropriate for multiclass classification using ECV mapping images, 

however, model optimization requires additional training data. 

8.2 Limitations and Future Work 

The projects presented in this thesis can be expanded through continued research, 

and several avenues may be approached.  

8.2.1 Fully automated myocardial segmentation methods for native and post-

contrast T1-mapping CMR (Chapter 3) 

The myocardial segmentation approaches presented in Chapter 3 for native and 

post-contrast T1-mapping were applied to the shMOLLI pulse sequence, which is limited 

by confounding factors such as noise, transverse relaxation time, off-resonance effect, and 

magnetic transfer effects [1]– [4]. Therefore, these myocardial segmentation methods 

should be applied to alternative T1-mapping pulse sequences, such as MOLLI (the most 

widely used technique) and/or saturation recovery-based mapping techniques such as 

SASHA or SAPPHIRE (which yield more accurate measures of T1 but lower precision) 

[2]. Moreover, we recommend that the segmentation methods presented in this chapter be 

applied to a wider patient population inclusive of additional disease states in order to 

further elaborate on their feasibility to interstitial vs. replacement MF. 

8.2.2 Validation of the IIR quantification technique for analysis of the evolution of 

MF volumes in the LA following progression AF in a canine model (Chapter 5) 

The MF quantification technique presented in Chapter 5 was applied on a small 

animal dataset inclusive of just twelve canines. Financial constraints as well as the nature 
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of the research problem put limitations on our ability to apply the methods presented in this 

chapter to a larger dataset. However, the unique nature of this study (wherein CMR 

imaging was acquired at serial time points pre- and post- AF, and histopathological 

imaging after sacrifice of the animals and excision of the heart) makes application of these 

methods to a larger dataset more challenging. However, further corroboration to the 

causality of AF to MF may be established by exploring MF segmentation on the existing 

canine dataset using pseudo-quantitative imaging techniques, such as the T1-refBlochi 

method, which transforms a 3D LGE imaging volume to 3D T1 map using Bloch equation 

modeling of the LGE signal and a single calibration point [5]. 

8.2.3 Analysis of the effects of spatial resolution on quantification of replacement 

MF volumes in MOLLI and MCLE T1-mapping CMR (Chapter 6) 

In chapter 6, we compare the IC and BZ tissue zones and their sensitivity in 

predicting ICD therapy using fuzzy c-means (for post-contrast MOLLI and MCLE T1-

mapping techniques) and FWHM (for LGE imaging). However, quantification approaches 

were not explored among native T1-mapping nor ECV-mapping across various pulse 

sequences. This could be particularly advantageous in ECV-mapping CMR, which is 

demonstrated to show improved measurement reproducibility compared to T1-mapping 

[4],[6]. This could be approached in future work. Moreover, there is value in comparing 

the effects of manual myocardial border delineation on computation of IC and BZ volumes. 

This could be approached using inter- and intra- observer variability by comparing the IC 

and BZ volumes computed using myocardial borders delineated by multiple users, as 

researched in Chapter 4. Furthermore, automated myocardial segmentation techniques 
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(e.g., U-Net or U-Net++ methods) could be explored for feasibility in this patient group 

with chronic MI, and variability metrics could be further analysed. 

8.2.4  Fully automated pipeline for myocardial segmentation and classification of 

cardiomyopathy phenotypes associated with interstitial MF using native T1 and ECV 

mapping CMR (Chapters 4 and 7) 

A U-Net method was used to achieve myocardial segmentation in CMR images for 

patients with DCM and ICM cardiopathies (Chapter 4, ECV mapping) and amyloidosis, 

Fabry’s disease, HCM, HTN and healthy volunteers (Chapter 7, native T1-mapping and 

ECV mapping). Chapter 4 was focussed solely on the myocardial segmentation step, while 

classification was approached in Chapter 7. However, transfer-learning allowed for the U-

Net model developed in Chapter 4 to be used towards the segmentation step in Chapter 7, 

which was a required component in order to achieve RA-based classification. As with any 

deep learning problem, a sufficient amount of data is needed to optimize the segmentation 

and/or classification model for the best performance. Thus, the main limitation in both of 

these chapters is a limited number of images. This was addressed by using data 

augmentation, including image augmentation and SMOTE; however, segmentation and 

classification accuracy could be further improved through acquisition of additional 

imaging data. In addition, improving the class imbalance could further facilitate improved 

accuracy. Thus, the works presented in Chapters 4 and 7 could be expanded through 

training of segmentation and classification models with larger datasets, thereby 

demonstrating the practicality of applying such techniques to larger patient populations 

across multiple cardiomyopathy states. 
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8.3 Conclusion 

This thesis presents tools to evaluate cardiovascular diseases that present with MF 

using CMR imaging. The works presented in this thesis demonstrate the applicability of 

machine/deep learning segmentation techniques and normalized MF quantification 

methodologies that are independent on user-defined reference regions toward appropriate 

segmentation of the myocardial region and MF tissue zones. With recent advancements 

geared towards the use of user-independent and machine learning-based algorithms for 

segmentation and classification in clinical cardiac imaging software, the methods presented 

in this thesis are highly translatable to clinical practice. 

8.4 Contributions 
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Appendices 

Appendix A  Semi-automated Segmentation of the Left Ventricular Myocardium in 

Native T1-mapping CMR Using Deformable Non-Rigid Registration of CINE 

Images 

In this approach, we achieve semi-automated segmentation of the left ventricle in native 

T1-maps using an indirect approach based on registration of CINE contours. The same 

image processing pipeline discussed in Chapter 3 is followed, but the CINE myocardial 

segmentation step is achieved using a deformable model as opposed to the U-Net (see 

Figure 3-2).  

The contents of this Appendix are reproduced in part from our publication in the 2019 

Society of Optics and Photonics Conference on Medical Imaging, i.e., 

N. A. Farrag, J. A. White, and E. Ukwatta, “Semi-automated myocardial 

segmentation in native T1-mapping CMR using deformable non-rigid registration 

of CINE images,” Proc. SPIE 10953, vol. Biomedical, no. March, 2019. 

A.1 Method 

Preprocessing steps: 

This approach follows the same pre-processing steps as described in Chapter 3 (i.e., 

interpolation of CINE images to the spatial resolution of T1-maps). Twenty (20) patients 

with ICM were used toward this analysis. Image resizing of CINE images and T1-maps 

(acquired using the shMOLLI sequence) were achieved using a semi-automated technique 

based on selection of the LV chamber centroid. 
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Semi-automated myocardial segmentation of CINE images: 

In this approach, we implemented a semi-automated technique to find the myocardial 

borders of CINE images using Medviso Segment version 2.2; an open-source CMR image 

analysis software [1],[2]. We implemented the alternative automatic LV segmentation 

algorithm [2] using a modified approach for single-slice segmentation, as the algorithm is 

typically used for multi-slice pulse acquisitions. The semi-automated algorithm uses an 8-

step framework based on a deformable model for semi-automatic delineation of the 

endocardial and epicardial boundaries [2]. 

The myocardial segmentation found using Segment v 2.2’s algorithm is created 

based on endocardial and epicardial balloon forces. The balloon forces are derived using 

an expectation maximization (EM) algorithm, which estimates the assumed Gaussian 

distribution of intensities for blood, myocardium and surrounding tissues. The endocardial 

balloon image is calculated as the Gaussian distribution of blood divided by the sum of 

Gaussian distributions of blood and myocardium. The epicardial balloon image is 

calculated as the Gaussian distribution of myocardium divided by the sum of the Gaussian 

distributions of blood, myocardium, and surrounding tissues. 

Endocardial and epicardial initializations are required for the deformable model to 

deform to the myocardial contours. The endocardial initialization is originally estimated at 

the mid-mural center line. The epicardium is initialized by thresholding the endocardial 

balloon image at zero to define the blood-pool region, which is then used along with the 

estimated LV wall thickness to create the final epicardial and endocardial initializations.   

Following initialization, the endocardial boundary is then defined using a deformable 

model with endocardial initialization, the endocardial balloon force and the weighting of 



 233 

forces optimized for endocardial segmentation. Likewise, the epicardial boundary is 

defined using the deformable model with epicardial initialization, the epicardial balloon 

force, and weighting of forces optimized for epicardial segmentation. The myocardial 

segmentation may be refined to exclude any papillary muscles that are included or closely 

attached to the LV wall. 

The CINE and shMOLLI image sequences were acquired at different points in time. 

Therefore, in order to take into account inadvertent patient motion from one imaging 

sequence to the next, the CINE myocardial contours were not directly applied to shMOLLI 

images. We implemented the MIND [3] registration method (described in Chapter 3) to 

deform CINE contours to native T1-maps in order to account for inadvertent patient motion 

and/or potential differences in image acquisition location from one imaging sequence to 

the next. In our implementation of MIND registration, we chose to use a single phase of 

the raw shMOLLI acquisition that provided the best overall image contrast (typically the 

6th or 7th phase) for registration, as opposed to registering CINE with the T1-map itself. 

We define the shMOLLI phase image as the target and CINE as the moving image. 

A.2 Results 

We evaluated our semi-automatic myocardial T1-mapping image segmentation technique 

by comparing its results to manual (ground-truth) segmentations performed directly on the 

shMOLLI maps. We also evaluated the performance of two other registration-based 

segmentation techniques for comparison, mutual information (MI) and sum of square 

differences (SSD), where contours from CINE images were transformed and applied to 

shMOLLI maps and again compared to manual ground truth segmentations of the 

shMOLLI maps. Table Appendix A-1 shows a summary of the Sorensen-Dice Coefficient 



 234 

(DSC), precision, recall and relative error between shMOLLI ground truth contours and 

those created by propagation of CINE contours via MIND-based registration (our 

technique) in the first column. Additionally, we demonstrate the results achieved by 

comparing shMOLLI ground truth contours against the original (non-registered) CINE 

contours, and those created by propagating CINE contours to shMOLLI maps using SSD-

based and MI-based registration in rows 2-4, respectively. In native shMOLLI images, our 

non-rigid image registration technique improved the Dice index by 11.74% compared to 

the DSC computed without registration. Our technique yielded significantly better results 

compared to the MI-based and SSD-based registration techniques, with which results of 

any metric did not exceed 60.24%.  

Table Appendix A-1 Results of myocardial segmentation using semi-automated CINE-registration 

technique 

 CINE to shMOLLI: 

after propagation 

based on MIND 

registration 

CINE to 

shMOLLI: 

without 

registration 

CINE to 

shMOLLI: after 

SSD based 

registration 

CINE to 

shMOLLI: after 

MI based 

registration 

 

DSC (%) 

 

84.36% ± 4.03% 

 

72.62% ± 10.62% 

 

47.74% ± 18.16% 

 

60.24% ± 11.62% 

Precision (%) 91.68% ± 7.89% 71.37% ± 11.79% 47.77% ± 21.60% 54.71% ± 14.10% 

Recall (%) 91.33% ± 8.41% 71.65% ± 11.53% 54.75% ± 20.75% 58.54% ± 14.09% 

Rel. error (%) 16.29% ± 8.58% 15.90% ± 8.653% 35.70% ± 23.90% 23.97% ± 11.78% 

 

Figure Appendix A-1 demonstrates a series of CINE and shMOLLI image pairs along with 

their corresponding manual contours, motion vector corrections generated by MIND 

registration, and the resultant contours on native shMOLLI maps 
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Figure Appendix A-1 Myocardial segmentation results from CINE-registration method using 

contours derived by deformable model 

MIND registration results are demonstrated for three example patients. In each row, the first image 

demonstrates the contour generated by the LV Automatic Segmentation algorithm in Segment v. 2.2 in the 

color green. The second image demonstrates the manually drawn ground truth myocardial segmentation of 

the T1 map in magenta, while the third image overlays the two, demonstrating the extent of segmental 

mismatch. The fourth image demonstrates the magnitude of motion vectors in mm resulting from MIND 

registration of the respective CINE to shMOLLI image. The fifth image demonstrates the resultant 

segmentation generated by vector propagation of the CINE contour (magenta), shown in yellow color. Lastly, 

the final image demonstrates the extent of segmental mismatch of the manual T1 map contour (magenta) vs. 

the contour generated by MIND propagation of CINE contours (yellow). 

 
A.3 Discussion & Conclusions 

In this study, we developed an image processing pipeline for semi-automated segmentation 

of the myocardium in native T1-mapping CMR images using epicardial and endocardial 

contours obtained from CINE images. Our technique takes advantage of the superior image 

contrast of CINE images, allowing for the semi-automatic detection of myocardial contours 

that can then be propagated to T1-mapping images based on localized structural 

differences, as derived from the MIND registration algorithm. Our technique yielded 

superior accuracy (DSC 84.36%) in segmentation of the myocardium in native T1-maps 

compared to intensity-based image registration techniques, such as SSD and MI, which 

produced poor segmentation results wherein the same accuracy metrics fell at or below 

60.24%. 
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The main limitation of this technique is that it is not fully automated, as it relies on 

some pre-contouring of the CINE images (herein described using a semi-automated 

approach). However, the approach used here may be beneficial in cases where automated 

myocardial segmentation from CINE images fails or is suboptimal. Accordingly, our 

described exploitation of these contours to provide automation for T1-mapping analysis 

has strong potential for clinical translation.  
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Appendix B  Inter/Intra Observer Variability of Left Atrial Myocardial Fibrosis 

Volumes 

The contents of this Appendix relate to Chapter 4 of this document, section 4.2.3. In our 

work on the assessment of MF volumes in the LA myocardium following atrial fibrillation, 

an inter- and intra-observer analysis was performed wherein two users computed several 

segmentation evaluation metrics among MF volumes segmented three separate times per 

observer. In Chapter 4, section 4.3.5, we report observer variability results for the DSC 

metric. Results for boundary F1 (BF) score, precision, recall and relative error index are 

herein reported below.  

B.1 Boundary F1 Score Results 

MF volumes were segmented as per our pipeline (see Chapter 5, Figure 5-2) by two 

operators for the inter/intra- operator analysis in a sub-set of three animals (2 experimental, 

1 control). The boundary F1 (BF) score was computed on segmentations of the myocardial 

blood pool chamber, myocardial LA wall and MF volumes across both operators, as 

demonstrated in Table B1. Given two segmentations 𝐴 and 𝐵, the boundary F1 score 𝐵𝐹 is 

given as follows: 

𝑩𝑭 =  𝟐
𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 × 𝑹𝒆𝒄𝒂𝒍𝒍

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 + 𝑹𝒆𝒄𝒂𝒍𝒍
 Equation Appendix B-1 

The 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 and 𝑅𝑒𝑐𝑎𝑙𝑙 metrics are computed based on object boundaries (i.e., 

edges) as opposed to the entire foreground regions. The BF score shows how much the 

boundary of segmentation 𝐵 overlaps with the boundary of segmentation 𝐴. A distance 

tolerance of 2 voxels is used in the calculation of this measure, i.e., that the boundary of 

region 𝐵 is considered to be a true positive if it is within two pixels of a boundary of region 

𝐴. The BF score is given as a percentage, wherein 0% BF indicates no overlap, and 100% 
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BF indicates perfect overlap, respectively, between the boundaries of segmentations 𝐴 and 

𝐵. The BF score is not equivalent to the Dice Similarity Coefficient (DSC), which 

computes similarity based on the entire region, not just the edges. 

 

Table Appendix B-1 Observer variability results of boundary F1 (BF) score 

Table B1 

Average boundary F1 (BF) score computed on three segmentation attempts performed by two operators across each time 

point in a subsample of three animals. The BF score is given as a percentage and is expressed as mean ± SD. 

 Paced dog 1 Paced dog 3 Control dog 3 

O
p

er
a

to
r 

1
 

Region Baseline Post-pacing Baseline Post-pacing Baseline Post-pacing 

BF Blood 

pool (%) 

97.37 ± 2.82 95.95 ± 2.46 99.88 ± 0.11 99.14 ± 0.35 99.65 ± 0.08 99.88 ± 0.15 

BF LA wall 

(%) 

97.46 ± 2.11 92.06 ± 3.03 98.82 ± 0.78 98.27 ± 0.85 98.92 ± 0.88 99.44 ± 0.42 

BF MF 

volume (%) 

53.57 ± 31.19 66.72 ± 23.70 22.97 ± 21.15 57.11 ±34.17 59.31 ± 25.13 48.77 ± 34.89 

O
p

er
a

to
r 

2
 BF Blood 

pool (%) 

98.91 ± 0.73 99.52 ± 0.51 99.37 ± 1.00 98.46 ± 1.21 99.96 ± 0.05 99.94 ± 0.06 

BF LA wall 

(%) 

98.78 ± 1.02 99.35 ± 0.18 99.67 ± 0.27 98.84 ± 1.01 99.86 ± 0.14 99.89 ± 0.08 

BF MF 

volume (%) 

79.81 ± 15.42 87.31±5.08 80.61 ± 3.34 59.41 ± 27.35 84.64±2.02 94.22±0.91 

O
p

er
a

to
r 

1
 v

s.
 

O
p

er
a

to
r 

2
 

BF Blood 

pool (%) 

97.95 ± 1.22 96.74 ± 2.89 99.26 ± 0.65 96.77 ± 1.26 98.08 ± 0.41 99.33 ± 0.24 

BF LA wall 

(%) 

98.05 ± 0.92 95.30 ± 3.47 98.83 ± 0.59 97.06 ± 1.45 97.86 ± 1.09 99.29 ± 0.28 

BF MF 

volume (%) 

87.09 ± 15.15 79.36 ± 20.57 29.77 ± 12.22 30.59 ± 24.45 49.43 ± 16.84 59.39 ± 28.77 

 

B.2 Precision and Recall Results  

Precision and recall metrics computed on the blood pool chamber, LA myocardial 

wall and MF volumes are given in Tables B2 and B3, respectively. 

Table Appendix B-2 Observer variability results of precision 

Table B2 

Average precision computed across three segmentation attempts performed by two operators at each time point in a 

subsample of three animals. Precision is given as a percentage and is expressed as mean ± SD. 

 Paced dog 1 Paced dog 3 Control dog 3 

O
p

er
a

to
r 

1
 

Region Baseline Post-pacing Baseline Post-pacing Baseline Post-pacing 

Precision 

Blood pool (%) 

99.44 ± 0.38 94.82 ± 3.40 99.93 ± 0.01 99.07 ± 0.43 100 ± 0.43 99.98 ± 0.03 

Precision LA 

wall (%) 

99.07 ± 0.82 90.22 ± 7.68 98.20 ± 1.59 97.89 ± 2.35 97.95 ± 

1.72 

99.83 ± 0.28 
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Precision MF 

volume (%) 

70.40 ± 28.10 60.81 ± 32.76 61.07 ± 27.43 97.70 ± 2.85 95.08 ± 

5.82 

94.51 ± 9.50 

O
p

er
a

to
r 

2
 Precision 

Blood pool (%) 

99.78 ± 0.06 99.39 ± 0.70 100 ± 0 98.11 ± 1.69 99.92 ± 

0.09 

99.97 ± 0.04 

Precision LA 

wall (%) 

97.87 ± 1.87 99.17 ± 0.18 99.97 ± 0.03 98.69 ± 1.13 99.92 ± 

0.07 

99.97 ± 0.03 

Precision MF 

volume (%) 

72.91 ± 22.87 82.10 ± 8.27 74.96 ± 0.82 53.88 ± 27.67 88.49 ± 

4.38 

92.88 ± 3.78 

O
p

er
a

to
r 

1
 

v
s.

 O
p

er
a

to
r 

2
 

Precision 

Blood pool (%) 

99.26 ± 0.37 95.78 ± 3.55 99.72 ± 0.40 97.83 ± 2.16 95.99 ± 

0.76 

99.64 ± 0.47 

Precision LA 

wall (%) 

99.00 ± 0.91 93.51 ± 5.21 98.76 ± 1.13 95.92 ± 2.35 97.16 ± 

1.67 

99.63 ± 0.48 

Precision MF 

volume (%) 

92.33 ± 10.50 73.36 ± 24.00 60.63 ± 28.43 59.47 ± 34.99 69.73 ± 

27.69 

81.40 ± 13.86 

 
Table Appendix B-3 Observer variability results of precision 

Table B3 

Average recall computed on three segmentation attempts performed by two operators across each time point in a 

subsample of three animals. Recall is given as a percentage and is expressed as mean ± SD. 

 Paced dog 1 Paced dog 3 Control dog 3 

O
p

er
a

to
r 

1
 

Region Baseline Post-pacing Baseline Post-pacing Baseline Post-pacing 

Recall Blood 

pool (%) 

95.40 ± 5.29 97.13 ± 1.59 99.83 ± 0.20 99.21 ± 0.34 99.74 ± 0.27 99.79 ± 0.32 

Recall LA 

wall (%) 

95.92 ± 3.34 94.32 ± 2.14 99.45 ± 0.37 98.70 ± 1.52 99.93 ± 0.01 99.06 ± 0.58 

Recall MF 

volume (%) 

47.60 ± 41.09 79.19 ± 9.76 18.94 ±22.57 48.02 ±42.63 48.66 ±33.74 42.26 ±42.99 

O
p

er
a

to
r 

2
 Recall Blood 

pool (%) 

98.06 ± 1.45 99.65 ± 0.33 98.75 ± 1.97 98.83 ± 1.17 100 ± 0.01 99.92 ± 0.08 

Recall LA 

wall (%) 

99.73 ± 0.28 99.53 ± 0.18 99.37 ± 0.52 98.99 ± 1.14 99.80 ± 0.20 99.81 ± 0.15 

Recall MF 

volume (%) 

90.42 ± 7.11 93.59 ± 4.12 87.49 ± 8.45 67.15 ±25.23 81.62 ± 7.60 95.83 ± 4.47 

O
p

er
a

to
r 

1
 v

s.
 

O
p

er
a

to
r 

2
 

Recall Blood 

pool (%) 

96.69 ± 2.20 97.73 ± 2.22 98.81 ± 1.32 95.84 ± 3.25 96.69 ± 2.20 97.73 ± 2.22 

Recall LA 

wall (%) 

97.12 ± 1.51 93.51 ± 1.94 98.92 ± 0.65 98.26 ± 1.30 97.12 ± 1.51 97.23 ± 1.94 

Recall MF 

volume (%) 

83.49 ±19.47 88.70 ± 12.82 21.72 ±10.62 21.79 ±19.22 83.49 ±19.47 88.70 ±12.82 

 

B.3 Relative Error Index 

 metrics computed on the blood pool chamber, LA myocardial wall and MF volumes are 

expressed in Table B4. 
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Table Appendix B-4 Observer variability results of relative error index 

Table B4 

Average relative error (RE) index computed on blood pool, LA wall and MF volumes across three segmentation attempts 

performed by two operators at each time point in a subsample of three animals. The RE is expressed as a percentage (mean 

± SD). 

 Paced dog 1 Paced dog 3 Control dog 3 

O
p

er
a

to
r 

1
 

Region Baseline Post-pacing Baseline Post-pacing Baseline Post-pacing 

RE Blood pool 

(%) 

29.06 ±22.82 19.05 ± 12.36 6.00 ± 2.59 4.41 ± 2.46 14.84 ± 11.86 3.13 ± 1.58 

RE LA wall 

(%) 

23.02 ± 17.33 19.68 ± 12.89 10.99 ±4.56 12.78 ± 5.50 18.98 ± 9.73 3.15 ± 2.19 

RE MF volume 

(%) 

18.87 ± 7.82 33.57 ± 16.64 81.40 ±31.80 72.69 ± 42.73 47.25 ± 48.37 32.12 ± 54.57 

O
p

er
a

to
r 

2
 

RE Blood pool 

(%) 

5.03 ± 3.32 16.14 ± 7.11 4.67 ± 1.97 7.20 ± 3.35 3.89 ± 2.63 4.60 ± 3.66 

RE LA wall 

(%) 

9.28 ± 3.98 3.27 ± 1.78 16.00 ± 6.91 3.62 ± 1.82 4.06 ± 1.75 8.11 ± 5.57 

RE MF volume 

(%) 

21.94 ± 8.80 13.62 ± 7.15 31.52 ± 12.17 42.82 ± 13.82 5.73 ± 2.92 31.03 ± 14.29 

O
p

er
a

to
r 

1
 v

s.
 

O
p

er
a

to
r 

2
 

RE Blood pool 

(%) 

20.86 ± 21.70 15.75 ± 9.72 10.84 ± 4.56 5.60 ± 3.41 12.89 ± 4.93 20.74 ± 3.25 

RE LA wall 

(%) 

17.82 ± 14.32 14.00 ± 10.78 28.54 ± 9.79 29.68 ± 6.51 20.37 ± 12.04 18.61± 5.17 

RE MF volume 

(%) 

23.43 ± 13.22 25.40 ± 16.38 89.49 ± 8.26 72.80 ± 23.76 63.57 ± 29.13 47.57 ± 43.24 
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