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ABSTRACT 

Atlas-based analyses of patients and healthy volunteers have recently been explored in several 

different medical areas. Large imaging databases have been established, which enable the 

construction of probabilistic shape atlases for specific organs or diseases. The Cardiac Atlas 

Project (CAP) is a world-wide web-accessible resource, comprising a population atlas of 

asymptomatic and pathological hearts. Large numbers of cardiac MRI data have been 

contributed from several studies including Defibrillators to Reduce Risk by Magnetic Resonance 

Imaging Evaluation (DETERMINE) study, comprising patients with myocardial infarction, and 

the Multi Ethnic Study of Atherosclerosis (MESA) study, comprising asymptomatic volunteers. 

Finite element models have been customized to facilitate statistical shape analysis.   

The aim of the study was to quantify the cardiac shape difference between asymptomatic and 

myocardial infarction (MI) cases at the population level. Several shape feature extraction 

techniques were explored. We started with an unsupervised feature extraction techniques－

principal component analysis (Chapter 2). In Chapter 3, two supervised feature extraction 

techniques－ information maximizing component analysis and linear discriminant analysis – 

were investigated to extract the most discriminatory global shape changes associated with 

remodelling after MI. In Chapter 4, we applied partial least square regression to derive shape 

features which are relevant to traditional clinical indices. We developed a novel method for 

deriving orthogonal shape decompositions directly from any set of clinical indices including left 

ventricle (LV) size, sphericity, wall thickness, ejection fraction, apical conicity and longitudinal 

shortening. In Chapter 5, we studied 13 traditional LV remodelling indices based on a case-

control study on 408 MI cases from the DETERMINE study and 1991 asymptomatic subjects 

from the MESA study. In Chapter 6, we applied the shape analysis at the LV regional level and 

studied regional LV shape changes due to myocardial infarction.  
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Results showed that our framework quantitatively characterized remodelling features associated 

with myocardial infarction. These features have the potential to enable precise quantification of 

the amount of remodelling present in a patient, and can be used to explore the effect of 

treatments designed to reverse remodelling effects. 
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Chapter 1 Background 

Cardiovascular diseases (CVD), especially ischemic heart disease, have brought great global 

economic and social burdens in recent decades. Atlas-based analyses of heart patients and 

healthy volunteers have recently been explored. Large heart-imaging databases have been 

established, which enable the construction of probabilistic shape atlases for cardiovascular 

disease. Understanding the cardiac geometry changes (remodelling) due to cardiovascular 

disease is of great importance in the diagnosis and therapeutic management of cardiovascular 

disease. 

The aim of the current chapter is to provide an overview of the development of left ventricle 

remodelling research. The global burden of cardiovascular disease is presented in Section 1.1. A 

literature review of cardiac remodelling is conducted in Section 1.2. The large cardiac imaging 

database used in this thesis is introduced in Section 1.3.  Previous methods developed for left 

ventricular modelling and feature extraction, which were used in the thesis, are summarised in 

Section 1.4. The aim of the thesis, the data and methods employed are introduced in Sections 1.5 

and 1.6 respectively and the organisation of the thesis is outlined in Section 1.7. 
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1.1 Cardiovascular Disease  

Cardiovascular disease refers to a group of diseases which involve heart and blood vessels, 

including coronary artery diseases such as myocardial infarction (MI), heart stroke, hypertensive 

heart disease, rheumatic heart disease, cardiomyopathy, and congenital heart disease, etc.[1]. 

The underlying mechanism among different cardiovascular diseases varies [2]. Cardiovascular 

disease has become a serious global problem in recent decades. Chronic diseases such as 

cardiovascular disease, cancer, and diabetes have taken the place of nutritional deficiencies and 

infectious diseases to become the major causes of death and disability in many developed areas 

in the past 100 years. This shift has been named as “the epidemiologic transition” [3]. Among 

those chronic diseases, cardiovascular disease is the leading cause of death globally except in 

Africa [4]. The number of deaths caused by cardiovascular disease has increased dramatically 

during the past few decades. It is reported that cardiovascular disease led to 17.3 million deaths 

(31.5%) in 2013 compared to 12.3 million (25.8%) in 1990 worldwide [2]. Thirty percent of all 

global deaths were caused by cardiovascular disease in 2008. Deaths resulting from 

cardiovascular disease at any age have become more common in many developing countries [5].   

New data released by the World Economic Forum shows that non-communicable diseases will 

cost over US$30 trillion over the next 20 years, and cardiovascular disease will account for a 

third of that [6]. This fact makes cardiovascular disease the most significant non-communicable 

disease not only in terms of death and disability, but also in terms of the financial pressure on 

countries. The economy burdens include both the direct cost of the medical treatment and the 

indirect costs to the economy through work loss. Cardiovascular disease  is estimated to cost the 

United States (both directly and indirectly) about 300 billion US dollars annually, which is equal 

to the entire gross domestic product of the African continent [7]. The annual direct costs of 

cardiovascular disease are estimated to be more than 40 billion US dollars in China, which 

accounts for about four percent of China’s general national income [8]. Indirect costs were 

https://en.wikipedia.org/wiki/Age_standardized_deaths
https://en.wikipedia.org/wiki/Age_standardized_deaths
https://en.wikipedia.org/wiki/Developing_world
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estimated as being more than double the direct costs. This is further compounded by the fact that 

a high proportion of the burden of cardiovascular disease occurs earlier in developing countries, 

among working-age adults. Given the large populations in some of these rapidly growing 

economies, this could have profound economic consequences over the next 25 years as workers 

in their prime succumb to cardiovascular disease [9].  

Coronary artery disease is reported as the most common cardiovascular disease [2], which 

includes MI, angina and sudden coronary death [10].  Myocardial infarction refers to the death 

of tissue which may occur after some stages of prolonged ischemia. The common process is 

blockage in coronary artery, which leads to oxygen-blood supply and demand imbalance. Some 

part of the myocardium does not contract normally due to the imbalance, and when this 

imbalance is prolonged that part of myocardium may become necrotic. This necrosis, or cell 

death is called infarction [11]. The mechanism of a MI involves most of the time a rupture of the 

atherosclerotic plaque leading to a coronary artery blockage [12, 13]. Around thirty percent of 

people get atypical symptoms, and females tend to have atypical symptoms than men. It was 

reported that around five percent of those over the age of 75 have had a MI which have little or 

no history of symptoms [14]. The diagnosis of MI includes electrocardiograms, angiography and 

blood tests, etc [1]. Researchers have studied cardiovascular disease from different angles 

ranging from the cellular level to large population levels, from diagnosis to prevention, and from 

its mechanism to treatment.  

1.2 Cardiac Remodelling  

MI leads to cardiac shape changes known as cardiac remodelling [15-17]. Cardiac remodelling is 

the genome expression, molecular, cellular and interstitial changes that are manifested clinically 

as changes in the size, shape and function of the heart after cardiac injury [18]. It is a physiologic 

and pathologic condition that occurs in response to MI, pressure overload, inflammatory heart 

https://en.wikipedia.org/wiki/Stable_angina
https://en.wikipedia.org/wiki/Sudden_coronary_death
https://en.wikipedia.org/wiki/Atherosclerosis
https://en.wikipedia.org/wiki/Coronary_artery
https://en.wikipedia.org/wiki/Electrocardiogram
https://en.wikipedia.org/wiki/Coronary_angiography


Chapter 1 Background 

 

3 

 

muscle disease, idiopathic dilated cardiomyopathy or volume overload. The remodelling process 

involving cardiac cellular growth, tissue repair and inflammation, and its cellular mechanisms 

has been reported in other studies [19, 20].  Cardiac remodelling can lead to serious health 

problems. Increased left ventricle (LV) mass and hypertrophy are associated with an increased 

risk of sudden death [21]. 

Echocardiography is one of the most widely used techniques to assess LV remodelling [22]. The 

American Society of Echocardiography working together with the European Association of 

Echocardiography, updated the recommendations for quantifying cardiac chambers using 

echocardiography [23]. They summarised the calculation of the atrial and ventricle mass, volume, 

septal wall thickness, ejection fraction, etc. as well as their cut-off values as being normal and 

abnormal.  Cardiac magnetic resonance (CMR) has emerged as a powerful technique to assess 

LV remodelling [24-26]. CMR is a non-invasive modality, which provides detailed, quantitative 

data of the heart’s structure and function. Compared to other imaging modalities, CMR does not 

use ionising radiation, and is not dependent on restricted views of the heart. The calculation of 

LV mass and its power to predict hypertrophy disease was analysed between echocardiography 

assessment and CMR assessment, it concluded that CMR can get more accuracy and 

reproducibility than echocardiography [27, 28].  

The degree and type of remodelling provides important diagnostic information for the 

therapeutic management of ischemic heart disease. In recent decades, many researches have 

been done to characterize the LV structural and functional changes as well as their effects on the 

disease [29]. Ventricle size expansion is a major geometry change after MI [30-32]. Left 

ventricular mass is one of the most widely used characteristics to express LV remodelling. It has 

been proven to be the independent predictor of incident heart failure in a coronary heart disease 

free elderly population. The estimation of LV mass can offer better prognostic information than 

other traditional cardiovascular risk factors [33-35]. Left ventricular mass index (LVMI) was 
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introduced to adjust the LV mass for height or body surface area [36]. End diastolic volume 

(EDV) and end systolic volume (ESV), which are highly related to size, were used to assess LV 

remodelling [37-39]. During the remodelling process, LV geometry become less elliptical and 

more spherical [40]. The degree of sphericity was determined by a sphericity index, which 

measures the ratio of either the long axis to short axis or the end diastolic volume to the volume 

of the sphere having the measured long axis diameter [41]. A new apical conicity index was 

devised to show the changes in the apical LV, which measures the apical to short axis ratio [42]. 

LV wall thickness also changed significantly in the process of LV remodelling [41, 43]. Relative 

wall thickness (RWT), which is calculated as two times the posterior wall thickness divided by 

the LV end-diastolic diameter, is also widely used to describe LV remodelling [44]. A high 

RWT is associated with an increased risk of cardiovascular complications after MI [45]. RWT is 

used as the index to classify the normal LV and concentric remodelling [23]. Mass volume ratio 

is closely related to the RWT, which has been also used to classify the concentric 

remodelling[46]. Ejection fraction (EF) is the most common metric of cardiac performance in 

clinical practice, and is influenced by the degree of LV remodelling more than by other factors 

[47, 48]. A change in ventricular longitudinal shortening was found in the process of LV 

remodelling [49]. Many other clinical indices were also created in previous studies, for example, 

a new index named as the left ventricular global function index was proposed and was 

significantly associated with heart failure and cardiovascular events [50].  

Classification methods for cardiac remodelling were summarized on the basis of M-Mode 

echocardiographic measurements of LV mass and relative wall thickness [23]. Cardiac 

hypertrophic remodelling is defined as an LVMI>115g/m
2
 in men and >95g/m

2
 in women, or as 

a RWT  >0.42. The ventricle is classified into four groups: normal geometry (normal LV mass, 

normal RWT), concentric hypertrophy (increased LV mass, increased RWT), concentric 

remodelling (normal LV mass, increased RWT), and eccentric hypertrophy (increased LV mass, 
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normal RWT). There are also some other classification approaches apparent in previous studies. 

In the Framingham heart study, the classification was based on the 80
th

 percentile of LV mass 

and RWT in the cohort [51, 52]. In the multi-ethnic study of atherosclerosis, the classification is 

based on mass/volume (2.0 is the threshold between normal and concentric remodelling) and the 

95
th

 percentile of the control group was used as the threshold for LVH [53]. But whether the 

classification definitions by MRI and echocardiography are correspondent has not yet been 

studied.  

A number of studies based on large populations have been performed to detect the influential 

factors which are associated with the process of LV remodelling. In the Framingham offspring 

study, the quantitative association of LV mass with age, gender, blood pressure and smoking, 

diabetes and BMI were calculated [54]. Exploration of the correlation between wall thickness, 

LV ED and ES diameter and fractional shortening with those variables was also performed [55].  

Gender has been shown as a differentiating factor in LV remodelling as well as being a risk 

factor for cardiac disease in several studies [56, 57]. LV mass and volume in men are greater on 

average than in women; even when adjusted for height or body surface, it is still a proven risk 

factor for heart disease [58]. Increased baseline LV mass and an abnormal LV increases the risk 

for morbidity and mortality following an episode of high risk MI [45]. Race is also an influential 

factor. Caribbean-origin Hispanics are of a higher risk of left ventricular hypertrophy than others 

in the research of the multi-ethnic study of atherosclerosis [53]. Several studies show that there 

is a high association between LV remodelling and age [56, 59, 60]. The occurrence of 

hypertrophy is higher in the elderly than in younger populations [61], and the changes in LV 

mass with age are also different between normal and heart failure patients [62]. Body weight and 

height are two factors which affect LV remodelling [63, 64]. Obesity is significantly correlated 

with higher left ventricular mass even after controlling for age and blood pressure [65, 66]. It is 

also correlated with concentric LV remodelling [67, 68]. Usually, body height is positively 
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correlated with LV mass, so LV mass is usually normalised for height [69]. Elevated blood 

pressure is shown as a strong correlation with LV remodelling [56, 57, 60]. The association of 

LV structure and function changes with myocardial fibrosis was studied in the Multi-Ethnic 

Study of Atherosclerosis (MESA) study, which proved that myocardial fibrosis was also an 

important factor associated with LV remodelling [70]. Moreover, other diseases are also 

associated with heart geometry. Studies have shown that type 2 diabetes patients tend to have a 

higher LV mass and RWT [71]. Renal disease is also positively correlated with cardiac 

hypertrophy [72, 73]. LV geometry is associated with personal habits. The CARDIA study 

showed that smokers tend to have a higher LV mass [74]. The relation between physical activity 

and LVH has also been explored [75]. Higher physical activity levels lead to a proportionally 

greater LV mass and EDV [60, 76]. LV remodelling is of familial aggregation [51], which 

means that parental LV geometry may affect their offspring. Treatment and prognosis of LV 

remodelling has also been studied [77]. Cardiac resynchronisation therapy can reverse LV 

remodelling, improve systolic and diastolic function and decrease mitral regurgitation [78]. 

Prognoses in relation to LV shape features was studied using the Framingham heart study, which 

found that subjects with concentric hypertrophy had the worst prognoses, followed by those with 

eccentric hypertrophy, concentric remodelling and normal geometry [79]. 

1.3 Atlas-Based Study  

Visualisation and quantification of cardiac remodelling due to MI is of great importance for the 

management and treatment of the disease. The establishment of a large imaging database 

facilitates the visualization and quantification of LV remodelling. A computational atlas of 

image-derived shapes in various areas has been established, which refers to an alignment of 

maps that relate individual anatomical geometry and function to the distribution of biological 

variations across a population. The computational atlas can be described at different scales from 

genotype to phenotype [80]. Atlas-based analyses of patients and healthy volunteers have 
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recently been explored in several different medical areas. For that purpose, large imaging 

databases, which enable the construction of probabilistic shape atlases for specific organs or 

diseases, have been established. The atlas-based analysis of brain anatomy and pathology is well 

advanced (e.g. [81]), including an analysis of occipitalisation in children [82], and MRI-based 

probabilistic atlases of neuroanatomy [83]. In relation to the heart, atlas-based analysis has 

recently shown the potential to reveal new measures of geometry and function [80]. For example, 

atlas-based methods have been used to quantify subtle differences in heart shape between 

individuals born prematurely compared with full-term age-matched controls [84].  

The Cardiac Atlas Project (CAP) is a worldwide web-accessible resource, comprising a  

population atlas of asymptomatic and pathological hearts[85]. The CAP facilitates large-scale 

data sharing of cardiac imaging studies and their corresponding derived analyses that describe 

cardiac shape, structure and function across various population groups. The data has 

contributions from several studies including defibrillators to reduce risk by magnetic resonance 

imaging evaluation (DETERMINE) [86], comprising patients with MI, and MESA[87] 

comprising asymptomatic volunteers.   

1.4 Quantification and Feature Extraction of LV Shape  

Model-based image models have been developed in the last few decades from the availability of 

the large-scale dataset of CMR images. This has led to the growing number of statistical analysis 

applications for cardiac shape and motion [80]. Models have generally been classified into three 

groups according to Frangi [88]: the surface model (continuous, discrete and implicitly defined), 

volume model (continuous and discrete) and deformable model (continuous and discrete). In 

active appearance models, a typical surface model was applied to segment MR and ultrasound 

imaging [89]. The method was extended for sparse data such as the MRI short axis planes [90].  

Volumetric models to recover myocardial motion from MR tagging was firstly proposed by 
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O’Donnell et al. [91] and further relevant volume models were developed in the following 

research [92]. The finite element model is one particular deformable model which provides an 

efficient and accurate representation of complex geometries[88]. This method has been shown to 

provide a compact and powerful representation of shape and function of the LV, and has been 

validated against ex-vivo LV mass, against manually drawn contours in patients with regional 

wall motion abnormalities, and against cardiac output flow in healthy subjects [93, 94]. 

Feature extraction techniques are widely used in imaging analysis. Principal component analysis 

(PCA) has been extensively used to analyze shape patterns found in population groups including  

heart shape[95], motion [96], and in 3D segmentation [97], and cluster shape variation[98, 99]. 

Linear discriminant analysis (LDA) is a commonly used feature extraction technique for 

classification problems [100], and has been widely applied in image processing areas [101] 

including the characterization of cardiac disease in limited datasets including endocardial 

information only [102]. However, LDA relies on the assumptions of Gaussian class distributions 

and homoscedasticity. Information maximizing component analysis (IMCA) is an extension of 

LDA developed by Carter et al. [103], which does not rely on the assumptions of Gaussian class 

distributions and homoscedasticity (homogeneity of variance). An unsupervised version of the 

method was applied to flow cytometry analysis, requiring fewer modes than PCA and providing 

better disease classification [104]. A supervised version has been applied to satellite image high 

dimensional data [105]. Previous methods applied to cardiac disease have included support 

vector machines [106], neural networks [102] and Shannon’s differential entropy [107]. 

Principal component regression (PCR) is a supervised feature extraction based on PCA. PCR 

considers regressing the dependent variable on the principal component of the set of independent 

variables. PCR has been used in cardiac motion prediction [108], and ventricular repolarisation 

duration estimation [109]. Partial least squares regression (PLS regression) is a similar feature 

extraction method to PCR. Instead of using independent variables derived from their ability to 

https://en.wikipedia.org/wiki/Principal_component_regression
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explain variance in the predictive variables only, PLS finds independent variables by projecting 

both the predicted variables and the predictor variables to a new space, typically with reduced 

dimension, chosen to maximize the correlation between predicted and predictor variables.  PLS 

has been used to model the relationships between 3D cardiac deformation due to respiration and 

multiple one-dimensional, real-time measurable surface intensity traces at the chest or abdomen 

[110]. It has also been used to quantify the regional impacts of valve regurgitation and heart 

growth upon the end-diastolic right ventricle in patients with Tetralogy of Fallot [111]. 

With the development of the model-based techniques and feature extraction methods, it is now 

possible to quantify and compare regional shape and function using techniques derived from 

computational anatomy [80, 99]. These methods make it possible to study the relationships 

between traditional remodelling indices and overall shape. The standard clinical indices used to 

describe remodelling, such as end-diastolic (ED) volume (largest volume), end-systolic (ES) 

volume (smallest volume) or left ventricular mass, can be quantitatively connected with shape 

and be visualized. The shape can be decomposed in new ways and new shape indices can be 

created to better quantify cardiac remodelling due to MI.  

1.5 Objectives of the Study 

In the current thesis, we model the CMR data with the finite element model both for patients 

with MI and asymptomatic people. Both supervised and unsupervised feature extraction 

techniques are explored. Atlas-based disease analysis frameworks by means of shape parameters 

from LV finite element models with a large number of subjects are proposed. The relationships 

between traditional remodelling indices and overall shape are studied. The relative contribution 

of common remodelling indices to overall shape and function are quantified. A new method to 

generate orthogonal shape modes from a set of clinical indices is proposed. An analysis of 
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regional LV shape due to MI is studied. A regional LV shape analysis of MI patients is 

performed in the research.  

1.6 Data and Method 

1.6.1 Data 

The Cardiac Atlas Project is dedicated to combining cardiac modelling and biophysical analysis 

methods with a structural database for the comprehensive mapping of heart structure and 

function. Data has been contributed from several studies including DETERMINE comprising of 

patients with MI, and MESA comprising of asymptomatic volunteers. The asymptomatic cases 

were regarded as the control group, because they did not have any clinical symptoms of disease 

and no clinical evidence of MI (although sub-clinical disease may have been present). 1991 

asymptomatic volunteers from the MESA were obtained from the Cardiac Atlas Project with 

local Institutional Review Board approval [87]. Informed participant consent compatible with 

sharing of de-identified data was obtained in all cases. Imaging studies and derived analyses 

were de-identified in a HIPAA compliant manner, annotated using standard ontological schema, 

stored in a web-accessible picture archiving and communication system database, and analyzed 

using atlas-based techniques. The asymptomatic cases were regarded as the control group since 

they did not present clinical symptoms of cardiovascular disease at the time of recruitment. 

The DETERMINE study was intended to examine patients with mild to moderate LV 

impairment (LVEF=35-50%) and relatively large infarcts (LV mass >10%) [86]. The main 

Randomized Control Trial was terminated due to problems with reimbursements for the MRI 

scanning, with about 81 patients randomized. However, the DETERMINE study included a non-

investigational registry of non-randomized patients, who nevertheless received a baseline MRI 

examination. Thus, baseline MRI scans were contributed to CAP regardless of randomization 

into the RCT, leading to more cases in the CAP database than were included in the RCT. The 
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registries A, B and C in the study comprised patients with EF <35% on MRI (Registry C), those 

with EF>35% but infarct mass <10% (Registry B) and those with infarct >10% and EF>35% but 

who refused or were not eligible for randomization (Registry A). The patients who were 

randomized are also now part of the registry A. All patients in the registries are still being 

followed by the DETERMINE core lab in Northwestern University. For inclusion in the 

registries, all patients needed to have “evidence of coronary artery disease with either a history 

of prior myocardial infarction OR any LV dysfunction” [86]. Therefore, not all cases in CAP 

had infarct mass greater than 10%, which was a requirement for randomization. By the time of 

the publication of Chapter 2 and Chapter 3, 300 cases had been analyzed with the finite element 

model, due to limitations in time and resources. By the time of the study in Chapter 5 and 

Chapter 6, 466 DETERMINE cases were available in CAP database, together with qualitative 

scores for infarct scar distribution and regional wall motion abnormalities from the 

DETERMINE core lab. Cases which had a regional wall motion score and late gadolinium 

enhancement score of 0 were excluded, resulting in 408 cases left for analysis.  The distribution 

of EF (calculated from the model) and percentage infarction (calculated from the late gadolinium 

scan) for the 408 DETERMINE cases are presented in Figure 1.1.  

The data from the two groups (1991 MESA cases and 408 DETERMINE cases) was different in 

many demographic parameters (Table 1.1). Males accounted for 78% of the DETERMINE 

population versus 48% of the MESA population (p<0.05). In the DETERMINE population 37% 

had diabetes whilst in the MESA population it was 13% (p<0.001). In the DETERMINE 

population 17% had smoking history whilst in the MESA population it was 13% (p<0.05). The 

height, age, weight, diastolic blood pressure, and ventricular mass were all statistically different 

(p<0.05). Systolic blood pressure was not significantly different.  
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Figure1.1 Distribution of ejection fraction and infarction percentage for DETERMINE group 

 

In addition to these demographic differences, the CMR imaging protocol was different between 

the two cohorts. The DETERMINE protocol used steady state free precession (SSFP) imaging 

with 10-12 short axis slices and two long axis slices typically with a 6 mm thickness, 4 mm gap, 

field of view 360-400 mm, 256×192 matrix, flip angle 60°, echo time 1.41 ms, repetition time 

2.8 ms, with 20-40 frames per slice (temporal resolution <50 ms) and pixel size from 1.4 to 

2.5 mm/pixel depending on patient size. The MESA protocol used gradient-recalled echo 

imaging with 10-12 short axis slices and two (four chamber) long axis slices with typical 

parameters of 6 mm thickness, 4 mm gap, field of view 360-400 mm, 256×160 matrix, flip 

angle 20°, echo time 3-5 ms, repetition time 8-10 ms with 20-30 frames per slice (temporal 

resolution <50 ms) and pixel size from 1.4 to 2.5 mm/pixel depending on patient size. However, 

the shape bias arising from these differences was corrected using a previously validated 

algorithm as described below [112].  
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Table 1.1 Comparison of characteristics between control and MI patients. 

 Variable 1Bunit 2BControl 3BMI Cases 

4BSex(Male %)
ƚ
 5B% 6B48 7B78 

8BAge 9Byears 10B61.5±10.2 11B62.2±11.1 

12BHeight
ǂ
 13Bcm 14B166±10 15B173±10 

16BWeight
ǂ
 17Bkg 18B77±17 19B90±19 

20BBMI
ǂ
  21B28±5 22B30±6 

23BSBP 24BmmHg 25B126±22 26B128±20 

27BDBP
ƚ
 28BmmHg 29B71±10 30B73±11 

31BDiabetes
ǂ
 32B% 33B13 34B37 

35BSmoking
*
 36B% 37B13 38B17 

Numeric data are represented by mean±std, while categorical data are represented by ratio. 

 *p<0.05  ƚ p<0.01, ǂp<0.001. (1 missing value for diabetes history, 4 missing values for height, 93 

missing values for SBP, 96 missing values for DBP and 132 missing values for Smoking status) 

1.6.2 LV FEM Modelling 

For the MESA cohort, short-axis hand-drawn contours on the inner and outer surfaces of the left 

ventricle were contributed from the MESA MRI core laboratory. These contours were fitted by 

the finite element model by linear least squares as described previously [113]. For the 

DETERMINE cohort, expert observers performed the analysis using guide-point modelling [94] 

to interactively customise a time-varying 3D cardiac finite element model of the LV to MR 

images using custom software (CIM version 6.0, University of Auckland, New Zealand). The 

atlas construction procedure is shown in Figure 1.2 [114]. 
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Figure1.2 Flow chart of the atlas construction (Reproduced with permission from [114]) 

LV mass and volume at ED and ES were subsequently calculated from the fitted cardiac LV 

shape models. The model comprised 16 bicubic finite elements with C
1
 continuity, (see [93, 94] 

for details). Briefly, the model was interactively fitted by least-squares optimization to guide 

points provided by the analyst, as well as computer-generated points calculated from the image 

using an edge detection algorithm. Non-rigid registration was used to track points throughout the 

cardiac cycle in both short and long axis images [93]. The model was registered to each case 

using fiducial landmarks defined at the hinge points of the mitral valve and the insertions of the 

right ventricular free wall into the inter-ventricular septum. This method has been previously 
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validated against autopsy LV mass in patients against manually drawn contours and in healthy 

volunteers against the flow-derived measurements of cardiac output [94]. The finite element 

coordinates were used to provide the atlas coordinates of the LV: each point was assumed to be 

approximately in the same anatomical location in every heart [115]. There is mis alignment of 

contours in different slices due to patients breathing motion, the bias was corrected using a 

breath-hold correction algorithm(Figure 1.3) [114]. 

 

Figure1.3 Breath-hold correction 

 (1) original contours with a superimposed low-smoothness fit with w=1; (2) highly stiff model 

with w=100 serves as a guide for breath-hold correction; (3) once the contours have been 

corrected, a final fit with low smoothness w=1 is applied. For each step, initial solutions are 

shown as a wire frame, shaded surfaces correspond to the final solution at each step. (The figure 

is reproduced with permission from [114]) 

 

1.6.3 Surface Sampling and Procrustes Alignment 

For statistical analysis, the shape models were evenly sampled at a sufficient resolution to 

capture all the available shape features. The surface sampling process resulted in 2,738 Cartesian 
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points (Figure 1.4 [114]). A Procrustes alignment method [116] was applied to the 

sampled point data to determine similarity transformations between shapes: i.e. isotropic scale, 

translation and rotation. This algorithm finds the optimal scale, rotation matrix and translation 

vector, which minimizes the overall distance between two sets of points with respect to the 

Euclidean norm. All LV models from the DETERMINE and MESA datasets were aligned using 

translation and rotation to their mean shape whenever required. Scale variations were not 

removed since heart size is an important clinical indicator of disease. The MESA cohort was 

acquired using a different imaging protocol (GRE) to the DETERMINE cohort (SSFP). All 

MESA shape models were corrected for bias using the correction method mentioned in a 

previous study [112], with the transformed MESA shape models then being directly comparable 

to the DETERMINE SSFP models.  

 

Figure1.4 Surface sampling based on an element-based lattice of 10×10 shown for the 

epicardial surface (red)   

(The figure is reproduced with permission from [114]) 

It is known that these two protocols result in small differences in the placement of inner and 

outer surfaces of the heart. SSFP typically gives rise to larger estimates of LV cavity volume and 

smaller estimates of LV mass than GRE. The shape bias has been shown to be regionally 

variable, and can be effectively removed using a maximum likelihood correction algorithm. The 

( , , )i i ix y z
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method has been described in a previous study[112]. Briefly, a transformation between GRE 

models and SSFP models was learned using data from 40 asymptomatic individuals who were 

scanned using both protocols. The shape bias correction included two steps: (1) the SSFP finite 

element model for each individual was re-parameterized from the same coordinate system as the 

GRE model; (2) the mean and standard deviation of the distribution of each shape parameter 

were calculated for all the GRE cases and SSFP cases. The parameters of the Gaussian 

distributions were estimated using maximum likelihood methods. All MESA shape models were 

then transformed using this method, with the transformed shapes then being directly comparable 

to SSFP models. 

1.6.4 Regional Wall Motion Abnormalities  

According to the American Heart Association (AHA) recommendation, the left ventricle can be 

divided into 17 segments [117] consisting of 6 basal, 6 mid, 4 apical and an apical cap (Figure 

1.5 [114]). Regional wall motion abnormalities (RWMA) scores for the DETERMINE cases 

have been evaluated by two expert observers. RWMA was scored in five grades: (0) 

normokinetic, (1) mildly hypokinetic, (2) severely hypokinetic, (3) akinetic (ie.  no motion), (4) 

dyskinetic (i.e. paradoxical outward motion). 
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Figure1.5 Circumferential polar plot, of the 17 myocardial segments (in black) and the 

recommended nomenclature for the LV. 

(The figure is reproduced with permission from [114]) 

 

1.6.5 Feature Extraction  

Principal component analysis (PCA) [118] is currently one of the most widely used dimension 

reduction procedures. Using orthogonal transformations, PCA projects the data onto a linear 

space of maximum-variation directions, known as modes. After the projection, the number of 

modes retained is typically well below the number of original variables, yet still retains a high 

percentage of the overall variability in the original set. The first mode accounts for as much of 

the variability in the data as possible, and each succeeding mode in turn has the highest residual 

variance possible under the linear orthogonality constraint.  

Fisher’s linear discriminant approach (LDA), tries to create a new variable that is a combination 

of the original predictors, by maximising the differences between the predefined groups. In 
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contrast to PCA, LDA considers class membership for dimension reduction. This can be viewed 

as a stringent dimension reduction technique that compresses the p-dimensional predictors into a 

one-dimensional line. IMCA models viewed each class as a probability density function (PDF) 

on a statistical manifold which can be projected into a low dimensional Euclidean space [104]. 

The Fisher information distance between PDFs is used to describe the similarity between classes. 

The IMCA projection is defined as one that maximizes the Fisher information distance between 

classes.  

Principal component regression (PCR) is a continuation of PCA, which regresses the dependent 

variable on a vector of independent variables using linear regression, and the PCA modes are 

employed as the independent variables. Partial least squares regression (PLS regression) [119, 

120] is a similar  feature extraction statistical method to PCR. Instead of using independent 

variables derived from their ability to explain variance in the predictive variables only, PLS 

finds independent variables by projecting both the predicted variables and the predictor variables 

to a new space, typically with reduced dimension, chosen to maximize the correlation between 

predicted and predictor variables.  The PLS model is performed to maximise the correlation 

between the target variable and the predictive variables. 

1.6.6 Logistic Regression 

Logistic regression is a type of probabilistic, statistical classification model, which is used to 

predict a binary response from continuous, binary, or canonical variables. The following 

equation can be used to calculate the probability that a new case belongs to the patient class[121]: 

 

 where P is the probability of a certain case belonging to the myocardial infarction set,  are the 

values of the predictors, which in our case represent the PCA modes, are the coefficient terms 

0

1

1 exp[ ( )]i i

P
X 
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of , and is the intercept. The β terms were found by maximum likelihood estimation. After 

the coefficients have been estimated, the goodness-of-fit of the resulting model can be examined 

to determine how well the regression model distinguishes between non-patients and patients.  

1.6.7 Mixed Effect Model  

A mixed effect model is a statistical model which contains both fixed and random effects [122]. 

The models are very useful when modeling repeated measurements data. Since the model has 

great advantage in handling with missing values, they are often preferred over traditional 

methods such as repeated measures analysis of variance. The CMR imaging data is typical 

repeated measurement data, which records the whole shape changes within times. The mixed 

model can effectively measure the impact of cardiovascular disease in relation to the shape 

changes and motion changes over the cardiac cycle. The model can be expressed as following: 

Y X Zu     

(y)E X , ( ) 0E   , ( )var G   

where Y refers to the dependent variables,  refers to the fixed effects, and u refers to the 

random effects, represents the random error terms, X and Z are matrices of repressors relating 

the observations Y to   and u  respectively.  

1.7 Thesis Organisation  

The thesis is organized as follows: 

(1) The background to the research as well as the data and methods are introduced in chapter 

1. 

(2)  The unsupervised shape feature extraction method (PCA) are applied to extract the 

shape features from the surface points, and these shape features are compared with the 

iX 0

http://en.wikipedia.org/wiki/Fixed_effect
http://en.wikipedia.org/wiki/Random_effect
http://en.wikipedia.org/wiki/Repeated_measures_design
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traditional indicators such as mass and volume in terms of the association to MI in 

chapter 2. This chapter has been published by the journal PLOS One [99]. 

(3) In chapter 3 the supervised feature extraction techniques including IMCA and LDA are 

used to extract the features which can best classify the patients and the normal group. 

This chapter has been published by the Journal of Translational Medicine [123].  

(4) Shape features relevant to traditional clinical indices are generated using PLS regression 

(orthogonal mode) in chapter 4 and the PCR (non-orthogonal mode) in chapter 5. The 

study in chapter 4 will has been submitted to the journal of Bioinformatics.  

(5) Quantification and the systematic study of the association of the traditional clinical 

indices relevant shape features to MI are explored in chapter 5. The study of chapter is 

under review by the Journal of Translational Medicine. 

(6) In chapter 6 the regional LV shape changes due to MI are quantified. The study in 

chapter 6 in preparation for the Journal of Magnetic Resonance Imaging. 

(7) Chapter 7 concludes the thesis by summarizing the contributions of this work and some 

suggestions for future works. 

(8) In the appendix, an alternative orthogonal extraction method is presented. This was a 

preliminary work for Chapter 4, which was presented at the 8th International Conference 

on Functional Imaging and Modelling of the Heart [124]. 

As the thesis is organized by publications, there is a degree of repetition of background in 

each chapter.  

A flow chart for the thesis is shown in Figure 1.6. 
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Figure1.6 A flow chart of the thesis 
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Chapter 2 Principal Component Analysis of Cardiac Remodelling 

Due to Myocardial Infarction  

Myocardial infarction leads to changes in the geometry (remodelling) of the left ventricle (LV) 

of the heart. The degree and type of remodelling provides important diagnostic information for 

the therapeutic management of ischemic heart disease. In this Chapter, we present a novel 

analysis framework for characterizing remodelling after myocardial infarction, using LV shape 

descriptors derived from atlas-based shape models. Cardiac magnetic resonance images from 

300 patients with myocardial infarction and 1991 asymptomatic volunteers were obtained from 

the Cardiac Atlas Project. Finite element models were customized to the spatio-temporal shape 

and function of each case using guide-point modeling.  Principal component analysis was 

applied to the shape models to derive modes of shape variation across all cases. A logistic 

regression analysis was performed to determine the modes of shape variation most associated 

with myocardial infarction. Goodness of fit results obtained from end-diastolic and end-systolic 

shapes were compared against the traditional clinical indices of remodelling: end-diastolic 

volume, end-systolic volume and LV mass. The combination of end-diastolic and end-systolic 

shape parameter analysis achieved the lowest deviance, Akaike information criterion and 

Bayesian information criterion, and the highest area under the receiver operating 

characteristic curve. Therefore, our framework quantitatively characterized remodelling features 

associated with myocardial infarction, better than current measures. These features enable 

quantification of the amount of remodelling, the progression of disease over time, and the effect 

of treatments designed to reverse remodelling effects.  
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2.1 Introduction   

A computational atlas of image-derived shapes refers to an alignment of maps that relate 

individual anatomical geometry and function to the distribution of biological variations 

across a population, which can be described at different scales from genotype to phenotype 

[80]. Atlas-based analyses of patients and healthy volunteers have recently been explored in 

several different medical areas. For that purpose, large imaging databases, which enable the 

construction of probabilistic shape atlases for specific organs or diseases, have been 

established. In the heart, atlas-based analysis has recently shown the potential to reveal new 

measures of geometry and function [80]. For example, atlas-based methods have been used to 

quantify subtle differences in heart shape between individuals born prematurely compared 

with full term age matched controls [84]. In patients with cardiovascular disease, certain 

changes in heart shape over time, known as remodelling, are indicative of worse prognostic 

outcome [29]. After myocardial infarction, remodelling associated with an increase in heart 

size is a predictor of mortality, and remodelling associated with sphericalization of heart 

shape is linked with decreased survival [125]. However, standard clinical indices used to 

describe remodelling are typically simple measures of mass and volume, such as end-

diastolic (ED) volume (largest volume), end-systolic (ES) volume (smallest volume) or left 

ventricular mass. These ignore much of the available shape information. We hypothesized 

that atlas-based analysis of patients with myocardial infarction would enable better 

quantification of remodelling features associated with myocardial infarction.   

The Cardiac Atlas Project (CAP) is a world-wide web-accessible resource, comprising a  

population atlas of asymptomatic and pathological hearts [85]. The CAP facilitates large-

scale data sharing of cardiac imaging studies and their corresponding derived analyses that 

describe the cardiac shape, structure and function across various population groups. The data 

has been contributed from several studies, including Defibrillators to Reduce Risk by 
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Magnetic Resonance Imaging Evaluation (DETERMINE)[86], comprising patients with 

myocardial infarction, and the Multi Ethnic Study of Atherosclerosis (MESA)[87], 

comprising asymptomatic volunteers. We used cases from both studies to examine the 

principal components of shape variation between the two cohorts, and thereby characterize 

shape changes associated with myocardial infarction. 

Cardiovascular magnetic resonance (CMR) imaging is a non-invasive modality, which 

provides detailed, quantitative data of the heart structure and function. Compared to other 

imaging modalities, CMR does not use ionizing radiation, and is not dependent on restricted 

views of the heart. As a result, many large research studies are using CMR to collect 

phenotypic data on cardiac disease. Model-based image analyses were developed in the last 

decades from the availability of large-scale data set of CMR images. This has led to the 

growing number of statistical analysis applications for cardiac shape and motion [80]. One 

particular shape representation is a finite element model, which provides an efficient and 

accurate representation of complex geometries[88]. This method has been shown to provide a 

compact and powerful representation of shape and function of the LV, and has been validated 

against ex-vivo LV mass, against manually-drawn contours in patients with regional wall 

motion abnormalities, and against cardiac output flow in healthy subjects [93, 94]. However, 

the statistical analysis of shape parameters has previously been limited by the lack of 

substantial sample size and/or bias between acquisition protocols.  

In this study, we applied principal component analysis (PCA) to characterize the cardiac 

shape features in a large number of CMR cases. PCA is a widely used dimensionality 

reduction technique, which has been applied to heart shape analysis[95], motion analysis [96], 

3D segmentation [97], and population analysis [113, 126]. After extracting shape features 

using PCA, we applied a logistic regression to analyze the differences between myocardial 

infarction patients and asymptomatic volunteers. We also compared the performance 
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(goodness of fit) of the model with standard clinical indices, including LV mass and volume. 

We found that the shape indices derived from the principal components of the shape variation 

characterized remodelling better than standard LV mass and volume indices. 

2.2 Data and Methods 

2.2.1 CMR Data 

CMR datasets of 300 patients with myocardial infarction from DETERMINE and 1991 

asymptomatic volunteers from MESA were obtained from the CAP database for inclusion in 

this study. These represented a random sample of the MESA baseline and DETERMINE 

CMR examinations contributed to CAP with local Institutional Review Board approval. 

Informed participant consent compatible with sharing of de-identified data was obtained in all 

cases. Imaging studies and derived analyses were de-identified in a HIPAA compliant 

manner, annotated using standard ontological schema, stored in a web-accessible picture 

archiving and communication system database, and analyzed using atlas-based techniques 

[85]. The asymptomatic cases were regarded as the control group since, at the time of 

recruitment, they did not present any clinical symptoms of cardiovascular disease [87]. Table 

2.1 shows the cohort characteristics. Patients were taller and heavier than the asymptomatic 

group, with larger LV mass, end-diastolic volume (EDV), end-systolic volume (ESV), and 

blood pressures. They were also more likely to be male. The CMR imaging protocol was 

different between the two cohorts: the DETERMINE protocol used steady state free 

precession (SSFP) imaging with 10-12 short axis slices and two long axis slices typically 

with 6 mm thickness, 4 mm gap, field of view 360-400 mm, 256x192 matrix, flip angle 60°, 

echo time 1.41 ms, repetition time 2.8 ms, with 20-40 frames per slice (temporal resolution 

<50 ms) and pixel size from 1.4 to 2.5 mm/pixel depending on patient size. The MESA 

protocol used fast gradient-recalled echo (GRE) imaging with 10-12 short axis slices and one 
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(four chamber) long axis slice with typical parameters 6 mm thickness, 4 mm gap, field of 

view 360-400 mm, 256x160 matrix, flip angle 20°, echo time 3-5 ms, repetition time 8-10 ms 

with 20-30 frames per slice (temporal resolution <50 ms) and pixel size from 1.4 to 2.5 

mm/pixel depending on patient size.  

Table 2.1 Demographics for the MESA and DETERMINE datasets (mean±std).  

 
39BUnits 

40BDETERMINE 41BMESA 

42BSex (Male %) ‡ 43B% 
44B60/238 45B1034/975 

46BAge† 47Byears 
48B62.76±10.80 49B61.47±10.15 

50BHeight‡ 51Bcm 
52B173.91±9.80 53B165.97±9.99 

54BWeight†  55Bkg 
56B90.06±19.15 57B76.75±16.50 

58BSystolic BP 59BmmHg 
60B127.50±20.14 61B126.00±22.00 

62BDiastolic BP‡ 63BmmHg 
64B73.86±11.34 65B71.49±10.33 

66BEDV‡ 67Bml 
68B196.32±52.94 69B125.45±31.17 

70BESV‡ 71Bml 
72B118.60±48.86  73B47.48±18.74 

74BMASS‡ 75Bg 
76B168.55±41.19 77B126.24±36.03 

†p<0.05; ‡p<0.01  For continuous variables, p values report a Wilcoxon signed-rank test of the null 

hypothesis. For categorical variables the p-value reports a test of the null hypothesis. 

 

2.2.2 Finite Element Modeling 

For the MESA cohort, short-axis hand-drawn contours on the inner and outer surfaces of the 

left ventricle were available from the MESA MRI core laboratory. These contours were fitted 

by the finite element model by linear least squares as described previously [127]. For the 

DETERMINE cohort, expert observers performed the analysis using guide-point modeling 

[94] to interactively customize a time-varying 3D cardiac finite element model of the LV to 

MR images (Figure 2.1) using custom software (CIM version 6.0, University of Auckland, 

New Zealand). LV mass and volume at ED and ES were subsequently calculated from the 

fitted cardiac LV shape models. The model comprised 16 bicubic finite elements with C
1
 

continuity, (see [93, 94] for details). Briefly, the model was interactively fitted by least-

squares optimization to guide points provided by the analyst, as well as computer-generated 

2
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points calculated from the image using an edge detection algorithm. Automatic feature 

tracking was used to track points throughout the cardiac cycle using non-rigid registration in 

both short and long axis images [93]. The model was registered to each case using fiducial 

landmarks defined at the hinge points of the mitral valve and the insertions of the right 

ventricular free wall into the inter-ventricular septum. This method has been previously 

validated against autopsy LV mass, in patients against manually drawn contours and in 

healthy volunteers against flow-derived measurements of cardiac output [94]. The finite 

element coordinates were used to provide the atlas coordinates of the LV: each point was 

assumed to be in approximately the same anatomical location in every heart [115]. 

 

Figure2.1 Image and shape differences for volunteers imaged from DETERMINE (top), and 

MESA (bottom), for the same short-axis (SA), long-axis (LA) planes at end diastole (ED) and 

end systole (ES). Green and blue contours and markers show the model’s endocardial and 

epicardial boundaries and guide points, respectively. Light color markers denote fiducial 

landmarks (right ventricular free wall insertion points, mitral valve hinge points) used to 

define the location of the model shape parameters in consistent positions relative to the 

anatomy of the heart. 
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Figure2.2 Scree plot of PCA analysis at ED and ES 

2.2.3 Alignment  

For statistical analysis, the shape models were evenly sampled at sufficient resolution to 

capture all the shape features available. The surface sampling process resulted in 2738 

Cartesian 
 
points. A Procrustes alignment method [116] was applied to the sampled 

point data to determine similarity transformations between shapes: i.e. isotropic scale, 

translation and rotation. This algorithm finds the optimal scale, rotation matrix and translation 

vector, which minimizes the overall distance between two sets of points with respect to the 

Euclidean norm. All LV models from the DETERMINE and MESA datasets were aligned 

using translation and rotation to their mean shape whenever required. Scale variations were 

not removed since heart size is a clinical indicator of disease. 

2.2.4 Correction of Acquisition Bias 

As outlined in Section 2.2.1, the MESA cohort was acquired using a different imaging 

protocol (GRE) to the DETERMINE cohort (SSFP). It is known that these two protocols 

result in small differences in the placement of inner and outer surfaces of the heart. SSFP 
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typically gives rise to larger estimates of left ventricle (LV) cavity volume and smaller 

estimates of LV mass than GRE. The shape bias has been shown to be regionally variable, 

and can be effectively removed using a maximum likelihood correction algorithm [112]. 

Briefly, a transformation between GRE models and SSFP models was learned using data 

from 40 asymptomatic individuals who were scanned using both protocols. The optimal 

transformation was found using maximum likelihood methods and was validated previously 

[112]. All MESA shape models were then transformed using this method, with the 

transformed shapes then being directly comparable to SSFP models. 

2.2.5 Principal Component Analysis and Logistic Regression Classification 

Principal component analysis [118] is currently one of the most widely used dimension 

reduction procedures. Using orthogonal transformations, PCA projects the data onto a linear 

space of maximum-variation directions, known as modes. After the projection, the number of 

modes retained is typically well below the number of original variables, yet still retains a high 

percentage of the overall variability in the original set. The first mode accounts for as much 

of the variability in the data as possible, and each succeeding mode in turn has the highest 

residual variance possible under the linear orthogonality constraint. The coordinates (x, y, z) 

of the surface sampling points were concatenated into a shape vector. Shape vectors from all 

cases were formed into a matrix. The eigenvectors of the covariance matrix formed the 

principal component modes, and their corresponding eigenvalues indicate the proportion of 

the total variation explained by each mode. Selecting the number of PCA modes to retain in 

subsequent analysis is contingent on the application. In this paper, enough modes were 

retained to explain 90% of the total variance. Three PCA cases were considered, the first 

using only shape vectors at ED, the second using shape vectors at ES, and the third using a 

combination of ED and ES (ED&ES). The ED&ES PCA was formed by concatenating the 

shape vectors from ED and ES into a single shape vector. 



Chapter 2 Principal component analysis of cardiac remodeling due to myocardial infarction 

 

31 

 

After PCA, a logistic regression model [128] was used to identify which modes were most 

associated with the differences between myocardial infarct patients and asymptomatic 

patients. The weights of the PCA components (up to 90% of the total variability) were used 

as predictors for classification.  In statistics, logistic regression is a type of probabilistic, 

statistical classification model, which is used to predict a binary response from continuous, 

binary, or canonical variables. MESA cases (non-patients) were assigned a zero label whereas 

DETERMINE cases (patients) were assigned a one label. These values were used to obtain 

the coefficients in the regression models. Thus, the following equation can be used to 

calculate the probability that a new case belongs to the patient class [121]: 

 

 where P is the probability of the a certain case belonging to the myocardial infarction set,  

are the values of the predictors, which in our case represent the PCA modes, are the 

coefficient terms of , and is the intercept. The β terms were found by maximum 

likelihood estimation. After the coefficients have been estimated, the goodness-of-fit of the 

resulting model can be examined to determine how well the regression model distinguishes 

between non-patients and patients. Three common statistics used to quantify the goodness-of-

fit of the model are deviance, Akaike information criterion (AIC) and Bayesian information 

criterion (BIC) [129, 130]: 

2log( )

2log( ) 2

2log( ) 2 *log( )

Deviance L

AIC L k

BIC L k n

 

  

  

  

where the L represents the log-likelihood of the model (i.e. the value that is maximized by 

computing the maximum likelihood value for the parameters), k is the number of estimated 
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parameters and n is the sample size. In all three measures, a lower number is indicative of a 

better model. In addition to these three measures, we also evaluated the area under the curve 

(AUC) of the receiver operating characteristic curves, since this is also an overall measure of 

goodness of fit (better models having values closer to 1.0). 

2.3 Results  

PCA was performed on the shape models at ED and ES as well as their combination 

(ED&ES). A scree plot [131] is given in Figure 2.2 showing the cumulative variance 

explained by each mode. The shape variation described by each mode is shown in Figure 2.3 

for ED, Figure 2.4 for ES, and Figure 2.5 and Figure 2.6  for ED&ES. Although most of the 

modes do not correspond with traditional shape measures, the first three modes in each case 

can be understood in terms of commonly used clinical measures of remodelling. Mode 1 

explained 50% of the total variance at ED and 55% at ES. In both cases the first mode was 

primarily associated with the size of the LV. Mode 2 explained 10% of the total variance at 

ED and was primarily associated with the sphericity of the left ventricle. The third mode of 

ED was associated with mitral valve orientation. At ES the second mode accounting for 8% 

of the variance was associated with wall thickening. The third mode at ES was associated 

with sphericity. We retained 90% of the cumulative variance, which resulted in 13 modes at 

ED, 14 modes at ES and 20 modes for the ED&ES combination.  

Five logistic regression models were studied using all available data. The coefficients (β), 

standard error, associated p-values, standardized coefficients and odds ratios (OR) were 

calculated for each model. A p-value of 0.05 or lower was considered significant. The first 

model included age, sex, height, weight, systolic blood pressure and diastolic blood pressure 

(Table 2.1). This was considered the baseline model (Table 2.2). The second model included 

the baseline model variables plus 14 ES PCA modes (ES PCA, Table 2.3). The third model 
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consisted of the baseline variables plus 13 ED PCA modes (ED PCA, Table 2.4). The fourth 

model consisted of the baseline variables plus the modes obtained from the ED&ES (Table 

2.5) combination of the ED and ES shape parameters. The fifth model included the baseline 

variables plus the ED volume (EDV), the ES volume (ESV) and the LV mass (MASSVOL, 

Table 2.6). The baseline model showed that the age, height and weight were statistically 

significant predictors of disease (Table 2.2). These were also significant in the baseline plus 

ES PCA model (Table 2.3), along with most of the PCA modes (except modes 5, 6, 11 and 

13). The baseline plus ED modes also showed that most PCA modes were significantly 

associated with disease (except modes 7, 12 and 13). The baseline plus mass and volume 

model showed that EDV, ESV and MASS were all associated with disease (Table 2.6) .  

Table 2.2 Logistic regression analysis of the baseline model 

78BParameter 79BCoefficient 
80BStandard 

Error 

81BStandardized 

coefficient 

82BOdds 

Ratio(OR) 

83BOR 95%  

84BConfidence 

Interval  

85BIntercept* 86B-11.8194 87B1.6493     

88BAge* 89B0.0301 90B0.0076 91B0.1700 92B1.031 93B1.015 94B1.046 

95BSex‡ 96B0.6577 97B0.2028 98B0.1812 99B1.930 100B1.297 101B2.873 

102BHeight‡ 103B0.0334 104B0.0098 105B0.1899 106B1.034 107B1.014 108B1.054 

109BWeight* 110B0.0316 111B0.0045 112B0.3039 113B1.032 114B1.023 115B1.041 

116BSBP 117B-0.0035 118B0.0049 119B-0.0414 120B0.997 121B0.987 122B1.006 

123BDBP 124B-0.0033 125B0.0095 126B-0.0189 127B0.997 128B0.978 129B1.015 

‡p<0.01 * p<0.0001    
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Table 2.3 Logistic regression analysis of the modes at ES 

130BParameter 131BCoefficient 
132BStandard 

Error 

 

133BP 

value 
134BStandardized 

coefficient 

135BOdds 

Ratio(OR) 

136BOR 95% 

Confidence 

Interval  

137BIntercept* 138B-11.007 139B3.5632 140B0.002     

141BAge‡ 142B0.047 143B0.0151 144B0.0018 145B0.2655 146B1.048 147B1.018 148B1.080 

149BSex 150B-0.0694 151B0.4034 152B0.8634 153B-0.0191 154B0.933 155B0.423 156B2.057 

157BHeight 158B-0.0041 159B0.0216 160B0.8486 161B-0.0235 162B0.996 163B0.955 164B1.039 

165BWeight‡ 166B0.0275 167B0.0101 168B0.0061 169B0.265 170B1.028 171B1.008 172B1.048 

173BSBP† 174B0.0226 175B0.0101 176B0.0258 177B0.2672 178B1.023 179B1.003 180B1.043 

181BDBP 182B-0.0198 183B0.0186 184B0.288 185B-0.1119 186B0.980 187B0.945 188B1.017 

189Bmode1* 190B0.0192 191B0.00145 192B<.0001 193B1.7605 194B1.019 195B1.017 196B1.022 

197Bmode2* 198B0.0166 199B0.00233 200B<.0001 201B0.5812 202B1.017 203B1.012 204B1.021 

205Bmode3* 206B0.00938 207B0.00227 208B<.0001 209B0.2808 210B1.009 211B1.005 212B1.014 

213Bmode4* 214B0.0465 215B0.00434 216B<.0001 217B1.1607 218B1.048 219B1.039 220B1.057 

221Bmode5 222B-0.0028 223B0.0033 224B0.3891 225B-0.0651 226B0.997 227B0.991 228B1.004 

229Bmode6 230B-0.005 231B0.00353 232B0.1594 233B-0.0998 234B0.995 235B0.988 236B1.002 

237Bmode7* 238B0.0266 239B0.00366 240B<.0001 241B0.5133 242B1.027 243B1.020 244B1.034 

245Bmode8† 246B0.00827 247B0.00387 248B0.0328 249B0.1481 250B1.008 251B1.001 252B1.016 

253Bmode9* 254B-0.0245 255B0.00443 256B<.0001 257B-0.3893 258B0.976 259B0.967 260B0.984 

261Bmode10* 262B0.0295 263B0.00528 264B<.0001 265B0.4424 266B1.030 267B1.019 268B1.041 

269Bmode11 270B0.00058 271B0.00552 272B0.917 273B0.00793 274B1.001 275B0.990 276B1.011 

277Bmode12‡ 278B-0.0202 279B0.00563 280B0.0003 281B-0.2653 282B0.980 283B0.969 284B0.991 

285Bmode13 286B-0.0104 287B0.00594 288B0.0795 289B-0.1189 290B0.990 291B0.978 292B1.001 

293Bmode14* 294B0.0341 295B0.00618 296B<.0001 297B0.3664 298B1.035 299B1.022 300B1.047 

                     †p<0.05; ‡p<0.01; * p<0.0001 
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Figure2.3 PCA first 13 modes using shape vectors at ED 
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Figure2.4 PCA first 14 modes using only shape vectors at ES 
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Figure2.5 First 20 modes at ED using PCA of a combination of ED and ES  
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Figure2.6 First 20 modes at ES using PCA of a combination of ED and ES  
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Figure2.7 ROC curve for the logistic regression classification for each model 
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Table 2.4 Logistic regression analysis of the modes at ED 

301BParameter 302BCoefficient 
303BStandard 

Error 

304BP 

value 

305BStandardized 

coefficient 

306BOdds 

Ratio(OR) 

307BOR 95% 

Confidence 

Interval 

308BIntercept 309B-1.3628 310B3.0638 311B0.6565     

312BAge* 313B0.0528 314B0.0133 315B<.0001 316B0.2983 317B1.054 318B1.027 319B1.082 

320BSex 321B-0.0091 322B0.3536 323B0.9795 324B-0.0025 325B0.991 326B0.496 327B1.982 

328BHeight† 329B-0.0373 330B0.0186 331B0.0445 332B-0.2121 333B0.963 334B0.929 335B0.999 

336BWeight 337B0.0063 338B0.0086 339B0.4659 340B0.0606 341B1.006 342B0.989 343B1.024 

344BSBP 345B-0.0118 346B0.0083 347B0.1549 348B-0.1395 349B0.988 350B0.972 351B1.004 

352BDBP 353B0.0027 354B0.0160 355B0.8654 356B0.0153 357B1.003 358B0.972 359B1.035 

360Bmode1* 361B-0.0195 362B0.0015 363B<.0001 364B-1.5307 365B0.981 366B0.978 367B0.984 

368Bmode2* 369B-0.0200 370B0.0021 371B<.0001 372B-0.6917 373B0.980 374B0.976 375B0.984 

376Bmode3* 377B0.0140 378B0.0022 379B<.0001 380B0.4463 381B1.014 382B1.010 383B1.018 

384Bmode4† 385B0.0050 386B0.0024 387B0.0379 388B0.1327 389B1.005 390B1.000 391B1.010 

392Bmode5* 393B-0.0183 394B0.0032 395B<.0001 396B-0.4088 397B0.982 398B0.976 399B0.988 

400Bmode6* 401B-0.0566 402B0.0049 403B<.0001 404B-1.0595 405B0.945 406B0.936 407B0.954 

408Bmode7 409B-0.0010 410B0.0041 411B0.7992 412B-0.0175 413B0.999 414B0.991 415B1.007 

416Bmode8* 417B0.0494 418B0.0054 419B<.0001 420B0.7455 421B1.051 422B1.040 423B1.062 

424Bmode9‡ 425B-0.0125 426B0.0041 427B0.0021 428B-0.1750 429B0.988 430B0.980 431B0.995 

432Bmode10 433B0.0084 434B0.0058 435B0.1479 436B0.1093 437B1.008 438B0.997 439B1.020 

440Bmode11* 441B0.0819 442B0.0084 443B<.0001 444B0.9113 445B1.085 446B1.068 447B1.103 

448Bmode12 449B-0.0030 450B0.0064 451B0.6367 452B-0.0308 453B0.997 454B0.985 455B1.010 

456Bmode13 457B0.0077 458B0.0065 459B0.2365 460B0.0693 461B1.008 462B0.995 463B1.021 

†p<0.05; ‡p<0.01; * p<0.0001 

 

The standardized coefficients show modes which have greater effect on the probability that 

the case is a patient. Mode 1 and mode 4 have greater effect in the classification model at ES. 

Mode 1, mode 6 and mode 2 have greater effect in the classification model at ED. EDV, ESV 

and MASS are highly related with the disease, according to Table 2.6. The Odds ratios were 

relative measures of the effects of the shape indicators between the myocardial infarction 

patients and the normal people. Some shape indicators (OR>1), for instance, the mode 1 and 

mode 4 in the ES model (Table 2.3) and ED&ES model (Table 2.5)  show higher odds of 

myocardial infarction than others. Some shape indicators (OR<1) show lower odds of the 

disease, for example, mode1 and mode 6 in the ED model (Table 2.4).  There are several 
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modes whose OR is not significant as their confidence intervals overlap the null value 

(OR=1).  

Table 2.5 Logistic regression analysis of the modes combined ED and ES 

464BParameter 465BCoefficient 
466BStandard 

Error 

 

467BP 

value 
468BStandardized 

coefficient 

469BOdds 

Ratio(OR) 

470BOR 95% 

Confidence 

Interval  

471BIntercept 472B-8.6382 473B3.8948 474B0.0266     

475BAge 476B0.0335 477B0.0177 478B0.0583 479B0.1892 480B1.034 481B0.999 482B1.071 

483BSex 484B0.1715 485B0.4464 486B0.7009 487B0.0472 488B1.187 489B0.495 490B2.848 

491BHeight 492B-0.0132 493B0.0246 494B0.5918 495B-0.0750 496B0.987 497B0.940 498B1.036 

499BWeight‡ 500B0.0313 501B0.0113 502B0.0057 503B0.3011 504B1.032 505B1.009 506B1.055 

507BSBP 508B0.0178 509B0.0118 510B0.1303 511B0.2107 512B1.018 513B0.995 514B1.042 

515BDBP 516B-0.0219 517B0.0218 518B0.3147 519B-0.1242 520B0.978 521B0.937 522B1.021 

523Bmode1* 524B0.0136 525B0.0012 526B<.0001 527B1.6220 528B1.014 529B1.011 530B1.016 

531Bmode2* 532B-0.0112 533B0.0019 534B<.0001 535B-0.4857 536B0.989 537B0.985 538B0.992 

539Bmode3 540B0.0010 541B0.0021 542B0.6464 543B0.0399 544B1.001 545B0.997 546B1.005 

547Bmode4* 548B0.0411 549B0.0036 550B<.0001 551B1.4651 552B1.042 553B1.035 554B1.049 

555Bmode5* 556B0.0107 557B0.0026 558B<.0001 559B0.3523 560B1.011 561B1.006 562B1.016 

563Bmode6 564B-0.0006 565B0.0032 566B0.8414 567B-0.0179 568B0.999 569B0.993 570B1.006 

571Bmode7* 572B-0.0293 573B0.0036 574B<.0001 575B-0.7743 576B0.971 577B0.964 578B0.978 

579Bmode8† 580B0.0081 581B0.0036 582B0.0261 583B0.1804 584B1.008 585B1.001 586B1.015 

587Bmode9 588B-0.0011 589B0.0038 590B0.7666 591B-0.0238 592B0.999 593B0.991 594B1.006 

595Bmode10‡ 596B0.0117 597B0.0043 598B0.0058 599B0.2341 600B1.012 601B1.003 602B1.020 

603Bmode11 604B0.0006 605B0.0042 606B0.8817 607B0.0118 608B1.001 609B0.992 610B1.009 

611Bmode12‡ 612B-0.0282 613B0.0050 614B<.0001 615B-0.4683 616B0.972 617B0.963 618B0.982 

619Bmode13‡ 620B-0.0201 621B0.0057 622B0.0004 623B-0.3169 624B0.980 625B0.969 626B0.991 

627Bmode14* 628B0.0242 629B0.0056 630B<.0001 631B0.3531 632B1.024 633B1.013 634B1.036 

635Bmode15* 636B0.0265 637B0.0069 638B0.0001 639B0.3704 640B1.027 641B1.013 642B1.041 

643Bmode16‡ 644B0.0109 645B0.0056 646B0.0510 647B0.1425 648B1.011 649B1.000 650B1.022 

651Bmode17 652B0.0084 653B0.0056 654B0.1342 655B0.1057 656B1.008 657B0.997 658B1.020 

659Bmode18 660B-0.0040 661B0.0064 662B0.5353 663B-0.0492 664B0.996 665B0.984 666B1.009 

667Bmode19 668B-0.0099 669B0.0071 670B0.1643 671B-0.1144 672B0.990 673B0.976 674B1.004 

675Bmode20 676B0.0075 677B0.0069 678B0.2816 679B0.0840 680B1.007 681B0.994 682B1.021 

†p<0.05; ‡p<0.01; * p<0.0001 
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Table 2.6 Logistic regression analysis of the modes for LV volume and Mass 

683BParameter 684BCoefficient 
685BStandard 

Error 

686Bp 

value 

687BStandardized 

coefficient 

688BOdds 

Ratio(OR) 

689BOR 95% 

Confidence 

Interval  

690BIntercept 691B-8.0485 692B2.5251 693B0.0014     

694BAge† 695B0.0279 696B0.0116 697B0.0161 698B0.1576 699B1.028 700B1.005 701B1.052 

702BSex 703B0.2233 704B0.3117 705B0.4736 706B0.0615 707B1.250 708B0.679 709B2.303 

710BHeight‡ 711B0.0077 712B0.0153 713B0.6131 714B0.0440 715B1.008 716B0.978 717B1.038 

718BWeight* 719B0.0324 720B0.0080 721B<.0001 722B0.3122 723B1.033 724B1.017 725B1.049 

726BSBP 727B0.0106 728B0.0075 729B0.1600 730B0.1248 731B1.011 732B0.996 733B1.026 

734BDBP 735B-0.0166 736B0.0145 737B0.2527 738B-0.0941 739B0.984 740B0.956 741B1.012 

742BEDV* 743B-0.0343 744B0.0067 745B<.0001 746B-0.7983 747B0.966 748B0.954 749B0.979 

750BESV* 751B0.1301 752B0.0095 753B<.0001 754B2.4780 755B1.139 756B1.118 757B1.160 

758BMASS* 759B-0.0268 760B0.0045 761B<.0001 762B-0.5823 763B0.974 764B0.965 765B0.982 

         †p<0.05; ‡p<0.01; * p<0.0001 

 

Table 2.7 Comparison of the five logistic models 

766B  767BDeviance 768BAIC 769BBIC 770BAUC 

771BBaseline Model 772B1551 773B1566 774B1651 775B0.7487 

776BMASSVOL Model 777B732 778B752 779B809 780B0.9552 

781BED PCA Model 782B526 783B566 784B681 785B0.9786 

786BES PCA Model 787B420 788B462 789B583 790B0.9858 

791BED&ES PCA Model 792B345 793B400 794B555 795B0.9895 

 

The goodness of fit was compared between the five models with the indices of Deviance, 

AIC, BIC and AUC of each model, which are listed in Table 2.7. Overall, all the PCA mode 

models as well as the mass-volume model showed good performance. The ED&ES PCA 

model achieved the best performance in terms of Deviance, AIC, BIC, and AUC values, 

followed closely by the ES PCA model and the ED PCA model. All PCA models better 

characterized patients from non-patients than traditional mass and volume measures.  The 

ROC curves are shown in Figure 2.7.  
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2.4 Discussion  

We have proposed an atlas-based disease analysis framework by means of shape parameters 

from LV finite element models with a large number of subjects. The framework consisted of 

three steps: (1) fitting a finite element model to the LV MR images, (2) principal component 

analysis of the aligned shape parameters, and (3) quantification of the association with 

disease using logistic regression. We hypothesized that patients with myocardial infarction 

have significant shape differences with respect to the normal population, due to cardiac 

remodelling. The results supported this hypothesis, with most modes significantly associated 

with disease. The PCA analysis also performed better than traditional indices of remodelling 

(mass and volume). This method can therefore be used as a clinical tool for the 

characterization of the patterns of change associated with remodelling. These methods can 

also be used to track individual patients over time, by quantifying the degree to which their 

shape modes conform to the remodelling spectrum. Patients who are moving toward the 

adverse side of the spectrum may benefit from more aggressive treatment regimes. 

Conversely, the reverse remodelling associated with treatment can also be quantified. 

Although in this study we applied the method to patients with myocardial infarction, this 

framework is generalizable to any disease group. 

Note that we did not attempt to correct for colinearity between EDV, ESV and Mass in the 

MASSVOL model, or between SBP and DPB in the baseline model. EDV and ESV were 

strongly correlated (Pearson coefficient ρ=0.911, p<0.05) ，as were ESV and Mass (Pearson 

coefficient ρ=0.664, p<0.05), which would affect these coefficient estimates and odds ratios 

in the model. However, all three were input together in the MASSVOL baseline model to 

show the combined goodness-of-fit of traditional indicators, in order to assess the 

improvement given by the PCA modes. SBP, DBP (Pearson coefficient ρ=0.604, p<0.05) and 
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other baseline variables were included in all the regression models to control for any 

differences between the patient and asymptomatic groups (Table 2.1).  

The finite-element method is a powerful representation of the LV model, which also provides 

traditional indicators such as volume and mass. This method has been used to characterize 

cardiac motion [132, 133] and deformation in a variety of disease groups [134]. Extensions to 

the right ventricle and atria have also been proposed [135, 136]. In this study, we have 

limited the application of these models to the description of shape; however, these models 

also have the capability of simulating the excitation, contraction and relaxation of cardiac 

mechanics [137]. 

PCA clusters the variability of the finite element models into orthogonal modes that can be 

interpreted from a global shape point of view. In [84], PCA was used to determine the shape 

differences between people born pre-term and people born full-term. PCA has the 

disadvantage that the modes are in general difficult to interpret from a clinical perspective. 

However, in the present study the first three modes were associated with well understood 

clinical indicators such as size or sphericity. Interestingly, both size and sphericity are 

associated with adverse outcomes after myocardial infarction [41, 138]. In the current study, 

the ED&ES PCA regression model performed the best with an AUC of 0.9905. Adding ESV, 

EDV and MASS into this model did not improve this performance greatly (results not shown), 

indicating that the discriminatory information included in these mass and volume measures 

are already captured in the ED&ES PCA model. Adding stroke volume or ejection fraction to 

the MASSVOL model also did not improve the results greatly, since these are very dependent 

on the ESV and EDV already in the model.  

Although heart size is known to be dependent on patient body habitus, we did not correct the 

shape vectors for height or weight, as done clinically using indexing methods. This was 
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because the baseline model already included height and weight, so all PCA logistic regression 

analyses were automatically corrected for height and weight.  

Further work is needed in several areas. Although PCA is one of the most common 

dimensionality reduction techniques, other techniques may be more appropriate, such as 

independent component analysis [139]. Secondly, logistic regression classification method is 

only one of many methods which can be used for the characterization of disease. For example, 

in [140] a three-dimensional cortical gray matter density map was established and validated 

using sparse multinomial logistic regression in the classification of schizophrenia. In [141], a 

maximum a posteriori classifier was used to distinguish brain tissue types. Expectation-

maximization (EM) [142] and k-Nearest-Neighbor [143] classification have been 

successfully applied to evaluate brain tumors from MRI. Neural networks  and support vector 

machines have been used to identify brain structures with MRI [144] and to predict wall 

motion scores [145]. Evaluation and comparison of these methods for the evaluation of 

cardiac disease should be performed. Thirdly, the transformation from GRE to SSFP models 

was learned using 40 normal volunteers. While [145] showed that this was sufficient to 

robustly characterize the transformation, more cases would provide a greater variation of 

heart shape and might improve the transformation parameters. 
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Chapter 3 Information Maximizing Component Analysis of Left 

Ventricular Remodelling Due to Myocardial Infarction  

Although adverse left ventricular shape changes (remodelling) after myocardial infarction 

(MI) are predictive of morbidity and mortality, current clinical assessment is limited to 

simple mass and volume measures, or dimension ratios such as length to width ratio. We 

hypothesized that information maximizing component analysis (IMCA), a supervised feature 

extraction method, can provide more efficient and sensitive indices of overall remodelling. 

IMCA was compared to linear discriminant analysis (LDA), both supervised methods, to 

extract the most discriminatory global shape changes associated with remodelling after MI. 

Finite element shape models from 300 patients with myocardial infarction from the 

DETERMINE study (age 31-86, mean age 63, 20% women) were compared with 1,991 

asymptomatic cases from the MESA study (age 44-84, mean age 62, 52% women) available 

from the Cardiac Atlas Project. IMCA and LDA were each used to identify a single mode of 

global remodelling best discriminating the two groups. Logistic regression was employed to 

determine the association between the remodelling index and MI. Goodness-of-fit results 

were compared against a baseline logistic model comprising standard clinical indices. A 

single IMCA mode simultaneously describing end-diastolic and end-systolic shapes achieved 

best results (lowest Deviance, Akaike information criterion and Bayesian information 

criterion, and the largest area under the receiver-operating-characteristic curve). This mode 

provided a continuous scale where remodelling can be quantified and visualized, showing 

that MI patients tend to present larger size and more spherical shape, more bulging of the 

apex, and thinner wall thickness. IMCA enables better characterization of global remodelling 

than LDA, and can be used to quantify progression of disease and the effect of treatment.   
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3.1 Introduction 

3.1.1 Background 

Changes in the geometry of the left ventricle (LV) of the heart typically occur after 

myocardial infarction (MI) in response to disease processes; this phenomenon is clinically 

termed remodelling[15-17]. Important diagnostic information can be obtained from the 

degree and pattern of remodelling in the ischemic heart [125]. For example, remodelling 

associated with increased heart size is predictive of poor outcomes [138], while 

sphericalization of the LV has been linked with increased mortality [125]. The relationship 

between end-systolic volume and end-diastolic volume can distinguish patient phenotypes 

[146]. However, traditional clinical indices currently used to quantify remodelling are limited 

to simple measures of mass and volume, or ventricular dimension ratios, discarding much of 

the available shape information. 

Several prospective large-scale population-based studies have included cardiovascular 

magnetic resonance (CMR) imaging as part of their assessment [15, 147], collecting 

phenotypic data on cardiac disease. CMR, as a non-invasive radiation-free modality, provides 

rich and detailed quantitative data of the heart function and structure. Non-invasive 

tomographic imaging in combination with shape analysis is leading to an increasing number 

of applications exploiting these data through statistical analysis of cardiac shape and 

motion [80]. In particular, finite-element model analysis has been applied to model LV shape 

and function, providing accurate and reproducible customization of a model template to each 

patient with minimal user interaction [93, 94]. 

3.1.2 Related Work 

Principal component analysis (PCA) has been extensively used to analyze shape patterns 

found in population groups. PCA has been applied to analyze heart shape [95] and motion 
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[96], aid in 3D segmentation [97], and cluster shape variation [98, 99]. In our previous work, 

PCA scores were used to characterize remodelling due to MI [99]. However, PCA is an 

unsupervised feature extraction method that does not always result in clinically interpretable 

features. Typically, many PCA scores are required to achieve discriminatory power [104, 

148, 149]. This has led researchers to investigate supervised feature extraction techniques to 

generate more powerful and efficient shape indices. Linear discriminant analysis (LDA) is a 

commonly used supervised feature extraction technique for classification problems [100], and 

has been widely applied in image processing areas [101] including characterization of cardiac 

disease in limited datasets including endocardial information only [102]. However, LDA 

relies on the assumptions of Gaussian class distributions and homoscedasticity. Information 

maximizing component analysis (IMCA) is an extension of LDA developed by Carter et al. 

[103], which does not rely on these assumptions. An unsupervised version of the method was 

applied to flow cytometry analysis, requiring fewer modes than PCA and providing better 

disease classification [104]. A supervised version has been applied to satellite image high 

dimensional data [105]. However, the performance of this method in cardiac remodelling has 

not been investigated. 

Previous methods applied to cardiac disease have included support vector machines [106], 

neural networks [102] and Shannon’s differential entropy [107]. However, the number of 

cases has been limited and most methods do not have a theoretical basis in statistical theory. 

Since IMCA extends LDA to applications where the underlying assumptions of LDA are 

violated, it is reasonable to hypothesize that IMCA will outperform LDA in this context. The 

main hypotheses of Chapter 3 is that supervised feature extraction techniques can extract 

features showing the main difference in LV shape due to myocardial infarction, and then 

IMCA can outperform LDV in LV shape feature extraction. The contributions of this paper 

are therefore (1) the application of supervised feature extraction algorithms to the largest 
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dataset of both normal and MI patients currently available, and (2) the comparison of IMCA 

with LDA for the quantification of remodelling due to cardiac disease. We used logistic 

regression (LR) to assess the relationship between the presence of MI and the remodelling 

indices derived from LDA and IMCA and establish a classification model. Goodness-of-fit 

performance measures were then used to rank the discriminatory power of the remodelling 

indices. 

3.2 Data and Methods 

3.2.1 Participants 

LV shape models were obtained from the Cardiac Atlas Project, a resource for large scale 

cardiac image analysis and computational anatomy [85] (http://www.cardiacatlas.org). We 

compared shape models derived from 300 MI patients with 1,991 asymptomatic volunteers. 

Models for MI patients were derived from images contributed from the baseline imaging 

examination of the Defibrillators to Reduce Risk by Magnetic Resonance Imaging Evaluation 

(DETERMINE) study, which studied patients with coronary artery disease and mild to 

moderate LV dysfunction [86]. Models for asymptomatic volunteers were derived from 

images contributed from the baseline imaging examination of the Multi Ethnic Study of 

Atherosclerosis (MESA)[87], comprising volunteers with no clinical evidence of disease 

(although sub-clinical disease may have been present). Details of the exclusion and inclusion 

criteria, imaging protocols, and correction of shape bias between imaging protocols have 

been described elsewhere [99] [112]. Participant characteristics in the two groups were 

significantly different in many demographic parameters (Table 3.1). The DETERMINE 

group was more predominantly male, older, taller, heavier, had higher diastolic blood 

pressure, less history of diabetes and bigger volume than MESA participants. Variables 

including gender, age, height, weight, blood pressure, diabetes history and smoking status 

http://www.cardiacatlas.org/
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were therefore included in the LR models as baseline variables to calculate the odds ratio of 

the derived remodelling indices without the influence of confounding factors.  

Table 3.1 Demographics for the MESA and DETERMINE datasets (mean±std. dev.)  

 
Units DETERMINE MESA 

Sex (Female/Male) ‡  60/238 1034/975 

Age† years 62.76±10.80 61.47±10.15 

Height‡ cm 173.91±9.80 165.97±9.99 

Weight† kg 90.06±19.15 76.75±16.50 

Systolic BP mmHg 127.50±20.14 126.00±22.00 

Diastolic BP‡ mmHg 73.86±11.34 71.49±10.33 

Diabetes history‡ % 13.11 35.67 

Smoking status % 12.51 11.33 

ESVI‡ ml/m
2 

58.36±24.39 25.48±8.69 

EDVI‡ ml/m
2
 96.53±25.03 67.83±13.29 

          †p<0.05; ‡p<0.01. For continuous variables, p-values report a Wilcoxon signed-rank test of the 

null hypothesis. For categorical variables the p-value reports a χ
2 
test of the null hypothesis. (BP: 

blood pressure; ESVI: end-systolic volume index; EDVI: end-diastolic volume index). 

3.2.2 Study Design 

Data were analysed following the flow chart in Figure 3.1. Finite-element models were 

customized to the MRI scans points at end-diastole (ED) and end-systole (ES). A set of 

evenly spaced homologous points were generated on the ventricular surfaces by subdivision, 

resulting in 1,682 Cartesian ( , , )i i ix y z  points per case in atlas coordinates, which served as 

shape parameters or image-derived features. The point sets from each model were rigidly 

aligned with the mean using the Procrustes alignment method[116]. Since heart size is an 

important clinical indicator of disease, scale variations were not removed. Principal 

component analysis was applied to reduce the dimensionality of the shape space but still 

retain 98% of the population variation. IMCA and LDA were performed on the standardized 

PCA scores. These generated scalar indices associated with global remodelling due to MI. 

Finally, a LR model was used to analyze the ability of the remodelling indices to characterize 

MI patients. Three types of shape analysis were considered: 1) the ED frame only; 2) the ES 
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frame only; 3) a combination of ED and ES frames. For the latter the sampled points for both 

frames were concatenated into a single shape vector for each case. 

 

 

Figure 3.1 Data processing flow chart. 

 Firstly, PCA was performed on the shape parameters of left ventricle finite element model 

(LV FEM) at end diastole (ED), end systole (ES), and using the combination of ED and ES. 

Secondly, PCA modes which accounted for 98.5% of the total variation were standardized. 

Thirdly, LDA and IMCA were applied on the standardized components to generate global 

modes of variation which were assessed with a logistic regression classification model (LR 

model), including other confounding variables. 

3.2.3 Principal Component Analysis 

Currently, principal component analysis [118] is widely used to reduce the number of 

variables (dimension reduction) while retaining most of the variation in a coherent dataset. 

Using consecutive orthogonal rotations, PCA projects the data onto a linear space of 
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maximum-variance directions but reduced dimension, generated by eigenvectors or modes. In 

this work, principal component analysis was used as a preliminary dimension reduction step, 

to ensure convergence of the IMCA algorithm. Enough PCA modes to explain 98.5% of the 

total variance were retained. 

3.2.4 Linear Discriminant Analysis 

LDA, or Fisher’s linear discriminant, calculates a new variable that is a linear combination of 

the original predictors, by maximizing the differences between the predefined groups. In 

contrast to PCA, LDA considers class membership for dimension reduction. This can be 

viewed as a stringent dimension reduction technique that compresses the p-dimensional 

predictors into a one-dimensional line. Mathematically, LDA tries to find the projection 

matrix which maximizes the between-class scatter matrix and minimizes the within-class 

scatter matrix of projected points. The key idea of LDA is to separate the class means of the 

projected samples while achieving a small variance around these means. The derived features 

of LDA can be shown in the form of: 

1 1 2 2 m mD w X w X w X                           

where D is the discriminant score which is a weighted linear combination of the m predictors. 

The weights are estimated to maximize the differences between class mean discriminant 

scores. Generally, those predictors which have large dissimilarities between class means will 

have larger weights, at the same time weights will be small when predictor class means are 

similar. Note that LDA assumes that the conditional probabilities of each class are normally 

distributed and that the class covariances are equal (homoscedasticity). 
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3.2.5 Information Maximizing Component Analysis 

IMCA models each class as a probability density function (PDF) on a statistical manifold 

which can be projected into a low dimensional Euclidean space [104]. The Fisher information 

distance between PDFs is used to describe the similarity between classes. The Fisher 

information distance between two distributions 1( ; )p x   and 2( ; )p x   is defined by: 

1 2

1 2
: (0) , (1)

( , ) min ( ) [ ( )]( )T
F

d d
D I dt

dt dt    

 
  

 
        

where 1 and 2 are the parameters corresponding to the two PDFs, ( )t is the parameter path 

along the manifold and ( )I  is the Fisher information matrix whose elements are defined as: 

log ( ; ) log ( ; )
[ ( )] ( ; )

i j

f X f X
I f X q dX

 


 

 


       

While the Fisher information distance cannot be exactly computed without knowing the 

parameterization of the manifold, it can be approximated by the Kullback-Leibler divergence 

[105], denoted ( )KL i jD p , p .  

The IMCA projection is defined as one that maximizes the Fisher information distance 

between classes. Specifically, let  1 2,X X  be a family of data sets where 1X corresponds 

to samples from MESA and 𝑋2 corresponds to samples from DETERMINE, estimating the 

PDF of iX as ip . Following [104], we refer to ( )KL i jD p , p as ( )KL i jD X ,X with the knowledge 

that the divergence is calculated with respect to PDFs, not realizations. We wish to find a 

single orthonormal projection matrix A such that  

:
arg max ( , )

T KL i j FA A A I
A D AX AX


                

where I is the identity matrix and 
KLD  is the 2×2 matrix of Kullback-Leibler divergences.  
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We used the Gradient Descent algorithm to find the optimal solution. IMCA can be viewed as 

a generalized and orthogonal version of LDA, which does not make assumptions on the class 

distributions [103]. 

3.2.6 Logistic Regression Statistics 

LR models [128] were used to quantify the ability of the remodelling indices to characterize 

MI patients. LR is a statistical classification model, based on probabilistic theory, and is 

typically used to predict a binary response from continuous, binary, or canonical variables. In 

the current study, MESA cases (non-patients) were assigned a 0-label whereas DETERMINE 

cases (patients) were assigned a 1-label, indicating disease. Prediction power after 

adjustments for age, sex, height, weight, systolic blood pressure, diastolic blood pressure, 

smoking status and diabetes status were assessed, and the regression coefficient (β1) for each 

mode was calculated from the multivariable logistic models. Age, sex, height, weight, 

systolic blood pressure, diastolic blood pressure, smoking status and history of diabetes were 

used to develop the baseline model. These variables were also included in all the models 

since these variables can be confounding factors between the disease and shape features. 

Goodness-of-fit measures of each LR model were examined to determine how well the 

regression model distinguishes between non-patients and patients. Three common statistics 

used to quantify the goodness-of-fit of this type of classification models are deviance, Akaike 

information criterion (AIC) and Bayesian information criterion (BIC) [129, 130]: 

2log( )

2log( ) 2

2log( ) *log(n)

Deviance L

AIC L k

BIC L k

 

  

  

                                     

where the L represents the log-likelihood of the model, k is the number of estimated 

parameters and n is the sample size. In all three measures, a lower number is indicative of a 

better model. The areas under the curve (AUC) of the receiver operating characteristic (ROC) 

http://en.wikipedia.org/wiki/Binary_classification
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curves were also computed and compared using the non-parametric method introduced in 

[150].  

3.3 Results 

PCA modes accounting for 98.5% of the total variance at ED and ES as well as their 

combination (ED&ES) led to 55 PCA modes for ED, 50 for ES, and 92 for (ED&ES). IMCA 

and LDA were performed on the standardized PCA scores, leading to a single remodelling 

score per case. The standardized LDA and IMCA scores are shown in Table 3.2. All the 

scores between MESA and DETERMINE were significantly different (p<0.0001). The 

distribution of IMCA scores at ED&ES between MESA and DETERMINE is shown in 

Figure 3.2.  The asymptomatic group and the myocardial infarction group were best 

discriminated with IMCA scores. The Pearson correlation coefficients among the estimated 

modes are given in Table 3.3. All the IMCA and LDA modes were highly correlated. This 

indicates that the remodelling modes obtained with the two methods were strongly related 

between IMCA and LDA, and between the ED, ES and the ED&ES atlases. The mode of 

shape variation associated with both IMCA and LDA methods was visualized by combining 

the PCA shape modes with the optimized weights found in each method. Figure 3.3 shows 

how these new indices of global remodelling create a continuum where cases can be scored 

according to their degree of severity; in particular, it shows that the IMCA ED&ES mode 

captures the larger size and more spherical shape, bulging of the apex, and thinner wall 

thickness, which are known clinically to be associated with remodelling after myocardial 

infarction. The mode shapes derived from all IMCA and LDA modes were visually similar 

and are therefore not shown. In the experiments, IMCA required 8.13 seconds processing 

compared with 0.75 seconds for LDA on a standard desktop (Intel i5 quad-processor 3.4 

GHz, 8 GB RAM). 
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Table 3.2 LDA and IMCA Scores for MESA and DETERMINE (mean±std) 

 
MESA DETERMINE p value 

ED LDA -0.30±0.61 1.99±0.77 <0.0001 

ES LDA -0.33±0.48 2.18±0.80 <0.0001 

ED&ES LDA -0.34±0.44 2.25±0.73 <0.0001 

ED IMCA -0.29±0.66 1.94±0.65 <0.0001 

ES IMCA -0.31±0.58 2.07±0.68 <0.0001 

ED&ES IMCA -0.32±0.56 2.13±0.57 <0.0001 
 

Table 3.3 Correlation coefficients among IMCA and LDA modes 

  ED IMCA ES IMCA ED&ES IMCA ED LDA ES LDA ED &ES LDA 

ED IMCA 1.00 
     

ES IMCA 0.81 1.00 
    

ED&ES IMCA 0.87 0.92 1.00 
   

ED LDA 0.97 0.82 0.86 1.00 
  

ES LDA 0.80 0.95 0.90 0.83 1.00 
 

ED&ES LDA 0.86 0.92 0.95 0.88 0.97 1.00 

    (Note: all the correlation coefficients are statistically significant p<0.05) 

 

Figure 3.2 Distribution of IMCA Scores of MESA and DETERMINE for the best case 

(ED&ES). ED and ES figures do not show perceivable differences in their equivalent plots 

and are therefore omitted. (Note the accuracy of the IMCA score is less than the LR 

IMCA+Baseline models in Table 3.4) 
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Figure 3.3 The derived shape indices allow for a continuous representation of disease 

remodelling. In the figure, the corresponding shapes from the percentiles of the IMCA 

ED&ES index are shown. Mean values (black triangles) for the asymptomatic (MESA) and 

myocardial infarct group (DETERMINE) show over 50 percentiles of separation for this 

index. Percentiles correspond to the histogram shown in Figure 3.2. 

Table 3.4 Assessment table showing measures of goodness-of-fit for the eight logistic regression 

models. Coefficients show the differential weight when compared to the Baseline model. 

  

LR coefficient 

(β1) 

σ(β1) P Value Deviance AIC BIC AUC(%) 

Baseline - - - 1500 151

8 

15

69 

76.94 

MASSVOL+Baseline - - - 719 743 81

2 

95.70 

EDVI+ESVI+Baseline - - - 751 773 83

7 

95.89 

ED LDA Score+Baseline 5.1651 0.3736 <0.000

1 

307 327 38

5 

99.15 

ES LDA Score+Baseline 4.8458 0.3724 <0.000

1 

241 261 31

9 

99.42 

ED&ES LDA+Baseline 

 Score+Baseline 

7.0549 0.7585 <0.000

1 

130 150 20

7 

99.77 

ED IMCA Score+Baseline 6.1631 0.4974 <0.000

1 

271 291 34

8 

99.49 

ES IMCA Score+Baseline 6.9857 0.6593 <0.000

1 

179 199 25

6 

99.81 

ED&ES IMCA 

 Score+Baseline 

37.1034 13.526

1 

0.0061 16 36 93 99.99 
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Figure 3.4 ROC curves for the analyzed logistic regression models. Right figure zooms into 

the upper-left corner. Note baseline variables are included in all models. 

 

Nine logistic regression models were studied (Table 3.4, Figure 3.4). The baseline model 

included only the sex, age, height, weight, diastolic blood pressure and history of diabetes. 

The MASSVOL model include baseline variables as well as ED volume, ES volume and LV 

mass since these are the standard remodelling indices currently used clinically [99]. Also, for 

comparison with [146], an ESVI+EDVI model was formulated to include ES volume index 

and ED volume index (together with baseline variables). IMCA and LDA models included 

the baseline variables plus the single standardized index derived from IMCA or LDA 

respectively. Both IMCA and LDA modes showed very high odds ratio of the disease (all 

ORs were over 100). All goodness-of-fit measures (Deviance, AIC, BIC and AUC) of the 

IMCA and LDA models were smaller than the baseline model and the MASSVOL model. ES 

shape feature models showed better performance than the analogous ED shape feature models 

for both IMCA and LDA. The combination of ED&ES shape features also improved 

agreement over just ES or ED shape features separately. Finally, the combined ED&ES 

IMCA logistic model achieved the lowest Deviance, AIC, BIC and highest AUC.   
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Figure 3.5 Graph of ESVI versus EDVI with linear regression lines for MESA (control group) 

and DETERMINE (MI patients) 

 

Figure 3.6 Graph of EF versus ESVI with linear regression lines for MESA (control group) 

and DETERMINE (MI patients) 

Considering the AUC as a measure of discriminatory power, all LDA and IMCA modes had 

significantly more discrimination than the baseline (p<0.05) and MASSVOL models 

(p<0.05). Both the LDA and IMCA ED&ES coupled modes showed better discrimination 

than either the ED and ES modes (p<0.05). The IMCA ED&ES and IMCA ED showed better 

discrimination than their corresponding LDA modes (p<0.05), but the difference between the 
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IMCA ES mode and the LDA ES mode was not significant (p>0.05). In addition, the LDA 

assumption of normality within each class was examined using the method described in 

[151], and the class covariance equality assumption was tested using Bartlett’s modification 

of the likelihood ratio test [152]. Both assumptions were found to be violated (p<0.05 for 

each).  

3.4 Discussion 

Patients with myocardial infarction undergo significant shape changes due to cardiac 

remodelling. Previously, unsupervised dimension reduction methods have shown superior 

performance to traditional mass and volume analysis in large data sets [99]. In the current 

paper, we explored more effective indices of cardiac remodelling using supervised feature 

extraction methods and compared IMCA with LDA in a large dataset.  

To our knowledge, this is the first time that supervised feature extraction has been used in a 

large CMR dataset, and that IMCA has been applied in this context, compared with LDA. 

The advantage of the supervised techniques developed in this work is that a single 

remodelling index is found, as opposed to many remodelling indices for unsupervised PCA 

logistic models (in [99] we used 13-20 PCA modes describing 90% of the total variance), and 

this single remodelling index derived from IMCA or LDA can efficiently quantify the main 

shape difference between the patients and asymptomatic volunteers. Since these global shape 

indices define a direction in shape space, this method can also be used as a clinical tool to 

characterize the patterns of change due to remodelling. By projecting the IMCA modes back 

onto the population space (Figure 3.3), we can visualize the shape changes due to MI 

remodelling, such as the increase in size of the LV, and the decrease in wall thickness.  This 

mode can be used for tracking individual patients over time future studies, by quantifying the 

degree to which their LV shapes compare with the remodelling spectrum. This method can be 
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generalized to any disease group, although we only applied the method to patients with 

myocardial infarction in this study.  

Compared to PCA, IMCA and LDA are supervised feature extraction methods, which can 

result in fewer modes to characterize the remodelling. Thus, a single IMCA or LDA mode 

obtained better classification results than using 10 PCA modes in our previous study [99]. 

This indicates that IMCA and LDA can effectively characterize shape variation due to 

remodelling with a single number. This number captures variations due to size, sphericity and 

wall thickness (Figure 3.3), which are common across a number of different patient infarct 

locations. Although myocardial infarction is a regional disease, the IMCA mode extracts a 

global remodelling index which is indicative of a global physiological response to this 

localized insult. 

We also found that the IMCA modes and LDA modes were highly linearly correlated, which 

shows that the modes characterizing the two groups are statistically dependent across ED, ES 

and the combination of ED and ES. The combination of ED&ES shape features extracted by 

IMCA was better at discriminating disease than IMCA ES shape features models, and the 

IMCA ES index was better than the corresponding ED index. This indicates that the shape 

either at ED or at ES contains unique clinical information and their combination contains 

more. Notice that derived measures such as motion ED-ES or additional geometric features 

such as curvature are indirectly included since these can be derived from the analyzed 

parameters.  

Several groups have previously demonstrated the importance of relationships between EF and 

ES volume, or ES volume and ED volume, in the discrimination between patient groups. 

White et al  [138]  found two distinct regression lines for MI patient groups with different 

prognosis. Kerkhof et al [146] extended this concept to plot ES volume against ED volume 

(each indexed by body surface area), showing discrimination between patients with preserved 
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and reduced EF. A similar analysis in the current cohort showed that the slope of the ES 

volume to ED volume relationship was significantly higher (p<0.001) for MI patients than 

asymptomatic controls (Figure 3.5). The derived EF to ES volume relationships are shown in 

Figure 3.6 (p<0.001 for difference between slopes). These data suggest that linear regression 

models which include ES and ED volume will perform well for MI patients, a prediction 

which is confirmed by the high area under the ROC curve for the MASSVOL and the 

ESVI+EDVI logistic regression models (Table 3.2).  

IMCA is based on information theory, the goal of which is to maximize the information 

separation between the groups. IMCA methods can generate more than one orthogonal mode, 

depending on the dimension of the information present in the class distributions. We also 

calculated the second and third (orthogonal) IMCA modes, but these performed similarly to 

the single mode analysis and added no more discriminatory power to the classification model.  

Limitations of this study include the different source of the two groups (MESA and 

DETERMINE) and the requirement for correction of the MESA shape models to control for 

bias between different imaging protocols. The transformation from GRE to SSFP models was 

learned using 40 normal volunteers. Shape bias arising from these protocol differences may 

still be present. While [112] showed that this was sufficient to robustly characterize the 

transformation, more cases would provide a greater variation of heart shape and might 

improve the transformation parameters. Feature extraction techniques typically rely on data-

derived information only and do not consider other clinical data such as sex, age or BMI. 

Future feature extraction techniques targeting specific subgroups could be performed. 

Methods to decompose the deformation of the left ventricle between ED and ES into separate 

deformation modes such as longitudinal shortening, wall thickening, and twisting were 

developed in previous studies [132]. 
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3.5 Conclusion 

Both LDA and IMCA performed well in our experiments and derived similar shape modes. 

Both performed better than all traditional indices. IMCA had better discriminatory power in 

ED and ED&ES data than LDA, possibly because the data violated the LDA underlying 

assumptions.  

These synthetic clinically motivated modes may be used to quantify the ventricular 

remodelling in the future. Although feature extraction techniques such as PCA, IMCA or 

LDA can extract the main features from the ventricular shape parameters, these techniques 

are all data-driven methods, which means that the modes extracted from these methods 

change with the data. However in this research the large number of cases ensures a more 

robust result from a population perspective. 

In conclusion, a single remodelling index derived from IMCA analysis of ED and ES shapes 

was found to discriminate patients and asymptomatic volunteers with an accuracy of 99%. 
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Chapter 4 Orthogonal Decomposition of Left Ventricular 

Remodelling in Myocardial Infarction 

Clinical indices of left ventricular (LV) remodelling are important for quantifying severity of 

disease, and have prognostic value in predicting adverse events, in patients with myocardial 

infarction. However, these indices are often co-dependent (e.g. volume and ejection fraction) 

and do not provide an orthogonal decomposition of shape. Orthogonal decompositions are 

desirable for comprehensive remodelling analysis, but standard methods such as principal 

component analysis (PCA) typically result in components that do not correlate well with 

clinical remodelling indices. We developed a novel method for deriving orthogonal shape 

decompositions directly from any set of clinical indices. Six clinical remodelling indices (LV 

size, sphericity, wall thickness, ejection fraction, apical conicity and longitudinal shortening) 

were calculated from cardiac magnetic resonance images of 300 patients with myocardial 

infarction and 1,991 asymptomatic volunteers obtained from the Cardiac Atlas Project. Each 

clinical index was regressed against shape parameters derived from LV finite element shape 

models using partial least squares (PLS) regression. The regression coefficients generated the 

shape component best describing the clinical index. This component was then was removed 

mathematically from the shape space, using a Gram–Schmidt procedure. This process was 

then repeated, removing each component in order of shape variance explained, resulting in a 

set of orthogonal remodelling components. A single PLS hidden variable per clinical index 

resulted in the greatest decorrelation between scores, and complete decorrelation with all 

previous clinical indices. These orthogonal remodelling components had similar power to 

describe differences between patients and volunteers as PCA components. 
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4.1 Background  

Left ventricular (LV) remodelling refers to the process by which the heart adapts its size, 

shape and function in response to disease processes, or under the influence of mechanical, 

neurohormonal and genetic factors [29]. In particular, myocardial infarction leads to adverse 

LV remodelling characteristics, which provide important diagnostic and prognostic 

information for the therapeutic management of disease progression[15-17]. For example, 

remodelling associated with increased LV volume has been shown to be an important 

predictor of mortality after myocardial infarction [138]. Increased LV sphericity is linked 

with decreased survival [125]. LV wall thickness [29] and apical conicity [42] are also 

important indices of adverse remodelling after myocardial infarction. Functional parameters 

such as ejection fraction (EF), which is the most common metric of cardiac function 

performance in clinical practice, are heavily influenced by the degree of LV remodelling [47, 

48]. Also, ventricular longitudinal shortening is another sensitive marker of LV remodelling 

[49]. 

Although these traditional clinical indices have demonstrated prognostic value, they are often 

co-dependent (e.g. LV volume and ejection fraction) and do not provide an orthogonal 

decomposition of cardiac shape. Such a decomposition would enable computational analysis 

of the components of remodelling present in various forms of heart disease. In particular, 

orthogonal shape decompositions enable simplified tensor calculus in the computation of e.g. 

arc lengths and areas, because they do not present off-diagonal terms in their metric tensor 

[42]. An orthogonal basis for shape enables robust calculation of contribution of each 

component independently to the overall shape. Also, regressions using the shape components 

as independent variables do not suffer from the problem of multicolinearity. Thus, when 

analysing the combined effects of different remodelling characteristics, it is preferred to have 

an orthogonal basis in a linear space. 
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Principal component analysis (PCA) [118] is a powerful and widely used shape analysis 

technique that provides an orthogonal linear shape basis. In previous work, PCA analysis of 

cardiac remodelling has been shown to achieve more powerful descriptions of remodelling, 

and their relationships with risk factors, than traditional mass and volume analysis [99]. In a 

large population study, the first PCA component corresponded with LV size and the second 

with LV sphericity[98, 99]. However, PCA shape components do not generally relate to 

clinical remodelling indices, making clinical interpretation of the relative contribution of 

shape components difficult. The aim of this chapter is to create a new orthogonal feature 

basis which have clinically meaningful modes.  

In this chapter, we used partial least squares (PLS) regression to sequentially define an 

orthogonal shape decomposition that is optimally related to clinical remodelling indices. At 

each step, the contribution of the previous component was removed mathematically from the 

shape description, similar to Gram–Schmidt orthogonalisation. Clinical remodelling indices 

of size, sphericity, wall thickness, conicity, ejection fraction and longitudinal shortening, 

known from the literature to have important prognostic information in the management 

myocardial infarction, were used to create a corresponding orthogonal linear space from the 

shape parameters. By using a single PLS hidden variable per clinical index, the resulting 

component scores were less correlated with each other, and optimally decorrelated with those 

clinical indices previously removed.   

4.2 Data and Methods  

4.2.1Patient Data 

Cardiac magnetic resonance images of 300 patients with myocardial infarction contributed 

from the Defibrillators to Reduce Risk by Magnetic Resonance Imaging Evaluation 

(DETERMINE) [86] study, and 1,991 asymptomatic volunteers contributed from the Multi-
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Ethnic Study of Atherosclerosis (MESA) [87] were obtained through the Cardiac Atlas 

Project [85].  

The patient data have been described previously [85] and are available from the Cardiac Atlas 

Project (http://www.cardiacatlas.org). Briefly, DETERMINE participants (n=300, age 31−86, 

mean age 63, 20% women) had clinical history of myocardial infarction with EF>35% and 

infarct mass >10% of LV myocardial mass. MESA participants (n=1991, age 45−84, mean 

age 61, 52% women) did not have physician-diagnosed heart attack, angina, stroke, heart 

failure of atrial fibrillation, or had undergone procedures related to cardiovascular disease, at 

the time of recruitment [87].   

4.2.2 Shape Characterization 

Finite element models were customized to model the shape and function of each case using a 

standardized procedure [99]. For the MESA cohort, short-axis hand-drawn contours on the 

inner and outer surfaces of the left ventricle contributed from the MESA MRI core laboratory 

were fitted by the finite element model by linear least squares as described previously [113]. 

For the DETERMINE cohort, expert observers interactively customized the model to MR 

images [94] using in-house software (CIM version 6.0, University of Auckland, New 

Zealand). The shape models were evenly sampled at sufficient resolution to capture all visible 

features, which resulted in 1,682 Cartesian  points in homologous anatomical 

locations for each LV model.  

4.2.3 Clinical Remodelling Indices 

Clinical remodelling indices included mass, end-diastolic volume (EDV) and end-systolic 

volume (ESV), sphericity, apical conicity, wall thickness, EF and longitudinal shortening, all 

of which have been demonstrated to have prognostic importance[42, 49, 138]. LV mass and 

volume were calculated by numerical integration of the cardiac LV shape models. Sphericity 

( , , )i i ix y z

http://www.cardiacatlas.org/
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was calculated as the EDV divided by the volume of a sphere with a diameter corresponding 

to the major axis at end-diastole in LV long view [153]. Apical conicity was calculated as the 

ratio of the apical diameter (defined as the diameter of the endocardium one third above the 

apex) over the basal diameter [42]. Wall thickness was calculated as the mean distance 

between the corresponding points on the epicardial and endocardial surfaces joined by a line 

perpendicular to the midwall surface, averaged over the entire LV. Ejection fraction was 

calculated as (EDV-ESV)/EDV. Longitudinal shortening was calculated as the difference of 

the distance of the central basal point to the apical point at ED and ES over the distance at ED. 

4.2.4 Partial Least Squares Regression  

Partial least squares (PLS) regression [154, 155] is a statistical method that is related to 

principal components regression; however, instead of using independent variables derived 

from their ability to explain variance in the predictive variables only, PLS finds independent 

variables by projecting both the predicted variables and the predictor variables to a new space, 

typically with reduced dimension, chosen to maximize the correlation between predicted and 

predictor variables. PLS is used to find the fundamental relations between the predicted and 

predictor variables, i.e. a latent variable approach to modelling the covariance structures in 

these two spaces.  
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Figure 4.1 Data processing flow chart  

The orthogonal remodelling components were created using PLS sequentially as shown in 

Figure 4.1. LV size was selected as the first component as size accounts for most of the 

variance found in LV shape [99]. The contribution of this component was then removed 

mathematically from the shape description, similar to the Gram–Schmidt orthogonalisation 

algorithm [156], prior to the calculation of the following components. This step ensures 

orthogonality in the new shape basis. The other five clinical indices were calculated from the 

shape removed of size, and the subsequent component with largest variance was extracted at 

each step. This procedure was performed iteratively. The final order of the components was: 

(1) LV size, (2) sphericity, (3) wall thickness, (4) ejection fraction, (5) conicity and (6) 

longitudinal shortening. 
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Mathematically, let  represent the centred data matrix where each row contains the 

coordinates of 3D points describing the shape of one case at ED, concatenated with the points 

at ES. In our application all asymptomatic and myocardial infarction cases were included in 

this matrix. Given a centred vector of clinical remodelling indices (e.g. EDV) , PLS finds a 

linear decomposition of both X and Y such that 

   

where T and U are, respectively, the projections of X and Y (also termed scores);  P and Q are 

the loading matrices of reduced dimensionality Nlatent (i.e. the number of latent variables used 

in the PLS decomposition) and E and F are the error terms assumed to be independent and 

identically distributed random normal variables. This decomposition is optimised to 

maximise the covariance between T and U [154]. 

The regression coefficients are also calculated so that , where  is 

a matrix of coefficients including the intercept. In this paper we used the SIMPLS algorithm 

as provided by the Statistics and Machine Learning Toolbox (MATLAB R2013a, The 

MathWorks, Inc., Natick, Massachusetts, United States). In this implementation T is 

orthonormal, but P, Q and U are not. However, each column of U is orthogonalised with 

respect to preceding columns of T, so that  is lower triangular. 

Following Figure 4.1, using super-indices to enumerate steps and sub-indices for columns, let 

, the original shape space, and , the first clinical index, i.e. EDV. After the 

PLS regression, we define our “PLS component” as the normalized PLS regression 

coefficients  omitting the intercept term. This is a vector in shape space that is maximally 

correlated with EDV.  The projections associated with that component are , and these 

were used as the component scores in the remodelling analysis below.  
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The shape space is then deflated by the EDV-derived PLS component, giving rise to a new 

data matrix :
1 0 0 1 1(B )TX X X B  . 

The next clinical index is then chosen as the one that explains the most variation of the 

population in the new shape space, and the PLS regression and deflation is repeated. This 

procedure is repeated for the remaining indices  where at each step the previous PLS 

component contribution is removed: 

 
1 1 (B )k k k k k TX X X B    

Note that subsequent  will be orthogonal to  by construction since  is 

orthogonal to . Therefore the set of basis vectors generate an orthogonal linear sub-

space of .   

Selection of the number of latent variables Nlatent is critical for obtaining PLS regression 

models with good predictive ability [157]. However, there is currently no standard method to 

choose the number of latent variables for PLS. In the current study, we report the results for 

Nlatent =1 and Nlatent =10. Results for Nlatent >10 were similar to Nlatent =10 because 10 latent 

variables accounted for most of the covariance between Y and X. After deriving the PLS 

components, logistic regression models were used to identify the association of these 

orthogonal remodelling components with myocardial infarction.  

4.3 Results  

Participant characteristics are summarised in Table 4.1. Demographic characteristics were 

significantly different between the two asymptomatic volunteers and the myocardial 

infarction patients, including gender ratio, age, height, weight, blood pressure, diabetes 

history and smoking status. Clinical LV remodelling indices were also significantly different. 

1X

kY

1k k 1kX 
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The patients had larger LV EDV and ESV, increased sphericity, thicker walls, less conicity, 

smaller EF and reduced longitudinal shortening than the volunteers.  

Table 4.1 Baseline variables and clinical remodelling indices for MESA and DETERMINE (mean ± 

SD) 

796BVariable 797BUnit 798BMESA 799BDETERMINE 800Bp-value 

801BSex 802BF/M 803B1034/975  804B60/238 805B<0.01 

806BAge 807Byears 808B61.47±10.15 809B62.76±10.76 810B0.043 

811BHeight 812Bcm 813B165.98±9.99 814B173.82±9.77 815B<0.001 

816BWeight 817Bkg 818B76.75±16.50 819B90.06+14.14 820B<0.001 

821BBMI 
 

822B27.77±5.09 823B29.73+5.57 824B<.0001 

825BSBP 826BmmHg 827B126.28±21.98 828B126.36±17.50 829B>0.05 

830BDBP 831BmmHg 832B71.49±10.33 833B73.26±9.82 834B0.006 

835BDiabetes history 836B% 837B13.11 838B35.67 839B<0.001 

840BSmoking status 841B% 842B12.51 843B11.33 844B>0.05 

845BEDV 846Bml 847B125.45±31.17 848B196.32±52.94 849B<0.001 

850BED sphericity 
 

851B0.38±0.08 852B0.41±0.09 853B<0.001 

854BED WT 855Bmm 856B8.88±1.44 857B8.72±1.31 858B0.053 

859BED conicity 
 

860B0.74±0.08 861B0.70±0.08 862B<0.001 

863BEF 
 

864B0.63±0.07 865B0.41±0.11 866B<0.001 

867BLS 
 

868B0.13±0.04 869B0.08±0.03 870B<0.001 
BMI=Body mass index; SBP=Systolic blood pressure; DBP=diastolic blood pressure; EDV= end diastolic 

volume; EF= ejection fraction; LS=longitudinal shortening. 

 

Table 4.2 Correlation coefficients between the clinical indices and the PLS clinical modes’ scores 

(Nlatent =1) 

871B  872BEDV 

873Bscore 

874BSphericity 

875Bscore 

876BWT 

877Bscore 

878BEF 

879Bscore 

880BConicity 

881Bscore 

882BLS 

883Bscore 

884BEDV 885B0.939 886B0 887B0 888B0 889B0 890B0 

891BSphericity 892B0.015 893B0.853 894B0 895B0 896B0 897B0 

898BWT 899B0.403 900B−0.241 901B0.820 902B0 903B0 904B0 

905BEF 906B−0.743 907B−0.049 908B0.114 909B0.620 910B0 911B0 

912BConicity 913B−0.138 914B−0.302 915B−0.094 916B0.272 917B0.762 918B0 

919BLS 920B−0.450 921B−0.017 922B−0.132 923B0.600 924B0.127 925B0.531 
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Table 4.3 Correlation coefficients between the clinical indices and the PLS clinical component scores 

(Nlatent =10) 

926B  927BEDV score 928BSphericity score 929BWT score 930BEF score 931BConicity score 932BLS score 

933BEDV 934B0.991 935B0.194 936B0.288 937B−0.720 938B−0.167 939B−0.371 

940BSphericity 941B0.217 942B0.964 943B−0.032 944B−0.184 945B−0.246 946B−0.158 

947BWT 948B0.140 949B−0.121 950B0.929 951B−0.063 952B−0.018 953B−0.261 

954BEF 955B−0.663 956B−0.137 957B−0.154 958B0.974 959B0.248 960B0.521 

961BConicity 962B−0.154 963B−0.219 964B−0.060 965B0.257 966B0.979 967B0.237 

968BLS 969B−0.365 970B−0.127 971B−0.212 972B0.592 973B0.256 974B0.956 

  

Table 4.4 Correlation coefficients among the clinical indices.  

 975BEDV 976BSphericity 977BWT 978BEF 979BConicity 980BLS 

981BEDV 982B1 983B0.217 984B0.143 985B−0.649 986B−0.149 987B−0.353 

988BSphericity 989B0.217 990B1 991B−0.154 992B−0.109 993B−0.219 994B−0.125 

995BWT 996B0.143 997B−0.154 998B1 999B−0.147 1000B−0.034 1001B−0.162 

1002BEF 1003B−0.649 1004B−0.109 1005B−0.147 1006B1 1007B0.257 1008B0.567 

1009BConicity 1010B−0.149 1011B−0.219 1012B−0.034 1013B0.257 1014B1 1015B0.257 

1016BLS 1017B−0.353 1018B−0.125 1019B−0.162 1020B0.567 1021B0.257 1022B1 

 

The orthogonal PLS components corresponding to EDV, sphericity, wall thickness, ejection 

fraction, conicity and longitudinal shortening, computed across all patient and volunteer cases, 

are shown in Figure 4.2 (Nlatent =1) and Figure 4.3 (Nlatent =10). Linear correlation coefficients 

were calculated between the clinical indices and the component scores in the combined 

MESA and DETERMINE population. Linear correlation coefficients between all PLS 

component scores (Nlatent =1) and clinical indices are reported in Table 4.2. Linear correlation 

coefficients between all PLS component scores (Nlatent =10) and clinical indices are reported 

in Table 4.3. The linear correlation coefficients among the clinical indices (Table 4.4), among 

the PLS component scores for Nlatent =1 (Table 4.5) and Nlatent =10 (Table 4.6), and 

correlation coefficients between clinical indices and scores of the first six PCA components 

of the original dataset are shown in Table 4.7 for comparison.  
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Figure 4.2 Plot of the PLS clinical components (Nlatent =1) 
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Figure 4.3 Plot of the PLS clinical components (Nlatent=10) 
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Table 4.5 Correlation coefficients among the PLS clinical modes’ scores (Nlatent =1)  

1023B  1024BEDV 

1025Bscore 

1026BSphericity 

1027Bscore 

1028BWT 

1029Bscore 

1030BEF 

1031Bscore  

 

1032BConicity 

1033Bscore 

1034BLS 

1035Bscore 

1036BEDV score 1037B1 1038B−0.202 1039B0.100 1040B−0.132 1041B−0.002 1042B−0.047 

1043BSphericity score 1044B−0.202 1045B1 1046B−0.002 1047B−0.014 1048B−0.026 1049B0.182 

1050BWT score 1051B0.100 1052B−0.002 1053B1 1054B0.156 1055B0.003 1056B0.007 

1057BEF score  1058B−0.132 1059B−0.014 1060B0.156 1061B1 1062B0.156 1063B0.478 

1064BConicity score 1065B−0.002 1066B−0.026 1067B0.003 1068B0.156 1069B1 1070B0.178 

1071BLS score 1072B−0.047 1073B0.182 1074B0.007 1075B0.478 1076B0.178 1077B1 

 

Table 4.6 Correlation coefficients among the PLS clinical mode scores (Nlatent =10)  

 

1078BEDV 

score 

1079BSphericity 

score 
1080BWT score 

1081BEF 

score 

1082BConicity 

score 
1083BLS score 

1084BEDV score 1085B1.000 1086B0.199 1087B0.284 1088B−0.731 1089B−0.169 1090B−0.376 

1091BSphericity score 1092B0.199 1093B1.000 1094B−0.039 1095B−0.191 1096B−0.241 1097B−0.166 

1098BWT score 1099B0.284 1100B−0.039 1101B1.000 1102B−0.129 1103B−0.057 1104B−0.321 

1105BEF score 1106B−0.731 1107B−0.191 1108B−0.129 1109B1.000 1110B0.258 1111B0.543 

1112BConicity score 1113B−0.169 1114B−0.241 1115B−0.057 1116B0.258 1117B1.000 1118B0.246 

1119BLS score 1120B−0.376 1121B−0.166 1122B−0.321 1123B0.543 1124B0.246 1125B1.000 

 

Table 4.7 Correlation coefficients between the clinical indices and the first 6 modes of variation of X
0
 

using PCA 

1126B  1127BPC 1 1128BPC 2 1129BPC 3 1130BPC 4 1131BPC 5 1132BPC 6 

1133BEDV 1134B0.931 1135B−0.211 1136B0.022 1137B0.026 1138B0.047 1139B0.118 

1140BSphericity 1141B−0.012 1142B−0.800 1143B0.093 1144B0.240 1145B0.126 1146B0.019 

1147BWT 1148B0.343 1149B0.072 1150B0.097 1151B−0.461 1152B−0.184 1153B−0.360 

1154BEF 1155B−0.739 1156B0.194 1157B−0.111 1158B−0.212 1159B−0.150 1160B0.027 

1161BConicity 1162B−0.130 1163B0.300 1164B−0.088 1165B−0.250 1166B−0.150 1167B0.500 

1168BLS 1169B−0.451 1170B0.065 1171B−0.198 1172B−0.179 1173B−0.135 1174B0.371 

 

It can been seen from these Tables that the minimum correlation between remodelling scores 

was achieved with Nlatent =1 (Table 4.5), and that a single latent variable also resulted in 

complete decorrelation between the remodelling scores and the remodelling indices of all the 

components previously removed in the Gram-Schmidt procedure (Table 4.2). This is because 

the PLS procedure with one latent variable finds the single shape vector which is maximally 

correlated with the clinical index, which is then removed from the shape space by the Gram-
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Schmidt procedure. Using more latent variables results in a subspace which can produce 

better correlation between the scores and the index (diagonal elements are higher in Table 4.3 

than in Table 4.2), but the resulting deflated shape space retains correlation with the index. 

 

Figure 4.4 Variance explained by each PLS component and PCA 

Figure 4.4 shows the shape variance explained by each one of the PLS components for both 

Nlatent, and by PCA. As expected, the total variance explained was highest for PCA 

components (75.7% for 6 components). For PLS with Nlatent =1, variance explained was 65.3% 

for 6 components, whereas for Nlatent =10 it was 15.0%. This reflects the fact that PLS is 

designed to explain covariance between indices and shapes, rather than variance in the shapes 

themselves.  

Logistic regression models were used to evaluate the discriminatory power of the orthogonal 

remodelling components to characterize LV remodelling due to myocardial infarction. Four 

logistic regression models were examined (Table 4.8). Confounding information including 

age, gender, BMI, SBP, smoking status and diabetes history were included in each regression 

model as baseline variables.  Model 1 included the baseline variables plus the first 6 PCA 
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scores, as a reference for comparison. Model 2 included the baseline variables plus the 

clinical remodelling indices. Model 3 included the baseline variables plus the orthogonal 

component scores for Nlatent =1.  Model 4 included the baseline variables plus the orthogonal 

component scores for Nlatent =10. The scores from the orthogonal remodelling components 

showed significant odds ratios in the logistic regression model (Table 4.8). The odds ratio of 

EDV, sphericity, wall thickness, conicity, ejection fraction and longitudinal shortening 

component scores indicate that myocardial infarction patients tend to have larger and more 

spherical LV shapes with thicker walls, and a less conical shape.  

Four commonly-used measures were used to quantify the goodness-of-fit of the regression 

models: Deviance, Akaike information criterion (AIC), Bayesian information criterion (BIC) 

and the area under the receiver operating characteristic curve (AUC) (Table 4.9). Smaller 

Deviance, AIC and BIC, and larger AUC, are indicative of better goodness-of-fit. All three 

regression models showed significant improvement compared with the baseline model. The 

logistic regression based on orthogonal remodelling components showed smaller Deviance, 

AIC and BIC and higher AUC than the PCA logistic regression. The AUC (Figure 4.5) for 

the PLS components with a single latent variable was 97.88%, slightly greater than that for 

the PLS components with 10 latent variables was 97.07% (p<.0001), or the logistic 

classification using scores from the first 6 PCA components (97.28%), or the logistic 

classification using the corresponding clinical indices (96.87%). The PLS components with a 

single latent variable (Model 3) obtained the best classification power and goodness-of-fit 

measures. 

 

 

 

http://en.wikipedia.org/wiki/Receiver_operating_characteristic
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Table 4.8 Four logistic regressions for myocardial infarction 

1175BVariable 1176BCoefficient 
1177BStandard 

error 
1178Bp value 

1179BStandardized 

Coefficient 

1180BOdds 

Ratio(OR) 

1181BOR 95% 

Confidence 

Interval 

1182BModel 1: PCA modes + Baseline model 

1183BPC 1* 1184B0.012 1185B0.001 1186B<.0001 1187B1.459 1188B1.012 1189B1.011 1190B1.014 

1191BPC 2* 1192B−0.008 1193B0.001 1194B<.0001 1195B−0.334 1196B0.992 1197B0.990 1198B0.995 

1199BPC 3 1200B0.001 1201B0.002 1202B0.492 1203B0.042 1204B1.001 1205B0.998 1206B1.004 

1207BPC 4* 1208B0.031 1209B0.002 1210B<.0001 1211B1.116 1212B1.032 1213B1.027 1214B1.037 

1215BPC 5* 1216B0.007 1217B0.002 1218B0.0001 1219B0.217 1220B1.007 1221B1.003 1222B1.010 

1223BPC 6 1224B−0.002 1225B0.002 1226B0.331 1227B−0.064 1228B0.998 1229B0.993 1230B1.002 

1231BModel 2: Clinical indices + Baseline model 

1232BEDV* 1233B0.020 1234B0.004 1235B<.0001 1236B0.472 1237B1.020 1238B1.013 1239B1.028 

1240BSphericity* 1241B−0.016 1242B0.016 1243B0.311 1244B−0.070 1245B0.984 1246B0.955 1247B1.015 

1248BWT* 1249B−0.798 1250B0.101 1251B<.0001 1252B−0.626 1253B0.450 1254B0.370 1255B0.549 

1256BEF*  1257B−0.173 1258B0.017 1259B<.0001 1260B−1.019 1261B0.841 1262B0.815 1263B0.869 

1264BConicity* 1265B−0.045 1266B0.018 1267B0.011 1268B−0.194 1269B0.956 1270B0.924 1271B0.990 

1272BLS* 1273B−0.181 1274B0.041 1275B<.0001 1276B−0.400 1277B0.834 1278B0.770 1279B0.904 

1280BModel 3: PLS modes (Nlatent =1) + Baseline model 

1281BEDV score* 1282B0.012 1283B0.001 1284B<.0001 1285B1.471 1286B1.012 1287B1.011 1288B1.014 

1289BSphericity 

score* 

1290B0.013 1291B0.002 1292B<.0001 1293B0.568 1294B1.013 1295B1.010 1296B1.016 

1297BWT score 1298B−0.034 1299B0.003 1300B<.0001 1301B−0.983 1302B0.967 1303B0.960 1304B0.973 

1305BEF score* 1306B−0.032 1307B0.003 1308B<.0001 1309B−0.825 1310B0.969 1311B0.963 1312B0.975 

1313BConicity 

score 

1314B−0.008 1315B0.003 1316B0.004 1317B−0.201 1318B0.992 1319B0.986 1320B0.997 

1321BLS score* 1322B−0.005 1323B0.004 1324B0.152 1325B−0.116 1326B0.995 1327B0.988 1328B1.002 

1329BModel 4: PLS modes (Nlatent =10) + Baseline model 

1330BEDV score* 1331B0.012 1332B0.002 1333B<.0001 1334B0.553 1335B1.012 1336B1.007 1337B1.016 

1338BSphericity 

score* 

1339B−0.007 1340B0.004 1341B0.061 1342B−0.129 1343B0.993 1344B0.986 1345B1.000 

1346BWT score 
1347B−0.041 1348B0.005 1349B<.0001 1350B−0.771 1351B0.960 1352B0.950 1353B0.969 

1354BEF score* 1355B−0.033 1356B0.004 1357B<.0001 1358B−0.957 1359B0.968 1360B0.960 1361B0.975 

1362BConicity 

score* 

1363B−0.014 1364B0.005 1365B0.009 1366B−0.189 1367B0.987 1368B0.977 1369B0.997 

1370BLS score 1371B−0.055 1372B0.008 1373B<.0001 1374B−0.658 1375B0.947 1376B0.932 1377B0.962 

All the modes are adjusted for age, gender, BMI, SBP, smoking status and diabetes history. *p<0.05 
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Table 4.9 Comparison of the four logistic regression models 

 

1378BDeviance 1379BAIC 1380BBIC 1381BAUC 

1382BBaseline Model 1383B1559 1384B1573 1385B1614 1386B0.7441 

1387BIndex model 1388B618 1389B644 1390B719 1391B0.9687 

1392BPCA model 1393B606 1394B632 1395B707 1396B0.9728 

1397BPLS model (Nlatent =1) 1398B498 1399B524 1400B599 1401B0.9788 

1402BPLS model (Nlatent =10) 1403B591 1404B617 1405B692 1406B0.9707 

AIC = Akaike information criterion ; BIC =Bayesian information criterion; AUC =Area under the 

ROC curve. All models include baseline variables. 

 

The standardized coefficients of the logistic model were used to create a linear combination 

of the PLS (Nlatent =1) components generating a combined remodelling score, called the LR 

score (Figure 4.6), separating the two groups. The median LR scores (Model 3) for the 

MESA and DETERMINE participants were calculated and the median shapes were 

calculated by projecting the coefficients of the PLS components estimated in the logistic 

regression model back on the population shape space. These are plotted in Figure 4.6. This 

graphically shows the shape changes which best classify the two groups with baseline 

variables adjusted, showing that LV remodelling due to myocardial infarction is associated 

with larger size, more spherical shape, and thinner wall thickness. The distribution of the LR 

scores calculated from the orthogonal remodelling components (Model 3) between MESA 

and DETERMINE is shown in Figure 4.7. As is shown in the figure, the two groups are well 

separated and the patients show more deviation than the normal group. Since the logistic 

regression coefficients refer to contributions from remodelling components, the amount of 

each remodelling component contributing to the LR score could be quantified. This gives an 

intuitive explanation of the LR score in terms of remodelling components.  

https://www.google.co.nz/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&sqi=2&ved=0CBsQFjAAahUKEwiB4qyM5ZHJAhUGFJQKHaf0AW8&url=https%3A%2F%2Fen.wikipedia.org%2Fwiki%2FAkaike_information_criterion&usg=AFQjCNHAW4_MpQhIWcb3f8FLwmiChhMXjQ&bvm=bv.107467506,d.dGo
https://www.google.co.nz/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0CBsQFjAAahUKEwivkJuZ5ZHJAhUEJJQKHTVoC78&url=https%3A%2F%2Fen.wikipedia.org%2Fwiki%2FBayesian_information_criterion&usg=AFQjCNGowKipOrQus1fTg2MAaPoy7rlxJw&bvm=bv.107467506,d.dGo


Chapter 4 Orthogonal Decomposition of Left Ventricular Remodeling in Myocardial Infarction 

81 

 

  

Figure 4.5 ROC curves for the five logistic regression models 

 

ED ES 

    

Volunteers Patients Volunteers Patients 

Figure 4.6 Visualization of shape changes between volunteers and patients, using the 

combined PLS (Nlatent =1) component. Plots show the median LR score for the volunteer 

and patient groups respectively. 
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Figure 4.7 Classification of volunteers and patients using the combined LR score. (Note 

accuracy of the PLS scores is less than that of the LR PLS+Baseline models in Table 4.9). 

 

4.4 Discussion  

Patients with myocardial infarction exhibit significant shape changes with respect to the 

normal population, due to cardiac remodelling. An atlas-based analysis of cardiac 

remodelling has previously shown superior performance to traditional mass and volume 

analysis in large data sets [99]. The framework consisted of three steps: (1) fitting a finite 

element model to the LV MR images, (2) feature extraction of the aligned shape parameters, 

and (3) quantification of the association between the features and disease using logistic 

regression. Although PCA provides orthogonal shape features, which describe the maximum 

amount of variation for the fewest number of components, these components typically do not 

correspond with clinical indices of cardiac remodelling. To avoid this problem, and maintain 
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the advantages of orthogonality, we developed a method to generate orthogonal shape 

components from any set of clinical indices using PLS. 

In this paper, we generated a linear orthogonal shape basis from the full finite-element shape 

parameters, encoding the clinical indices of size, sphericity, wall thickness, ejection fraction, 

conicity and longitudinal shortening. Similar to PCA, the shape components derived from 

PLS regression are orthogonal (zero dot product between different component shape vectors). 

In PCA, the resulting component scores are also decorrelated across the population cohort, 

but this is not the case with PLS. It can be seen in Table 4.6 that PLS component scores with 

Nlatent =10 were significantly correlated, similar to the original clinical indices (Table 4.4). 

This is expected since Nlatent =10 results in strong correlations between scores and indices 

(Table 4.3). PLS components both using Nlatent =10 and Nlatent =1 obtain effective shape 

representation of each clinical index, as evidenced by the correlation coefficients with the 

clinical indices (diagonal terms in Tables 4.2 and Table 4.3). However correlations between 

the scores of different indices for PLS (Nlatent =1) become smaller than the original indices 

and scores of PLS (Nlatent =10). For example, the correlation between EDV and EF was 

0.649  (Table 4.4), and between EDV and EF component scores derived from PLS (Nlatent 

=10) was 0.731  (Table 4.6); however, between EDV and EF component scores derived 

from PLS (Nlatent =1) was 0.132   (Table 4.5).  

Not only did a single latent variable result in the greatest decorrelation between different 

scores (Table 4.5), but it also resulted in total decorrelation between scores and previously 

removed indices (upper triangle of Table 4.2).  

These orthogonal components derived from traditional remodelling indices may be used to 

partition shape into contributions from each component, independent of the others. 

Correlation analysis shows that these clinically derived components have high 
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correspondence with traditional remodelling indices (diagonals in Tables 4.2 and Table 4.3), 

either virtually following the clinical indices’ original correlation (Table 4.4) in Nlatent =10 

(Table 4.3), or by sacrificing some of the diagonal correlations in exchange for decoupling 

with previous indices in Nlatent =1 (Table 4.2). Shapes features at Nlatent =10 are more 

correlated with the original clinical indices than Nlatent =1 but at the expense of their ability to 

explain variance in the original shape space (Figure 4.7). It can therefore be argued that Nlatent 

=10 generates more ‘specific’ shapes with lesser representative power. This is evident with 

the EDV component, where PLS with Nlatent =10 has removed much of the effect of size, 

which is a major source of variation in the whole cohort.  

We have demonstrated that clinically-derived components quantitatively characterise 

remodelling features associated with myocardial infarction with higher accuracy than PCA 

components. Three logistic regression models based on the clinical indices, PCA components 

and orthogonal remodelling components derived from clinical indices were established and 

compared in terms of goodness of fit.  

Coefficients of the PLS components estimated in the logistic regression model were projected 

back on the population shape space. By projecting these components back onto the 

population space (Figure 4.5), we can visualise the shape changes of the six features (the 

change of EDV, sphericity, wall thickness, EF, conicity and longitudinal shortening) due to 

MI remodelling. This combined component can be used for tracking individual patients over 

time in future studies, by quantifying the degree to which their LV shapes compare with the 

remodelling spectrum.  

Supervised feature extraction techniques such as information maximising component analysis 

and linear discriminate analysis have also been used to extract a remodelling component 

which can best characterize myocardial infarction using surface sampling [123]. In the 

current study, the shape features of each clinical index were obtained first and then combined 
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using logistic regression with baseline information removed. The shape changes due to 

myocardial infarction obtained by this LR model can be more easily explained as a 

combination of well-understood shape features, through the LR coefficients.   

This method can be applied to any index with particular clinical utility, with visualization of 

their corresponding shape features and quantification of components, thereby further 

exploiting shape information in a clinically meaningful fashion. 
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Chapter 5 Relative Associations of Global Left Ventricular 

Remodelling Indices in Myocardial Infarction: A Case-control 

Study 

 

Left ventricular (LV) remodelling indices predict adverse events after MI. Although several 

remodelling indices have been proposed, the relative associations of these indices with overall 

LV shape and presence of MI have not been quantified. This case-control study included 408 

MI cases (age 31−86, mean age 63, 22% women) from the DETERMINE study and 1991 

asymptomatic subjects from the MESA study (age 44−84, mean age 61, 52% women). Thirteen 

traditional LV remodelling indices were studied. The associations of each index with global 

shape were quantified using principal component regression. Their associations with MI were 

quantified using Logistic Regression and mixed effects models. The thirteen remodelling 

indices were clustered into five groups: volumetric (end-diastolic volume, end systolic volume, 

mass), hypertrophic (wall thickness, mass to volume ratio, relative wall thickness), ratiometric 

(sphericity, apical conicity), and functional (ejection fraction, longitudinal shortening). 

Volumetric indices had the greatest influence on shape, followed by functional indices, then 

hypertrophic indices. Ejection fraction (AUC=0.961) and end-systolic volume (AUC=0.954) 

had the strongest association with MI. MI was also associated with significantly higher 

eccentric hypertrophy, and lower concentric remodelling (p<0.0001). Mixed effects models 

showed the significant impairment in systolic changes in wall thickness, sphericity and conicity, 

compared with control subjects (p<0.0001). Global remodelling indices could be clustered into 

five groups, and ranked according to their associations with global shape and MI. Shape was 

most affected by volumetric indices, and end-systolic volume and ejection fraction had the 

strongest association with MI.  
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5.1 Introduction 

Cardiac remodelling can be defined as changes in left ventricular (LV) size, shape and function 

at the whole organ level due to molecular, cellular and tissue adaptations that occur due to 

disease processes [18]. Specific remodelling patterns have been observed in response to 

myocardial infarction (MI) [40], pressure overload [44], inflammatory heart muscle disease 

[20], idiopathic dilated cardiomyopathy [158] or volume overload[159]. Recently, adverse sub-

clinical remodelling has been quantified in asymptomatic populations[17], and sub-clinical 

remodelling effects have been associated with risk factors such as smoking, hypertension, 

alcohol consumption, diabetes, and hyperlipidemia [160].  

Previous studies have established clinical remodelling indices which characterize changes in 

LV shape and function and provide independent prognostic information [29]. LV volume [138], 

mass [161], sphericity[40], conicity [42] and concentric hypertrophy and eccentric hypertrophy 

[162]have all been associated with an increased risk of adverse cardiovascular events in both 

symptomatic and asymptomatic groups. Ejection fraction (EF) and longitudinal shortening (LS) 

have also been strongly linked with the degree of LV remodelling [49]. The regional shape 

distortion due to MI have been analyzed in [163].It is now possible to quantify and compare 

cardiac remodelling indices using techniques derived from computational anatomy. These 

methods enable the study of relationships between traditional remodelling indices and overall 

shape. We therefore sought to quantify the relative associations between clinical remodelling 

indices and overall LV shape and presence of MI. We performed a case-control study of 408 

MI cases and 1991 asymptomatic volunteers, made available through the Cardiac Atlas Project. 

Both studies used CMR imaging data. Relative contributions of remodelling indices to global 

shape were compared by principal component regression analysis, and their associations with 

MI quantified by logistic regression and mixed effect models.  
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5.2 Method 

5.2.1 Subjects 

We studied 408 MI cases contributed from the Defibrillators to Reduce Risk by Magnetic 

Resonance Imaging Evaluation (DETERMINE) study[86]. 1991 asymptomatic volunteers 

contributed from the Multi Ethnic Study of Atherosclerosis (MESA) were used as the control 

group[87]. Cardiac magnetic resonance imaging datasets and associated 3D shapes were 

obtained from the Cardiac Atlas Project [85]. The asymptomatic volunteers were regarded as 

the control group since, at the time of recruitment, they did not present clinical symptoms of 

cardiovascular disease. The inclusion/exclusion criteria for MI cases in DETERMINE has been 

described previously [86]. All the cases were identified of regional wall motion abnormality by 

two expert observers or detect regional abnormities using Late gadolinium enhancement. The 

mean of their MI age is 7.58 years (7.58±8.92). The LV mass (168.84±43.21) and EF 

(40.56%±14.64%) are significantly changed for those MI cases (Table 1).MESA enrolled 6,814 

men and women aged 45 to 84 years from 6 centers. Consenting participants underwent a 

cardiac MRI scan a median of 16 days after the clinical evaluation. All the participants were 

free of clinically recognized cardiovascular disease at enrollment. Only those cases with 

approval from the local Institutional Review Boards and informed participant consent 

compatible with sharing of de-identified data were included. Imaging studies and derived 

analyses were de-identified in a HIPAA compliant manner, annotated using standard 

ontological schema, stored in a web-accessible picture archiving and communication system 

database, and analyzed using atlas-based techniques [85].  

5.2.2 Remodelling Indices 

We studied 13 common indices of remodelling derived from the literature: End-systolic 

volume (ESV), end-diastolic volume (EDV), LV mass (LVM), sphericity [153] and conicity 
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[42]  at both ED and ES, wall thickness (WT) at ED and ES, relative WT (RWT) at ED [44], 

mass to volume ratio (MVR) at ED [162], EF and LS [49]. The sphericity index was calculated 

from cavity volume divided by the volume of the corresponding sphere with diameter given by 

the major axis in the long axis view [153]. The conicity index was calculated as the ratio of the 

apical to basal axis diameter[42]. WT was calculated as the mean distance between the 

corresponding points on the epicardial and endocardial surfaces joined by a line perpendicular 

to the midwall surface, averaged over the entire LV.  RWT was defined as twice the posterior 

WT divided by the end-diastolic diameter [44] at mid-ventricle. MVR was calculated as the ED 

mass divided by EDV. LS was calculated as the distance between base and apex at ES divided 

by the distance at ED. Correlations were performed to determine relationships between 

remodelling indices. A clustering analysis was used to group remodelling indices into clusters 

with high mutual correlation [164]. 

5.2.3 Shape Analysis 

LV 3D shapes were constructed for all controls and cases using methods described previously 

[99]. Briefly, 3D finite element shape representations were interactively customized to the MI 

cases using guide point modeling[93]. Shape bias arising from differences in imaging protocol 

between the control and MI studies was corrected using a previously validated atlas-based bias 

correction procedure [113]. The shape of each heart was then represented by a vector 

consisting of 2500 Cartesian  points (1250 at ED and ES, respectively) sampled [115] 

at anatomically consistent locations. Principal component regression (see appendix) was used 

to quantify and rank the association between each remodelling index (dependent variable) and 

LV shape. The shape changes (from 10 percentile to 90 percentile across the 2399 samples) for 

the each remodelling index were plotted.  

( , , )i i ix y z
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Principal component analysis consisted of 3 steps: firstly, principal component analysis [165] 

was applied to reduce the dimension of the shape vectors. This reduced the dimension of shape 

parameters to 20 principal components, which retained 90% of the total variation. The first 

principal component describes the greatest variance in the shape vector, the second describes 

the next greatest variance, and so on. The visualization and derivation of the principal 

components have been described previously [99]. The second step was to establish a multiple 

linear regression model between each remodelling index (dependent variable) and the 20 

principal components (independent variables). In third step, the coefficients obtained from the 

regression models were used to construct a remodelling shape mode (ie. a linear combination 

of principal components) which best represented the relationship between the remodelling 

index and global shape. The goodness of fit for each  model was evaluated by the root mean 

square error (RMSE), R
2
 and adjusted R

2 
[166]. Lower RMSE and R

2
 (adjusted R

2 
) closer to 1 

are indicative of a better model fit. The predicted values of each index were calculated from the 

principal component regression models including all patients and controls. The variances of the 

predicted shapes for each index were calculated as well as the total variances of the shape 

vectors. The proportion of global shape explained by each index could then be calculated as a 

percentage of the total shape variation explained by the corresponding shape mode.  

The shape changes (from 10 percentile to 90 percentile across all patients and controls) for the 

each remodelling index were plotted in the following way. Firstly, the mean shape vector was 

calculated for each remodelling index. Secondly, the 90th percentile of the predicted value (P90) 

for each model was obtained for each index. The shape vectors for the 90 percentile plot were 

generated by the mean shape vector + P90 × principal component regression coefficients. The 

10th percentile shape was plotted in the same way. 
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5.2.4 Logistic Regression  

LR models were established to quantify and rank the relative association of each index with MI. 

The dependent variable represented cases (presence of MI) or controls (absence of MI) and the 

independent variables were the remodelling indices. Baseline variables including gender, age, 

BMI, blood pressure, smoking status and diabetes history were included as independent 

variables.  

5.2.5 Mixed Effects Model 

Mixed effects models have been widely used with repeated measures data [167]. The 

remodelling indices were treated as repeated measures data at ED (labeled as 0) and ES 

(labeled as 1). LV volume, sphericity, WT and conicity from ED to ES were selected as the 

dependent variable, separately. Sex, age, BMI, DBP, smoking status, diabetes history, time 

(ED or ES), MI status (MI cases labeled as 1, control cases labeled as 0), and the interaction 

term MI×time were included as independent variables.  

5.2.6 Hypertrophy Classification  

The recommended AHA classification for hypertrophy[15] uses LVM divided by body surface 

area (LVMI) and RWT to classify cases into four classes: normal geometry (ie. normal LVMI 

and RWT); concentric remodelling (increased RWT but normal LVMI); concentric 

hypertrophy (increased LVMI, increased RWT); and eccentric hypertrophy (increased LVMI, 

normal RWT). We used the 95 upper percentile (RWT: 56.55, LVMI: 101.22 for males and 

82.28 for females) in the control group estimated from the empirical cumulative distribution 

separately for men and women to determine thresholds for increased LVMI and RWT, as done 

previously [53]. The shape models each group were then visualized by the mean shape of each 

group. 
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Population characteristics of the four hypertrophy classifications were analyzed using 

multinomial LR, with the classifications as the dependent variables (normal geometry as the 

reference). A baseline model was established which included age, sex, BMI, DBP, smoking 

status, diabetes history and MI as the independent variables. Volume, sphericity, WT, conicity, 

EF and LS were then separately included as independent variables with the baseline variables.  

5.3 Results 

Comparisons of characteristics between MI and control groups are shown in Table 5.1. MI 

cases were more likely to be male, older, taller, heavier, and have higher diastolic blood 

pressure compared to asymptomatic controls. The proportion of diabetic patients was higher in 

MI patients than controls. MI cases had higher mass, volume, sphericity, lower WT at both ED 

and ES, and lower EF and LS than controls. MI cases had higher conicity at ES but lower 

conicity at ED than controls. Pearson correlation coefficients between remodelling indices 

showed significant correlations between almost all indices (Table 5.2). EDV was highly 

correlated with ESV (0.92), LVM (0.74), and EF (-0.63); ESV with LVM (0.67), EF (-0.84) 

and LS (-0.54). LVM with ED WT (0.76) and EF (-0.51); MVR with ED WT (0.77) and RWT 

(0.61); and EF with LS (0.60). 
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Table 5.1 Comparison of characteristics between control and MI patients.  

Variable unit Control MI Cases 

Sex
ƚ
 F/M 1034/957 89/319 

Age years 61.47±10.15 62.15±11.11 

Height
ǂ
 cm 165.98±9.99 173.26±9.75 

Weight
ǂ
 kg 76.75±16.50 89.53±19.11 

BMI
ǂ
 

 
27.77±5.09 29.74±5.73 

SBP mmHg 126.28±21.98 127.65±20.10 

DBP
ƚ
 mmHg 71.49±10.33 73.33±10.85 

Diabetes
ǂ
 % 13.11 37.11 

Smoking
*
 % 12.51 17.03 

EDV
ǂ
 ml 125.45±31.17 196.54±54.61 

MASS
ǂ
 g 126.25±36.03 168.84±43.21 

ED Sphericity
ǂ
 % 37.60±7.80 41.16±8.52 

ED WT mm 8.43±1.29 8.50±1.21 

ED Conicity
ǂ
 % 74.41±7.74 70.77±7.07 

ESV
ǂ
 ml 47.48±18.74 119.62±49.18 

ES Sphericity
ǂ
 % 28.17±6.38 34.11±8.99 

ES WT
ǂ
 mm 12.48±1.65 10.49±1.62 

ES Conicity
ǂ
 % 70.58±9.14 75.26±13.76 

LVMI
ǂ
 g/m2 67.89±14.82 83.11±18.25 

RWT
ǂ
 % 39.71±9.49 35.46±9.42 

EF
ǂ
 % 62.85±7.28 40.56±14.64 

LS
ǂ
 % 13.38±3.62 7.99±3.38 

MVR
ǂ
 % 101.83±21.85 88.61±21.47 

EDVI
ǂ
 ml/m

2
 67.83±13.29 97.13±25.29 

ESVI
ǂ
 ml/m

2
 25.48±8.69 59.11±23.83 

(Numeric data are represented by mean±std, while categorical data are represented by ratio. 

*
p<0.05  

ƚ
 p<0.01, ǂp<0.001) 
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Table 5.2 Correlation between the remodelling indices  (all cases) 

  
EDV ESV Mass ED 

Sphericity 

ES 

Sphericity 

ED Wall 

thick 

ES Wall 

thick 

ED 

Conicity 

ES 

Conicity 

RWT EF  MVR  LS 

EDV 1.00 0.92 0.74 0.24 0.39 0.20 -0.19 -0.16 0.09 -0.33 -0.63 -0.35 -0.40 

ESV 
 1.00 

0.67 0.22 0.45 0.17 -0.36 -0.20 0.11 -0.28 -0.84 -0.28 -0.54 

Mass 
  

1.00 -0.04* 0.11 0.76 0.34 -0.11 0.02* 0.08 -0.51 0.32 -0.40 

ED 

Sphericity 

   

1.00 0.63 -0.14 -0.24 -0.23 -0.12 -0.30 -0.13 -0.38 -0.14 

ES 

Sphericity 

    

1.00 -0.14 -0.30 -0.23 -0.16 -0.32 -0.41 -0.37 -0.05 

ED Wall 

thick 

     

1.00 0.66 -0.06 -0.10 0.40 -0.20 0.77 -0.21 

ES Wall 

thick 

      

1.00 0.11 -0.20 0.40 0.46 0.68 0.13 

ED 

Conicity 

       

1.00 0.50 0.33 0.25 0.07 0.25 

ES 

Conicity 

  

 

     

1.00 0.06 -0.08 -0.11 -0.07 

RWT 
         

1.00 0.17 0.61 0.02* 

EF 
          

1.00 0.08 0.60 

MVR  
           

1.00 -0.07 

LS 
    

 

   

  

  

1.00 

All correlations p<0.05 except * p=N.S. 

Table 5.3 Principal component regression goodness of fit and relative contribution of each shape mode 

to total shape variance, across all patients and controls. 

 

1407BRMSE  R-Square 
1409BAdjusted  

R-Square 

1410BVariance 

explained 

(%) 

1411BEDV 
1412B6.96 1413B0.98 1414B0.98 1415B48.36 

1416BESV 
1417B8.62 1418B0.95 1419B0.95 1420B46.16 

1421BMass 
1422B8.35 1423B0.96 1424B0.96 1425B41.49 

1426BEF 
1427B3.47 1428B0.92 1429B0.92 1430B30.74 

1431BLS 
1432B2.41 1433B0.66 1434B0.66 1435B21.00 

1436BED WT  
1437B0.36 1438B0.92 1439B0.92 1440B11.48 

1441BED Sphericity 
1442B2.67 1443B0.89 1444B0.89 1445B7.34 

1446BES Sphericity  
1447B2.35 1448B0.90 1449B0.90 1450B5.44 

1451BRWT 
1452B6.31 1453B0.57 1454B0.57 1455B5.24 

1456BED Conicity 
1457B3.85 1458B0.76 1459B0.75 1460B4.17 

1461BES WT 
1462B0.34 1463B0.96 1464B0.96 1465B3.67 

1466BES Conicity 
1467B6.16 1468B0.64 1469B0.64 1470B3.34 

1471BMVR 
1472B7.45 1473B0.89 1474B0.89 1475B3.25 

Note: the total comes to more than 100% because the shape modes are not orthogonal. 
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5.3.1 Shape Analysis 

The first 20 principal components accounted for 90% of the total variance across the 2399 

samples. Remodelling shape modes were calculated for each remodelling index by using 20 

components (Table 5.3). All the regression models had high R
2
 and low RMSE. Figure 5.1 

shows the resulting remodelling shape modes associated with each index (10
th

 and 90
th

 

percentiles of the distributions). These remodelling shape modes can be used to visualize the 

changes in global shape associated with each remodelling index. EDV and ESV were 

associated with greater size and smaller RWT. LVM was associated with both increasing size 

and WT. MVR were associated with similar shape changes, representing transitions from 

eccentric to concentric remodelling [53]. Changes in EF were associated with changing ESV 

with little contribution from EDV. Changes in conicity are associated with the sharpening of 

the apex both at ED and ES. 

The relative contribution of each remodelling mode to the global geometry was shown in Table 

5.3. Volumetric indices (EDV, ESV, LVM) explained the most shape variation, followed by 

functional indices (EF and LS), then ED WT. Ratio metric indices such as sphericity and 

conicity explained less variance since these represented more subtle geometric changes.  
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Figure 5.1 Visualization of the geometric determinants of remodelling indices 
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5.3.2 Logistic Regression and Cluster Analysis 

LR models were calculated for each index individually with baseline variables adjusted (Table 

5.4). All the remodelling indices showed significant odds ratio for the presence of MI. EF 

(0.96), ESV (0.95), ES WT (0.92) and EDV (0.89) showed the strongest associations in terms 

of ROC curve area. There was no significant difference between the area under the ROC curve 

between EF and ESV (p=0.066). The ROC curve area for ESV was significantly bigger than 

ES WT (p<0.0001). 

Table 5.4 Individual associations with MI using logistic regression, across all patients and controls. 

Variables Coefficient 
Standard 

Error 

Odds 

Ratio(OR) 

OR 95% Confidence 

Interval  

 ROC 

Area 

Baseline      0.739 

Baseline+EDV 0.0415 0.0023 1.042 1.038 1.047 0.895 

Baseline+ESV 0.0789 0.0041 1.082 1.073 1.091 0.954 

Baseline+Mass 0.0231 0.0020 1.023 1.019 1.027 0.798 

Baseline+ ED 

Sphericity  
0.0665 0.0072 1.069 1.054 1.084 0.777 

Baseline+ ES Sphericity  0.1112 0.0084 1.118 1.099 1.136 0.810 

Baseline+ED WT -0.4213 0.0573 0.656 0.586 0.734 0.764 

Baseline+ES WT -1.3660 0.0714 0.255 0.222 0.293 0.923 

Baseline+ED Conicity  -0.0675 0.0084 0.935 0.92 0.95 0.769 

Baseline+ES Conicity  0.0460 0.0055 1.047 1.036 1.058 0.763 

Baseline+EF -0.2495 0.0124 0.779 0.76 0.798 0.961 

Baseline+LS -0.4362 0.0236 0.646 0.617 0.677 0.889 

Baseline+RWT -0.0675 0.0074 0.935 0.921 0.948 0.779 

Baseline+MVR -0.0573 0.0041 0.944 0.937 0.952 0.831 

Baseline model includes sex, age, BMI, blood pressure, smoking status and diabetes history. 

 

The 13 variables could be clustered into five groups (Figure 5.2), with 77% of the variance. 

The first group (LVMI, Mass, EDV and ESV) all relate to volumetric indices. The second 

group (MVR, RWT, ED&ES WT) all relate to hypertrophic indices. The third group (ED&ES 
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Sphericity) and the fourth group (ED&ES Conicity) reflect ratiometric indices. Functional 

indices (EF and LS) compose the fifth group, which reflect shape change between ED and ES.  

Multivariate LR analysis was also performed using selected, relatively independent, 

remodelling indices. Five indices (volume, sphericity, WT, conicity, LS) were selected (one 

from each cluster) for inclusion in the model. The coefficients and odds ratios (Table 5.5) were 

similar to the univariate results. The standardized coefficients (coefficients which relates to a 1 

standard deviation change) indicate which variables have relatively greater association on the 

presence of MI. In both the ED and ES model, volume showed the highest standardized 

coefficient. The ES model (0.9682) had a slightly higher ROC curve area (Figure 3) than the 

ED model (0.9482) (p<0.0001).  

 

Figure 5.2 Cluster analysis of the 13 remodelling indices  
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Figure 5.3 ROC curves for the three multiple logistic regression models 

5.2.3Mixed Effects Models 

LV volume, sphericity, WT and conicity all change from ED to ES, and can therefore give 

information on functional differences between patients and controls. Mixed effects models 

were constructed to determine the interaction between the presence of MI and the time point 

during the cardiac cycle (ED and ES) on each remodelling index (Table 5.6) [167]. Age, sex, 

blood pressure BMI, and MI were all significantly related to LV volume and LV sphericity. No 

interaction terms were significant in LV volume models, indicating that systolic volume 

changes were similar in MI and control groups. The interaction between MI and time was 

significant in sphericity, with LV sphericity changing less from ED to ES in controls than in 

patients. The interaction between MI and time in the WT model was significant, with greater 

thickness changes in controls than in patients. The interaction between MI and time was also 

significant in the conicity model, with LV conicity decreasing from ED to ES in controls but 

increasing from ED to ES in patients.  
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Table 5.5 Multiple logistic regression models at ED and ES, across all patients and controls  

Parameter Coefficient 
Standard 

Error 
p value 

Standardized 

coefficient 

Odds 

Ratio(OR) 

OR 95% 

Confidence Interval  

ED Model  

EDV 0.0408 0.0029 <.0001 1.0114 1.042 1.036 1.047 

ED Sphericity -0.0388 0.0124 0.0018 -0.1718 0.962 0.939 0.986 

ED WT -0.7323 0.0872 <.0001 -0.5157 0.481 0.405 0.570 

ED Conicity -0.0398 0.0132 0.0025 -0.1700 0.961 0.936 0.986 

LS -0.4224 0.0294 <.0001 -0.9572 0.655 0.619 0.694 

ES Model  

ESV 0.0486 0.0051 <.0001 1.0152 1.050 1.039 1.060 

ES Sphericity 0.0087 0.0167 0.6042 0.0346 1.009 0.976 1.042 

ES WT -0.8269 0.0836 <.0001 -0.8258 0.437 0.371 0.515 

ES Conicity 0.0241 0.0103 0.0192 0.1359 1.024 1.004 1.045 

LS -0.2773 0.0363 <.0001 -0.6285 0.758 0.706 0.814 

 

Table 5.6 Mixed effects models for LV Volume, Sphericity, Wall thickness, Conicity 

 Volume Model  Sphericity Model 

Parameters Estimate Standard Error p value 
 

Estimate Standard Error p value 

Intercept 103.9400 4.5382 <.0001  39.1051 1.1776 <.0001 

Age -0.4993 0.0407 <.0001  0.0328 0.0106 0.0019 

Sex 22.6794 0.8890 <.0001  -1.5389 0.2307 <.0001 

BMI 1.1632 0.0811 <.0001  -0.0373 0.0211 0.0767 

DBP 0.1194 0.0424 0.0048  -0.0252 0.0110 0.0219 

MI 61.7206 1.5917 <.0001  4.1328 0.4130 <.0001 

Time -77.9698 0.9006 <.0001  -9.4276 0.2337 <.0001 

Smoking 1.6663 1.2656 0.1880  0.4523 0.3284 0.1685 

Diabetes 1.9445 1.1433 0.0891  -0.0658 0.2967 0.8245 

MI×time 1.0426 2.1837 0.6331  2.3767 0.5666 <.0001 

 
Wall thickness Model 

 
Conicity Model 

Parameters Estimate Standard Error p value 
 

Estimate Standard Error p value 

Intercept 2.9491 0.2026 <.0001  73.9520 1.4183 <.0001 

Age 0.0145 0.0018 <.0001  0.0723 0.0127 <.0001 

Sex 0.9277 0.0397 <.0001  -0.9329 0.2778 0.0008 

BMI 0.0857 0.0036 <.0001  -0.0370 0.0254 0.1446 

DBP 0.0237 0.0019 <.0001  -0.0355 0.0132 0.0073 

MI -0.4975 0.0711 <.0001  -3.2824 0.4975 <.0001 

Time 4.0540 0.0402 <.0001  -3.8325 0.2815 <.0001 

Smoke 0.2142 0.0565 0.0002  0.2293 0.3956 0.5622 

Diabetes 0.3340 0.0510 <.0001  0.0093 0.3573 0.9793 

MI×time -2.0639 0.0975 <.0001  8.3245 0.6825 <.0001 
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5.2.4 Hypertrophy Classification 

The distributions of LVMI and RWT for controls and cases are shown in Figure 5.4. The 2399 

samples were divided into four hypertrophy classifications: normal (left bottom), concentric 

remodelling (left top), concentric hypertrophy (right top), eccentric hypertrophy (right bottom). 

The average shapes for the four classifications are shown in Figure 5.5. The population 

characteristics of the four groups are shown in Table 5.7. All remodelling indices were 

significantly different between groups, except for ES conicity.  

Table 5.7 Relationships with geometric classifications  

 Normal(2129) 

Concentric 

Remodelling 

(92) 

Eccentric 

Hypertrophy 

(163) 

Concentric 

Hypertrophy 

(15) 

 P Value 

Sex (Male 

ratio%) 
52.61 58.70 59.51 33.33 >0.05 

Age 61.29±10.30 65.83±8.98 62.85±10.79 64.73±9.83 <0.001 

Height 167.21±10.34 165.90±10.71 168.35±9.76 162.04±8.30 >0.05 

Weight 78.53±17.39 77.57±19.18 85.04±19.12 77.44±13.93 <0.001 

BMI 27.96±5.18 27.97±5.43 29.89±5.75 29.39±4.32 <0.001 

SBP 125.17±20.85 128.28±22.02 141.25±25.07 159.25±31.58 <0.001 

DBP 71.41±9.93 70.77±10.21 76.01±12.27 76.87±12.93 <0.001 

MI(%) 15.22 6.52 46.63 13.33 <0.001 

Smoking  116.5 15.22 17.79 33.33 <0.01 

Diabetes 15.12 18.48 40.49 46.67 <0.001 

EDV 134.26±39.57 103.48±24.51 200.74±64.74 125.33±25.52 <0.001 

ED MASS 127.45±34.07 135.19±32.93 206.12±47.86 190.52±47.86 <0.001 

ED 

Sphericity 38.28±7.91 33.17±7.44 40.42±8.87 33.21±5.86 
<0.001 

ED WT 8.26±1.14 9.47±1.35 9.98±1.35 11.10±1.30 <.0001 

ED 

Conicity 73.58±7.55 80.21±8.87 72.72±8.14 76.35±7.00 
<0.001 

ESV 56.49±31.98 39.47±20.37 114.77±64.44 49.04±14.21 <0.001 

ES 

Sphericity 29.13±6.99 25.00±6.96 32.65±9.00 24.31±5.75 
<0.001 

ES WT 11.99±1.67 13.62±1.91 12.98±2.52 15.73±1.53 <.0001 

ES Conicity 71.37±9.93 71.54±12.85 71.57±12.28 68.67±9.26 >0.05 

RWT 37.68±7.90 63.83±9.13 39.62±8.39 62.68±5.78 <0.001 

EF 59.91±10.47 61.39±25.22 46.49±16.00 61.26±5.92 <0.001 

SL 12.75±3.89 12.29±5.14 9.02±4.67 9.75±3.31 <0.001 

MVR 96.97±18.88 134.71±34.89 109.01±28.54 152.76±27.83 <0.001 
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Figure 5.4 Distribution of control and MI RWT and LVMI (Left for female; right for male).  

Cases were divided into four groups, lower left: normal, upper left: concentric remodelling, 

upper right: concentric hypertrophy, lower right: eccentric hypertrophy). 

 

Figure 5.5 Average shapes showing the classifications of cardiac remodelling, as defined by 

evaluation of LV RWT and LVMI  

 

Multinomial LR models (Table 5.8 & Table 5.9) showed that increasing age was associated 

with higher risk of concentric remodelling (p<0.0001). Higher blood pressure, smoking and 
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diabetes were associated with both concentric hypertrophy and eccentric hypertrophy (p<0.05 

for each). MI cases had more eccentric hypertrophy (p<0.01) and less concentric remodelling 

(p<0.01) relative to controls.   

Table 5.8 Multinomial logistic regression of Geometric Classification for baseline variables 

Parameter Category Coefficient 
Standard 

Error 
p value 

Odds 

Ratio(OR) 

OR 95% Confidence 

Interval  

Age 

concentric 

remodelling 
0.0481 0.0111 <.0001 1.049 1.027 1.072 

eccentric 

hypertrophy 
0.0171 0.0088 0.0521 1.017 1.000 1.035 

concentric 

hypertrophy 
0.0499 0.0298 0.0941 1.051 0.992 1.114 

Sex 

concentric 

remodelling 
0.4482 0.2348 0.0563 1.565 0.988 2.480 

eccentric 

hypertrophy 
-0.4264 0.1880 0.0233 0.653 0.452 0.944 

concentric 

hypertrophy 
-1.4048 0.5993 0.0191 0.245 0.076 0.794 

BMI 

concentric 

remodelling 
0.0203 0.0224 0.3638 1.021 0.977 1.066 

eccentric 

hypertrophy 
0.0335 0.0157 0.0333 1.034 1.003 1.066 

concentric 

hypertrophy 
0.0291 0.0496 0.5565 1.030 0.934 1.135 

DBP 

concentric 

remodelling 
-0.0095 0.0114 0.4082 0.991 0.969 1.013 

eccentric 

hypertrophy 
0.0480 0.0086 <.0001 1.049 1.032 1.067 

concentric 

hypertrophy 
0.0662 0.0240 0.0058 1.068 1.019 1.120 

Smoke 

concentric 

remodelling 
0.5012 0.3090 0.1049 1.651 0.901 3.025 

eccentric 

hypertrophy 
0.7015 0.2335 0.0027 2.017 1.276 3.187 

concentric 

hypertrophy 
1.6641 0.5964 0.0053 5.281 1.641 16.997 

Diabetes 

concentric 

remodelling 
0.2110 0.2872 0.4626 1.235 0.703 2.168 

eccentric 

hypertrophy 
0.9673 0.1883 <.0001 2.631 1.819 3.805 

concentric 

hypertrophy 
1.7071 0.5548 0.0021 5.513 1.858 16.355 

MI 

concentric 

remodelling 
-1.1920 0.4396 0.0067 0.304 0.128 0.719 

eccentric 

hypertrophy 
1.3888 0.1889 <.0001 4.010 2.769 5.806 

concentric 

hypertrophy 
-0.2310 0.7983 0.7723 0.794 0.166 3.794 
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Table 5.9 Multinomial logistic regression of Geometric Classification for Remodelling Indices 

Parameter Category Coefficient 

Standard 

Error p value 

Odds 

Ratio(OR) 

OR 95% Confidence 

Interval  

Baseline 

+Mass 

 

concentric 

remodelling 0.0165 0.0048 0.0007 1.017 1.007 1.026 

eccentric 

hypertrophy 0.1480 0.0113 <.0001 1.160 1.134 1.185 

concentric 

hypertrophy 0.1585 0.0146 <.0001 1.172 1.139 1.206 

Baseline 

+EDV 

concentric 

remodelling -0.0477 0.0055 <.0001 0.953 0.943 0.964 

eccentric 

hypertrophy 0.0335 0.0028 <.0001 1.034 1.028 1.040 

concentric 

hypertrophy -0.0042 0.0109 0.7027 0.996 0.975 1.017 

Baseline 

+ESV 

concentric 

remodelling -0.0659 0.0100 <.0001 0.936 0.918 0.955 

eccentric 

hypertrophy 0.0344 0.0032 <.0001 1.035 1.029 1.041 

concentric 

hypertrophy -0.0114 0.0169 0.4991 0.989 0.957 1.022 

Baseline 

+ED 

Sphericity 

concentric 

remodelling -0.0989 0.0170 <.0001 0.906 0.876 0.937 

eccentric 

hypertrophy 0.0155 0.0103 0.1316 1.016 0.995 1.036 

concentric 

hypertrophy -0.1029 0.0413 0.0127 0.902 0.832 0.978 

Baseline 

+ES 

sphericity 

concentric 

remodelling -0.1019 0.0197 <.0001 0.903 0.869 0.939 

eccentric 

hypertrophy 0.0288 0.0108 0.0076 1.029 1.008 1.051 

concentric 

hypertrophy -0.1258 0.0490 0.0102 0.882 0.801 0.971 

Baseline 

+ED Wall 

thickness 

concentric 

remodelling 1.1092 0.1130 <.0001 3.032 2.430 3.784 

eccentric 

hypertrophy 1.6919 0.1146 <.0001 5.430 4.337 6.797 

concentric 

hypertrophy 2.5855 0.2781 <.0001 13.270 7.694 22.888 

Baseline 

+ES Wall 

thickness 

concentric 

remodelling 0.5927 0.0725 <.0001 1.809 1.569 2.085 

eccentric 

hypertrophy 0.6743 0.0619 <.0001 1.963 1.738 2.216 

concentric 

hypertrophy 1.2509 0.1609 <.0001 3.494 2.549 4.789 

Baseline 

+ED 

Conicity 

concentric 

remodelling 0.0935 0.0136 <.0001 1.098 1.069 1.128 

eccentric 

hypertrophy 0.0025 0.0118 0.8299 1.003 0.980 1.026 

concentric 

hypertrophy 0.0319 0.0342 0.3503 1.032 0.966 1.104 

Baseline 

+ES 

Conicity 

concentric 

remodelling 0.0057 0.0108 0.5977 1.006 0.985 1.027 

eccentric 

hypertrophy -0.0080 0.0078 0.3043 0.992 0.977 1.007 

concentric 

hypertrophy -0.0254 0.0277 0.3586 0.975 0.923 1.029 

Baseline 

+EF 

concentric 

remodelling -0.0029 0.0153 0.8513 0.997 0.968 1.027 
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eccentric 

hypertrophy -0.0725 0.0100 <.0001 0.930 0.912 0.949 

concentric 

hypertrophy 0.0026 0.0359 0.9417 1.003 0.934 1.076 

Baseline 

+LS 

concentric 

remodelling -0.0630 0.0316 0.0462 0.939 0.883 0.999 

eccentric 

hypertrophy -0.1678 0.0261 <.0001 0.846 0.803 0.890 

concentric 

hypertrophy -0.2452 0.0760 0.0012 0.783 0.674 0.908 

 

Compared with the normal geometry group, the LV mass increased in each group significantly. 

LV volume was decreased in concentric remodelling (p<0.001) and increased in eccentric 

hypertrophy (p<0.001). Sphericity was decreased in concentric remodelling and concentric 

hypertrophy (p<0.01). WT was increased in all three groups (p<0.001). Conicity at ED was 

increased in concentric remodelling (p<0.001). EF was decreased in eccentric hypertrophy 

(p<0.001). LS was decreased in both forms of hypertrophy (p<0.005).   

5.4 Discussion 

The degree and type of remodelling provides important diagnostic information for the 

therapeutic management of disease [29]. Understanding of the relative contributions of 

different LV remodelling indices is therefore useful for characterizing disease effects. However, 

the relative contributions of these indices to overall shape, and relative differences between 

asymptomatic volunteers and MI cases, have not been quantified. In this study, we analysed 

remodelling indices in a systematic fashion using robust mathematical and computational 

approaches and presented incremental data in understanding of LV remodelling due to MI. We 

calculated the global shape changes associated with several common remodelling indices, and 

quantified their influence on overall shape as well as interactions with disease. We found that 

global remodelling indices could be ranked according to relative contribution to LV shape and 

their association to MI. This method can greatly improve visualization and analysis of cardiac 

remodelling. Although we applied this method to common remodelling indices derived from 

the literature, any other remodelling indices can be visualized and analysed in this manner. 
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Volumetric indices had the strongest association with global shape. EF and ESV had the 

strongest association to MI. Higher volume, mass, sphericity at both ED and ES and lower WT, 

EF and LS were also strongly related to the presence of MI.  

Increased ESV [138] was been shown to best predict adverse events after MI, among several 

indices. LV mass was an independent predictor of incident hypertension in a population 

without coronary heart disease [161], and was an independent predictor of adverse events in the 

Framingham Heart Study [33]. LV sphericity was also indicative of adverse outcomes after MI 

[40] . LV hypertrophy has also been associated with an increased risk of cardiovascular events 

in asymptomatic populations. EF and LS are also strongly influenced by the degree of LV 

remodelling  [49]. Prognosis of LV geometric hypertrophy classifications was investigated in 

the Framingham Heart study, which found that subjects with concentric hypertrophy had the 

worst prognosis, followed by those with eccentric hypertrophy, concentric remodelling and 

normal geometry [79].   

Older individuals had smaller, more spherical hearts, which may be a cohort effect rather than a 

change over time. Males had larger, less spherical, thicker ventricles with less apical conicity 

than females. These results are consistent with previous findings of positive associations of sex 

and age with LV volume[46]. In the current study greater BMI, was associated with larger, less 

spherical, thicker and less conical LV shapes. The current study also found that smoking and 

diabetes were significantly associated with LV WT, but not with volume, sphericity or conicity. 

Through the mixed effects model, the interactions between MI and time during the cardiac 

cycle (ED and ES) were detected. Patients tended to have larger, more spherical ventricles with 

less RWT. There was an interation between time frame and MI for WT, sphericity and conicity, 

suggesting that the changes of these characteristics from ED to ES are significantly different 

between patients and controls.  
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Across both cohorts, concentric remodelling and concentric hypertrophy were associated with 

more spherical LV shapes than normal geometry. EF was lower in eccentric hypertrophy 

groups and shows no significant difference between the other two groups and the normal group. 

LS values were smaller in both forms of hypertrophy. 

This study has some limitations. Although we controlled for baseline differences between 

groups, the study is a case-control analysis of data from two different studies and bias and 

confounding factors may still exist. We did not consider ethnicity as a confounding factor in 

the study. The therapeutic information of the MI patients is not considered in the study. Some 

other aspects of MI should be considered in future studies, for example, time to target vessel 

revascularization, age of the infarct, number of vessels with significant stenosis, early therapy, 

valvular disease, etc. Lipids and other biomarkers, which may influence remodelling, were not 

available for the MI cases.  

In conclusion, LV remodelling due to myocardial infarction can be understood in terms of 

relative contributions to global shape. Traditional remodelling indices can be clustered into five 

groups, and ranked according to their relative contribution to overall shape. Shape was most 

affected by volumetric indices, followed by functional indices, and then hypertrophic indices. 

EF as well as ESV, known to be powerful predictors of adverse events, had the greatest 

association with MI. 
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Chapter 6 Left Ventricular Regional Shape and Motion Analysis 

Due to Myocardial Infarction 

Regional wall motion and infarct scoring of MR images are routine clinical tools to evaluate 

the performance of the 17 regions segmented according to the guidelines of the American 

Heart Association (AHA). The performance of wall motion is typically graded subjectively 

using cine MRI into five groups from normal to dyskinetic. However, the shape changes 

associated with these scores have not been quantified in previous studies. We studied the 6 

regions in the mid-ventricular area of left ventricle (LV) of 408 MI cases derived from the 

Defibrillators to Reduce Risk by Magnetic Resonance Imaging Evaluation (DETERMINE) 

study. Surface points from each region were obtained from the LV finite element models.  

Partial least squares regression was performed on the surface points to extract the shape 

features which were best associated with the wall motion classification. Regional surface area, 

regional volume, mass, ejection fraction, wall thickness and central distance were calculated 

from the surface points. The association between these characteristics and the regional wall 

motion abnormality (RWMA) were calculated through multinomial logistic regression 

models. The range of the areas under the ROC curves (AUCs) for the PLS regression were 

0.89-0.92. There were obvious changes in the regional size and wall thickness across the 

normal and abnormal cases from the 5
th

 percentile to the 95
th

 percentile. Larger regional 

volume, surface area and central distance, lower stroke volume, ejection fraction, change of 

area from end diastole to end systole, wall thickness, change of wall thickness and change of 

central distance  associated with higher risk of hypokinetic, akinetic and diskinetic wall 

motion.We observed significant shape changes in the process of regional wall motion 

abnormality. Quantification of those shape changes is helpful for better understanding the 

wall motion abnormality due to myocardial infarction. 
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6.1 Introduction  

Myocardial infarction (MI) leads to left ventricle (LV) shape changes (known as remodelling) 

[99, 125]. The degree and type of remodelling provides important diagnostic information for 

the ischemic heart disease. The LV myocardium is typically partitioned into 17 segments 

according to the recommendation of the American Heart Association (AHA)[117]. The 

performance of LV wall motion for each region is graded subjectively using cine MRI into 

using five grades including normal, mild-hypokinetic, severe hypokinetic, akinetic and 

dyskinetic[48]. However, there can be large discrepancies between observers in the visual 

scoring results because of the subjective nature of the process[168]. Several previous studies 

have focused on automatic detection of regional wall motion abnormalities (RWMA) through 

parametric images to decrease the discrepancy [48, 169]. Support vector machine techniques 

was used to predict the RWMA scores on myocardial infarction cases[170]. A normalized 

framework for the design of feature spaces assessing the left ventricular function was 

proposed[145]. Although high prediction accuracy was reported using these classifiers, it is 

hard to interpret the results clinically, due to their black box nature.  

Visualization and quantification of remodelling has been studied in the LV global level [99, 

123], however, there are few studies on remodelling at the regional level. Feature extraction 

techniques have been widely used in imaging processing to understand the shape differences 

between normal and disease populations [99, 123]. Partial least squares (PLS) regression is a 

useful technique to calculate the explanatory features which can best represent the response 

variable[154, 155].  

In this study, we performed a case-control study on 408 MI cases to detect the shape and 

motion changes in different RWMA groups. Finite Element Models (FEM) of the LV were 

collected from the Cardiac Atlas Project[85]. We found that the regional abnormalities can be 
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well distinguished between normal and abnormal through shape changes using partial least 

square regression method. The PLS shape features are visualized to show the shape changes 

due to motion abnormalities. We also quantified the shape differences from several clinical 

aspects including size represented by surface area, regional volume, regional mass, regional 

ejection fraction (EF) wall thickness and distance to the centre points. The results for the 6 

regions in mid area are reported in the paper.  We found significant changes in those clinical 

shape characteristics.   

6.2 Data and Methods 

6.2.1 CMR Data and Finite Element Model 

We studied the LV shapes of 408 MI cases derived from the Defibrillators to Reduce Risk by 

Magnetic Resonance Imaging Evaluation (DETERMINE) study[86, 171]. For all the cases, 

expert observers performed analysis using guide-point modeling [94] to interactively 

customize a time-varying 3D cardiac finite element model of the LV to MR images using 

custom software (CIM version 6.0, University of Auckland, New Zealand). The model was 

interactively fitted by least-squares optimization to guide points provided by the analyst, as 

well as computer-generated points calculated from the image using an edge detection 

algorithm. Automatic feature tracking was used to track points throughout the cardiac cycle 

using non-rigid registration in both short and long axis images [93]. The model was 

registered to each case using fiducial landmarks defined at the hinge points of the mitral 

valve and the insertions of the right ventricular free wall into the inter-ventricular septum. 

The finite element coordinates were used to provide the atlas coordinates of the LV: each 

point was assumed to be in approximately the same anatomical location in every heart [115]. 

For statistical analysis, the shape models were evenly sampled at sufficient resolution to 

capture all the shape features available. A Procrustes alignment method [116] was applied to 
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the sampled point data to determine similarity transformations between shapes: i.e. isotropic 

scale, translation and rotation. This algorithm finds the optimal scale, rotation matrix and 

translation vector, which minimizes the overall distance between two sets of points with 

respect to the Euclidean norm. 

Each LV model is divided into 17 regions according to the AHA segments[172].  A 

consensus was reached by two expert observers scoring the wall motion for all the cases 

visually, on each of the 17 AHA regions. RWMA was scored into five grades of increasing 

abnormality: (0) normokinetic,(1) mildly hypokinetic, (2) severely hypokinetic, (3) akinetic 

(i.e. no motion) and (4) dyskinetic (i.e. paradoxical outward motion). For the sake of 

simplicity, we focused on the 6 regions in the midventricular area including the mid anterior, 

mid anteroseptal, mid inferoseptal, mid inferior, mid inferolateral, mid anterolateral, because 

wall motion abnormalities are more apparent and there are sufficient number of samples from 

each of five groups in this slice compared to basal and apical slices. 

6.2.2 Surface Sampling 

For each region, the atlas shape models were sampled with a lattice of 12×12 evenly 

distributed points per region for both the endocardial and epicardial surfaces, yielding 288 

points per region, thus facilating the dimensional consistency needed for prediction. These 

points were expressed in rectangular Cartesian atlas coordinates as features for classification. 

The area of each region for endo surface and epi surface was calculated by sum of the 

triangles areas between adjacent surface points. The regional volume was defined as the 

volume between each surface and the LV central axis. The wall thickness was calculated as 

the mean distance between the corresponding points on the epicardial and endocardial 

surfaces joined by a line perpendicular to the midwall surface, averaged over the entire 
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specific region. The central distance was calculated by the average distance of the points to 

the center points obtained by averaging the global shape points.  

6.2.3 Partial Least Squares Regression  

Partial least squares regression (PLS regression) [154, 155] is a statistical method related to 

principal components regression, however, instead of using independent variables derived 

from their ability to explain variance in the predictive variables only, PLS finds independent 

variables by projecting both the predicted variables and the predictor variables to a new space, 

typically with reduced dimension, chosen to maximize the correlation between predicted and 

predictor variables. PLS is used to find the fundamental relations between the predicted and 

predictor variables, i.e. a latent variable approach to modelling the covariance structures in 

these two spaces. PLS maximises the correlation between the target variable and the 

predictive variables. In this paper we used the SIMPLS algorithm as provided by the 

Statistics and Machine Learning Toolbox (MATLAB R2013a, The MathWorks, Inc., Natick, 

Massachusetts, United States). To simplify the multiclass feature extraction process[173], for 

each region, we divided the 408 cases into two groups: the normal group (normokinetic) and 

the abnormal group (mildly hypokinetic, severely hypokinetic, akinetic and dyskinetic cases). 

The dependent variable is the merged wall motions scores (normal group labelled as 0 and 

abnormal group labelled as 1). The independent variables are the 3D coordinates of the 

surface points in a registered LV model coordinate system. Selection of the correct 

dimensionality Ncomp is critical for obtaining PLS models with good predictive ability [157]. 

However, there is currently no golden standard to choose the number of components for PLS. 

Ten-fold cross validation was used to determine the Ncomp of the PLS regression. The 

Ncomp with the best accuracy on testing data was selected to model the whole cases to 

calculate the ROC curve. The shape changes (from 5 percentile to 95 percentile across the 

408 cases) for the each remodelling were plotted in the following way. Firstly, the mean 
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shape vector was calculated for each PLS mode. Secondly, the 95th percentile of the 

predicted value (P95) for each model was obtained. The shape vectors for the 95 percentile 

plot were generated by the mean shape vector + P95 × PLS Coefficients. The 5th percentile 

shape was plotted in the same way. 

6.3 Results 

The ROC curves for the PLS regression on the 6 regions from mid-ventricular are shown in 

Figure 6.1. The range of the areas under the ROC curves (AUCs) is 0.89-0.92.  This indicates 

that the cases with normal wall motion can be well classified from those with abnormal wall 

motion using the regional shape points and PLS regression.  The PLS shape modes which can 

best classify the normal and abnormal are plotted. The PLS modes for the mid anteroseptal 

and 12
th

 region are shown as examples in Figure 6.2 and Figure 6.3. There are certain 

changes in the regional size and wall thickness across the normal and abnormal cases from 

the 5
th

 percentile to the 95
th

 percentile.    
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Figure 6. 1 ROC curves for the PLS regression on the 6 regions 

 

Figure 6.2 Visualization of the PLS modes for the Mid anteroseptal regions  
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Figure 6.3 Visualization of the PLS modes for the 12
th

  regions  

 

Demographics for each region are presented in Table 6.A1(see appendix). The age, gender, 

height, weight, BMI, blood pressure, smoking status and diabetes history are calculated for 

each group per region. There are no significant differences (p<0.05) of those demographic 

characteristics among each RWMA group for each region.  

The regional surface areas, regional volumes, regional mass, regional ejection, regional wall 

thickness and the central distance at both ED and ES  as well as the change of volume (stroke 

volume), change of surface area, change of wall thickness, change of central distance from 

ED to ES for each region are shown in Table 6.1. For the mid anterior region, 189 cases were 

grouped into the normokinetic group, 94 in the mildly hypokinetic group, 46 in akinetic 

group and 3 in dyskinetic group. The regional volume (including EDV and ESV), the 

regional surface area and the central distance increase significantly from normokinetic to the 

akinetic group. EF and wall thickness decrease significantly from normokinetic to akinetic 

group. The stroke volume becomes smaller in severely hypokinetic and akinetic group than in 
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normokinetic and mildly hypokinetic group. The change of surface area, wall thickness and 

central distance decrease significantly from normokinetic to the akinetic group.  

Similar changes were found in the mid anteroseptal, inferoseptal, inferior, inferolateral and 

anterolateral regions, with the volume, surface area and central distance increasing from 

normokinetic to akinetic group, and EF, wall thickness and change of volume, change of 

surface area, change of wall thickness, change of central distance decreasing. Regional mass 

are significantly different in inferior, inferolateral and anterolateral regions. Mass in mildly 

and severely hypokinetic group was bigger than normokinetic group. Mass in akinetic group 

was smaller than in normokinetic group. Fewer dyskinetic cases were detected in the study. 

According to the results in inferolateral region (15 dyskinetic cases), the volume in dyskinetic 

group is bigger than in normokinetic and hypokinetic group and smaller than in akinetic 

group. The stroke volume, EF, mass, wall thickness, central distance, change of surface area, 

change of wall thickness and change of central distance are the smallest in all groups.   
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Table 6.1A Basic shape characteristics for the mid area regions (Anterior & Septum) 

Mid anterior  

 Unit Normokinetic (189) 
Mildly hypokinetic 

(94) 

Severely hypokinetic 

 (76) 

Akinetic 

(46) 

Dyskinetic 

(3) 
P value 

EDV ml 15.86±5.27 19.03±6.61 21.01±6.63 21.56±6.87 22.18±2.19 <.0001 

ESV ml 8.02±3.89 11.15±5.02 14.58±6.36 16.44±6.53 16.89±1.47 <.0001 

Stroke volume ml 7.83±2.39 7.87±2.82 6.44±2.00 5.12±2.11 5.30±1.36 <.0001 

EF % 51.14±11.34 42.59±10.97 32.42±10.88 25.62±12.30 23.74±4.86 <.0001 

Mass g 11.62±3.76 12.54±3.91 12.69±3.79 11.49±3.12 11.94±3.10 0.061 

ED surface area cm2 24.34±4.83 26.76±5.46 27.96±5.27 28.45±5.13 29.95±2.33 <.0001 

ES surface area cm2 18.09±4.57 21.00±5.06 23.70±5.59 24.53±5.34 25.91±1.84 <.0001 

Area change cm2 6.25±1.61 5.77±1.75 4.26±1.54 3.92±1.56 4.04±1.13 <.0001 

ED WT mm 9.26±1.86 9.14±1.79 8.85±1.57 7.98±1.81 7.48±1.54 0.0016 

ES WT mm 16.49±3.02 15.01±2.81 13.13±2.42 10.42±2.92 9.81±3.32 <.0001 

WT Change mm 7.23±2.24 5.87±2.46 4.28±2.06 2.44±1.85 2.33±1.79 <.0001 

ED CD mm 32.20±3.91 34.43±4.45 36.05±4.10 36.11±4.36 35.76±1.80 <.0001 

ES CD mm 26.54±3.86 29.57±4.49 32.26±4.84 34.21±5.21 34.56±2.14 <.0001 

CD Change mm 5.66±2.20 4.86±2.30 3.79±1.92 1.90±2.30 1.21±1.60 <.0001 

Mid anteroseptal  

 Unit 
Normokinetic 

(183) 

Mildly hypokinetic 

(73) 

Severely hypokinetic 

(96) 

Akinetic 

(55) 

Dyskinetic 

(1) 
P value 

EDV ml 9.32±3.05 11.83±3.86 11.61±3.88 14.48±4.72 13.87 <.0001 

ESV ml 5.45±2.31 8.17±3.46 8.68±3.33 11.88±4.49 12.66 <.0001 

Stroke volume ml 3.87±1.47 3.65±1.64 2.93±1.45 2.60±1.47 1.2 <.0001 

EF % 42.48±12.30 32.10±13.81 25.81±10.38 19.04±9.60 8.67 <.0001 

Mass g 9.96±3.08 11.08±2.70 10.26±3.02 9.47±2.70 8.56 0.011 

ED surface area cm2 18.04±3.35 20.23±3.49 20.21±3.98 21.77±3.68 21.45 <.0001 

ES surface area cm2 14.12±3.14 16.88±3.66 17.30±3.83 19.34±3.78 18.95 <.0001 

Area change cm2 3.92±1.19 3.35±1.24 2.91±1.04 2.43±1.02 2.5 <.0001 

ED WT mm 10.79±2.40 10.75±1.78 9.94±2.03 8.62±1.98 7.92 <.0001 

ES WT mm 14.90±3.28 13.68±2.89 11.55±2.73 9.62±2.76 5.83 <.0001 

WT Change mm 4.11±2.44 2.93±2.48 1.60±1.99 1.00±1.65 -2.09 <.0001 

ED CD mm 27.62±3.63 30.15±3.96 29.67±4.18 32.80±4.00 32.5 <.0001 

ES CD mm 24.10±3.43 27.28±4.49 27.71±4.24 31.56±4.52 34.61 <.0001 

CD Change mm 3.52±2.57 2.87±2.49 1.96±2.03 1.24±1.68 -2.11 <.0001 

Mid inferoseptal  

 Unit 
Normokinetic 

(200) 

Mildly hypokinetic 

(115) 

Severely hypokinetic 

(82) 

Akinetic 

(9) 

Dyskinetic 

(2) 
P value 

EDV ml 7.96±2.70 9.60±2.78 10.64±3.28 12.68±2.11 11.49±1.49 <.0001 

ESV ml 4.56±1.98 6.48±2.32 8.36±2.99 11.22±2.87 9.59±2.56 <.0001 

Stroke volume ml 3.41±1.33 3.12±1.30 2.28±1.14 1.45±1.06 1.89±1.08 <.0001 

EF % 43.62±12.42 32.92±10.67 21.97±10.54 12.76±11.70 17.24±11.60 <.0001 

Mass g 9.94±2.98 10.39±2.89 10.35±2.82 10.01±2.67 7.00±1.12 0.1338 

ED surface area cm2 17.61±3.40 18.87±3.21 19.54±3.16 20.65±2.58 18.77±2.31 <.0001 

ES surface area cm2 13.84±3.22 15.67±3.08 17.03±3.22 18.53±3.39 16.33±2.79 <.0001 

Area change cm2 3.77±1.13 3.19±1.02 2.51±0.98 2.11±0.96 2.44±0.48 <.0001 

ED WT mm 11.01±2.40 10.69±1.90 10.37±2.04 9.57±2.12 7.28±0.05 0.0248 

ES WT mm 14.67±3.12 12.97±2.79 11.36±2.73 9.11±3.56 7.12±2.29 <.0001 

WT Change mm 3.67±2.27 2.28±2.12 0.98±1.93 -0.46±2.01 -0.16±2.35 <.0001 

ED CD mm 25.25±3.30 27.68±3.20 28.78±3.52 31.76±1.34 30.94±0.45 <.0001 

ES CD mm 21.11±3.17 24.31±3.63 26.87±3.59 31.56±2.34 32.15±0.64 <.0001 

CD Change mm 4.15±2.62 3.36±2.34 1.91±1.93 0.21±1.67 -1.21±0.19 <.0001 

Note: area change=ED surface area- ES surface area; WT change= ES wall thickness- ED wall 

thickness; CD change=ED central distance –ES central distance. 
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Table 6.1B Basic shape characteristics for the mid area regions (Inferior & Lateral) 

Mid inferior  

 

Unit Normokinetic 

(160) 

Mildly hypokinetic 

(72) 

Severely hypokinetic 

(85) 

Akinetic 

(84) 

Dyskinetic 

(7) 
P value 

EDV ml 10.18±2.87 12.83±3.92 12.95±3.76 14.35±3.89 12.71±3.69 <.0001 

ESV ml 4.79±2.07 7.43±3.18 8.41±3.43 10.56±3.69 9.67±3.25 <.0001 

Stroke volume ml 5.39±1.53 5.40±1.69 4.54±1.70 3.79±1.63 3.04±1.24 <.0001 

EF % 54.06±10.86 43.74±12.44 36.34±12.42 27.11±11.32 24.69±8.99 <.0001 

Mass g 10.74±3.15 11.84±3.36 11.77±3.74 10.91±2.88 9.37±1.44 0.0249 

ED surface area cm2 21.53±3.28 24.09±3.84 23.98±4.44 25.18±3.89 22.98±4.36 <.0001 

ES surface area cm2 16.02±3.29 19.12±3.97 19.49±4.69 20.95±4.07 19.31±3.61 <.0001 

Area change cm2 5.51±1.26 4.97±1.42 4.49±1.69 4.23±1.43 3.67±0.96 <.0001 

ED WT mm 9.60±1.90 9.43±1.86 9.40±1.90 8.34±1.39 8.04±0.50 <.0001 

ES WT mm 15.54±2.74 14.17±3.08 12.73±2.55 9.76±2.36 8.35±1.29 <.0001 

WT Change mm 5.94±2.03 4.74±1.94 3.33±2.02 1.42±1.91 0.31±1.18 <.0001 

ED CD mm 26.58±3.11 29.01±3.54 29.29±3.25 30.29±2.99 29.98±3.08 <.0001 

ES CD mm 19.68±2.84 22.81±3.83 25.01±3.38 27.54±3.61 28.50±3.44 <.0001 

CD Change mm 6.89±2.24 6.20±2.03 4.29±2.15 2.75±2.21 1.49±1.81 <.0001 

Mid inferolateral  

 

Unit Normokinetic 

(205) 

Mildly hypokinetic 

(70) 

Severely hypokinetic 

(66) 

Akinetic 

(52) 

Dyskinetic 

(15) 
P value 

EDV ml 12.43±3.33 15.16±4.42 14.66±4.09 16.42±4.00 14.66±2.83 <.0001 

ESV ml 5.25±2.48 8.16±3.42 8.75±3.63 11.12±3.62 10.65±2.85 <.0001 

Stroke volume ml 7.18±1.75 7.00±2.29 5.91±1.86 5.30±1.51 4.01±1.03 <.0001 

EF % 59.24±11.52 47.52±12.29 41.63±12.97 33.12±9.18 28.39±9.03 <.0001 

Mass g 9.98±2.97 11.10±3.30 10.71±2.89 9.55±2.14 7.49±2.14 0.0001 

ED surface area cm2 22.69±3.84 25.40±4.74 24.78±4.35 25.99±3.79 23.87±3.41 <.0001 

ES surface area cm2 16.39±3.69 19.64±4.64 19.55±4.49 20.93±3.85 19.86±3.69 <.0001 

Area change cm2 6.30±1.47 5.77±1.73 5.24±1.65 5.06±1.31 4.01±1.12 <.0001 

ED WT mm 8.52±1.61 8.48±1.64 8.39±1.37 7.26±1.18 6.25±1.23 <.0001 

ES WT mm 16.81±3.12 14.80±3.11 13.35±2.97 10.34±2.20 8.13±1.69 <.0001 

WT Change mm 8.29±2.47 6.32±2.49 4.96±2.50 3.08±1.77 1.87±1.52 <.0001 

ED CD mm 29.59±3.09 31.76±3.27 31.61±3.12 32.84±3.15 31.92±2.72 <.0001 

ES CD mm 21.23±3.55 25.09±3.38 26.17±3.24 29.37±3.67 29.76±3.01 <.0001 

CD Change mm 8.36±2.46 6.67±2.48 5.44±2.27 3.47±2.25 2.17±1.90 <.0001 

Mid anterolateral  

 

Unit Normokinetic 

(262) 

Mildly hypokinetic 

(85) 

Severely hypokinetic 

(45) 

Akinetic 

(16) 

Dyskinetic 

(0) 
P value 

EDV ml 14.91±4.56 18.12±4.95 18.27±4.55 18.63±5.50 

 

<.0001 

ESV ml 6.53±3.28 10.42±4.16 11.51±4.38 12.22±4.49 

 

<.0001 

Stroke volume ml 8.38±2.35 7.70±2.30 6.76±2.16 6.42±2.26 

 

<.0001 

EF % 57.74±11.54 43.80±11.38 38.61±13.15 35.32±11.04 

 

<.0001 

Mass g 11.02±3.40 11.83±3.59 11.95±2.54 9.73±2.65 

 

0.0075 

ED surface area cm2 23.98±4.49 26.96±4.90 27.11±4.02 25.76±4.91 

 

<.0001 

ES surface area cm2 17.39±4.30 21.22±4.75 22.24±4.43 20.68±4.75 

 

<.0001 

Area change cm2 6.59±1.64 5.73±1.63 4.88±1.63 5.08±1.69 

 

<.0001 

ED WT mm 8.92±1.68 8.53±1.63 8.63±1.28 7.40±1.29 

 

0.0025 

ES WT mm 17.75±3.40 14.78±2.36 14.01±2.78 12.07±2.73 

 

<.0001 

WT Change mm 8.83±2.74 6.25±2.21 5.38±2.52 4.67±1.89 

 

<.0001 

ED CD mm 32.02±3.65 34.11±3.52 34.34±3.30 35.19±3.71 

 

<.0001 

ES CD mm 24.47±3.90 28.47±3.88 29.50±4.02 31.96±3.74 

 

<.0001 

CD Change mm 7.55±2.61 5.64±2.44 4.85±2.29 3.23±2.05 

 

<.0001 
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Table 6.2A Association among the shape indices with RWMA using multi normial logstic regression 

(Anterior & Septum) 

  

Mid anterior 

 

Mid anteroseptal 

 

Mid inferoseptal 

Parameters Variables OR 95% CI 

 

OR 95% CI 

 

OR 95% CI 

EDV Mildly hypokinetic 1.121 1.068 1.176 

 

1.271 1.164 1.388 

 

1.279 1.163 1.406 

EDV Severely hypokinetic 1.169 1.110 1.232 

 

1.244 1.147 1.349 

 

1.450 1.302 1.615 

EDV Akinetic 1.189 1.121 1.261 

 

1.475 1.336 1.628 

 

1.722 1.371 2.164 

ESV Mildly hypokinetic 1.201 1.127 1.280 

 

1.481 1.321 1.662 

 

1.576 1.383 1.795 

ESV Severely hypokinetic 1.337 1.247 1.434 

 

1.542 1.381 1.722 

 

2.101 1.798 2.456 

ESV Akinetic 1.409 1.302 1.523 

 

1.913 1.677 2.182 

 

2.817 2.126 3.731 

Stroke volume Mildly hypokinetic 1.011 0.912 1.121 

 

0.900 0.748 1.083 

 

0.843 0.698 1.016 

Stroke volume Severely hypokinetic 0.735 0.641 0.844 

 

0.637 0.529 0.768 

 

0.436 0.337 0.565 

Stroke volume Akinetic 0.513 0.416 0.632 

 

0.506 0.397 0.645 

 

0.182 0.086 0.386 

EF Mildly hypokinetic 0.937 0.915 0.959 

 

0.931 0.908 0.954 

 

0.924 0.903 0.946 

EF Severely hypokinetic 0.868 0.840 0.896 

 

0.889 0.865 0.914 

 

0.841 0.811 0.871 

EF Akinetic 0.815 0.779 0.851 

 

0.837 0.806 0.869 

 

0.766 0.706 0.831 

Mass Mildly hypokinetic 1.099 1.017 1.187 

 

1.161 1.047 1.287 

 

1.047 0.957 1.145 

Mass Severely hypokinetic 1.121 1.030 1.219 

 

1.046 0.949 1.153 

 

1.073 0.971 1.185 

Mass Akinetic 1.003 0.900 1.118 

 

0.940 0.828 1.067 

 

0.980 0.757 1.269 

ED surface area Mildly hypokinetic 1.130 1.067 1.196 

 

1.236 1.131 1.351 

 

1.152 1.064 1.248 

ED surface area Severely hypokinetic 1.182 1.110 1.259 

 

1.230 1.133 1.334 

 

1.238 1.132 1.354 

ED surface area Akinetic 1.209 1.124 1.300 

 

1.384 1.252 1.530 

 

1.309 1.065 1.608 

ES surface area Mildly hypokinetic 1.162 1.095 1.232 

 

1.318 1.201 1.446 

 

1.228 1.131 1.332 

ES surface area Severely hypokinetic 1.293 1.208 1.383 

 

1.357 1.244 1.481 

 

1.418 1.287 1.561 

ES surface area Akinetic 1.335 1.235 1.443 

 

1.576 1.414 1.757 

 

1.573 1.257 1.969 

Area change Mildly hypokinetic 0.839 0.718 0.979 

 

0.638 0.496 0.820 

 

0.600 0.473 0.762 

Area change Severely hypokinetic 0.447 0.362 0.552 

 

0.443 0.343 0.573 

 

0.271 0.194 0.378 

Area change Akinetic 0.383 0.295 0.498 

 

0.279 0.197 0.394 

 

0.137 0.057 0.332 

ED WT Mildly hypokinetic 0.963 0.828 1.119 

 

0.986 0.863 1.127 

 

0.887 0.788 0.998 

ED WT Severely hypokinetic 0.897 0.755 1.067 

 

0.792 0.688 0.912 

 

0.860 0.748 0.989 

ED WT Akinetic 0.580 0.452 0.744 

 

0.513 0.414 0.636 

 

0.645 0.423 0.982 

ES WT Mildly hypokinetic 0.814 0.736 0.900 

 

0.874 0.795 0.962 

 

0.795 0.728 0.869 

ES WT Severely hypokinetic 0.615 0.537 0.703 

 

0.671 0.603 0.746 

 

0.654 0.585 0.732 

ES WT Akinetic 0.383 0.311 0.472 

 

0.509 0.436 0.593 

 

0.467 0.349 0.625 

WT Change Mildly hypokinetic 0.768 0.683 0.863 

 

0.809 0.716 0.914 

 

0.740 0.659 0.832 

WT Change Severely hypokinetic 0.548 0.468 0.641 

 

0.610 0.534 0.698 

 

0.538 0.461 0.628 

WT Change Akinetic 0.313 0.241 0.406 

 

0.507 0.424 0.606 

 

0.340 0.228 0.508 

ED CD Mildly hypokinetic 1.168 1.091 1.251 

 

1.222 1.128 1.324 

 

1.277 1.177 1.386 

ED CD Severely hypokinetic 1.275 1.179 1.378 

 

1.173 1.091 1.260 

 

1.442 1.307 1.590 

ED CD Akinetic 1.294 1.182 1.417 

 

1.443 1.310 1.589 

 

1.940 1.512 2.489 

ES CD Mildly hypokinetic 1.204 1.127 1.285 

 

1.266 1.170 1.371 

 

1.346 1.239 1.463 

ES CD Severely hypokinetic 1.346 1.250 1.450 

 

1.291 1.198 1.391 

 

1.685 1.512 1.877 

ES CD Akinetic 1.483 1.353 1.626 

 

1.575 1.429 1.736 

 

2.660 1.971 3.590 

CD Change Mildly hypokinetic 0.844 0.751 0.948 

 

0.881 0.781 0.995 

 

0.868 0.783 0.961 

CD Change Severely hypokinetic 0.668 0.582 0.767 

 

0.742 0.659 0.834 

 

0.647 0.567 0.737 

CD Change Akinetic 0.419 0.337 0.520 

 

0.610 0.520 0.716 

 

0.378 0.251 0.568 
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Table 6.2B Association among the shape indices with RWMA using multi normial logstic regression 

(Inferior & Lateral) 

  

Mid inferior 

 

Mid inferolateral 

 

Mid anterolateral  

Parameters Variables OR 95% CI 

 

OR 95% CI 

 

OR 95% CI 

EDV Mildly hypokinetic 1.295 1.178 1.423 

 

1.238 1.140 1.344 

 

1.177 1.109 1.250 

EDV Severely hypokinetic 1.329 1.213 1.457 

 

1.227 1.128 1.335 

 

1.198 1.111 1.291 

EDV Akinetic 1.477 1.342 1.627 

 

1.367 1.246 1.500 

 

1.287 1.143 1.449 

EDV Dyskinetic 1.239 0.994 1.545 

 

1.219 1.052 1.413 

    ESV Mildly hypokinetic 1.533 1.347 1.745 

 

1.452 1.300 1.621 

 

1.346 1.245 1.456 

ESV Severely hypokinetic 1.733 1.521 1.975 

 

1.572 1.400 1.765 

 

1.440 1.308 1.584 

ESV Akinetic 2.089 1.813 2.408 

 

1.915 1.673 2.191 

 

1.565 1.363 1.796 

ESV Dyskinetic 1.869 1.468 2.380 

 

1.838 1.540 2.194 

    Stroke volume Mildly hypokinetic 0.997 0.840 1.184 

 

0.929 0.797 1.083 

 

0.855 0.760 0.963 

Stroke volume Severely hypokinetic 0.711 0.595 0.850 

 

0.674 0.564 0.804 

 

0.686 0.579 0.814 

Stroke volume Akinetic 0.511 0.417 0.627 

 

0.493 0.394 0.618 

 

0.662 0.500 0.876 

Stroke volume Dyskinetic 0.243 0.116 0.507 

 

0.218 0.127 0.376 

    EF Mildly hypokinetic 0.927 0.902 0.952 

 

0.920 0.896 0.945 

 

0.906 0.884 0.929 

EF Severely hypokinetic 0.878 0.852 0.905 

 

0.884 0.857 0.911 

 

0.872 0.842 0.903 

EF Akinetic 0.823 0.793 0.853 

 

0.810 0.774 0.847 

 

0.841 0.796 0.889 

EF Dyskinetic 0.793 0.730 0.861 

 

0.766 0.711 0.826 

    Mass Mildly hypokinetic 1.105 1.002 1.219 

 

1.128 1.017 1.252 

 

1.079 0.991 1.174 

Mass Severely hypokinetic 1.144 1.042 1.256 

 

1.139 1.023 1.268 

 

1.135 1.018 1.264 

Mass Akinetic 1.015 0.921 1.119 

 

0.946 0.827 1.082 

 

0.927 0.740 1.160 

Mass Dyskinetic 0.734 0.529 1.018 

 

0.550 0.402 0.752 

    ED surface area Mildly hypokinetic 1.225 1.123 1.336 

 

1.202 1.112 1.299 

 

1.181 1.108 1.259 

ED surface area Severely hypokinetic 1.254 1.154 1.364 

 

1.198 1.106 1.297 

 

1.215 1.120 1.318 

ED surface area Akinetic 1.368 1.253 1.494 

 

1.287 1.178 1.406 

 

1.195 1.051 1.360 

ED surface area Dyskinetic 1.070 0.857 1.338 

 

1.109 0.957 1.286 

    ES surface area Mildly hypokinetic 1.260 1.157 1.372 

 

1.241 1.149 1.341 

 

1.238 1.159 1.322 

ES surface area Severely hypokinetic 1.327 1.221 1.442 

 

1.272 1.174 1.379 

 

1.323 1.217 1.440 

ES surface area Akinetic 1.451 1.328 1.585 

 

1.385 1.265 1.517 

 

1.289 1.138 1.461 

ES surface area Dyskinetic 1.241 1.014 1.520 

 

1.292 1.123 1.487 

    Area change Mildly hypokinetic 0.753 0.610 0.928 

 

0.766 0.632 0.928 

 

0.701 0.594 0.826 

Area change Severely hypokinetic 0.595 0.485 0.731 

 

0.625 0.509 0.767 

 

0.491 0.387 0.622 

Area change Akinetic 0.522 0.422 0.646 

 

0.555 0.441 0.698 

 

0.548 0.382 0.787 

Area change Dyskinetic 0.300 0.155 0.581 

 

0.308 0.194 0.490 

    ED WT Mildly hypokinetic 0.904 0.763 1.071 

 

0.893 0.732 1.089 

 

0.791 0.658 0.950 

ED WT Severely hypokinetic 0.936 0.799 1.096 

 

0.945 0.773 1.155 

 

0.904 0.719 1.136 

ED WT Akinetic 0.553 0.448 0.682 

 

0.429 0.314 0.586 

 

0.428 0.252 0.725 

ED WT Dyskinetic 0.427 0.233 0.781 

 

0.163 0.085 0.313 

    ES WT Mildly hypokinetic 0.809 0.724 0.905 

 

0.773 0.698 0.856 

 

0.682 0.611 0.760 

ES WT Severely hypokinetic 0.660 0.585 0.745 

 

0.662 0.588 0.746 

 

0.620 0.535 0.718 

ES WT Akinetic 0.373 0.308 0.453 

 

0.340 0.267 0.434 

 

0.443 0.333 0.589 

ES WT Dyskinetic 0.240 0.146 0.395 

 

0.172 0.105 0.283 

    WT Change Mildly hypokinetic 0.743 0.639 0.865 

 

0.708 0.623 0.804 

 

0.653 0.577 0.738 

WT Change Severely hypokinetic 0.504 0.424 0.600 

 

0.552 0.473 0.644 

 

0.548 0.460 0.652 

WT Change Akinetic 0.292 0.231 0.369 

 

0.289 0.220 0.380 

 

0.465 0.347 0.623 

WT Change Dyskinetic 0.146 0.072 0.296 

 

0.179 0.111 0.289 

    ED CD Mildly hypokinetic 1.283 1.164 1.415 

 

1.262 1.144 1.393 

 

1.203 1.112 1.303 

ED CD Severely hypokinetic 1.331 1.211 1.464 

 

1.269 1.149 1.403 

 

1.239 1.119 1.373 

ED CD Akinetic 1.479 1.336 1.637 

 

1.437 1.282 1.611 

 

1.439 1.211 1.710 

ED CD Dyskinetic 1.368 1.075 1.741 

 

1.312 1.096 1.570 

    ES CD Mildly hypokinetic 1.339 1.215 1.475 

 

1.359 1.239 1.490 

 

1.298 1.207 1.396 

ES CD Severely hypokinetic 1.604 1.442 1.784 

 

1.493 1.349 1.652 

 

1.386 1.262 1.521 

ES CD Akinetic 2.014 1.771 2.291 

 

1.993 1.732 2.294 

 

1.715 1.443 2.038 

ES CD Dyskinetic 2.102 1.653 2.673 

 

2.042 1.682 2.479 

    CD Change Mildly hypokinetic 0.844 0.732 0.972 

 

0.743 0.656 0.842 

 

0.735 0.659 0.820 

CD Change Severely hypokinetic 0.542 0.461 0.637 

 

0.598 0.517 0.691 

 

0.644 0.556 0.745 

CD Change Akinetic 0.389 0.322 0.472 

 

0.389 0.317 0.477 

 

0.473 0.357 0.628 
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CD Change Dyskinetic 0.258 0.164 0.407 

 

0.291 0.207 0.409 

     

Multinomial logistic regression each index in the 6 regions was also performed (Table 6.2). 

Variables including age, gender BMI, SBP, smoking status and diabetes history were 

adjusted in the model. The odds ratios (OR) and the 95% confidential intervals for each index 

are given in Table 6.2. Shape indices were significantly associated with the RWMA in each 

of the regions.  Take the mid inferolateral region as an example, bigger volume, surface area 

and central distance were associated with higher risk of wall motion abnormality (OR>1, 

p<0.05). Lower stroke volume, EF, change of area, wall thickness, change of wall thickness 

and change of central distance were associated with higher risk of wall motion abnormality 

(OR<1, p<0.05). Large mass were associated with higher risk of mildly hypokinetic (OR: 

1.017-1.252) and severely hypokinetic (OR: 1.023-1.268). Lower mass are associated with 

higher risk of dyskinetic (OR: 0.402-0.752). The association between mass and akinetic are 

not significant in all the 6 regions, with OR CI overlap OR=1.    

6.4 Discussion 

Myocardial infarction leads to significant myocardial shape changes due to cardiac 

remodelling. Atlas-based analysis of LV remodelling on a global level has previously been 

performed using large data MRI sets [99]. On the global LV level the analysis framework 

consists of three steps: 1) fitting a finite element model to the LV MR images, (2) feature 

extraction of the aligned shape parameters, and (3) quantification of the association between 

the features and disease. In the current study, we performed a similar methodological 

approach at the regional level on 408 myocardial infarction cases. The LV was segmented 

into 17 regions according to the AHA recommendation. All the regions were graded into 5 

groups by expert observers according to their regional wall motion abnormality.  
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Partial least squares regression was performed on the surface points to extract the features 

which can best classify the cases with normal regional wall motion from those with abnormal 

regional wall motion. The ROC curves have shown that the PLS model can effectively 

extract the shape features of relative wall motion abnormalities. The features changes from 

the 5
th

 percentile to 95
th

 percentiles are plotted in Figure 6.2. In the LV global shape analysis, 

the features can be clearly explained, for example, the volume becomes bigger and the wall 

thickness is thinner in MI cases than the normal groups. The regional shape features are not 

as easily explained as the global shapes from the plot, however, the change of size and wall 

thickness are obviously visualized. 

We calculated regional clinical indices to measure the regional LV shape changes including 

regional LV volume, mass, ejection fraction, surface area, wall thickness and central distance, 

as well as the changes of these indices between ED and ES. The distributions of those 

regional LV clinical indices as well as their association with different RWMA types are 

presented. We found that most of these characteristics are significantly different in different 

RWMA groups. The changes of these shape indices are strongly associated with RWMA. We 

found that bigger volume, surface area and central distance, lower stroke volume, EF, change 

of area from ED to ES, wall thickness, change of wall thickness and change of central 

distance are associated with higher risk of hypokinetic, akinetic and diskinetic wall motion. 

Large mass are associated with higher risk hypokinetic and lower mass are associated with 

higher risk of dyskinetic wall motion.  

Several groups have previously demonstrated the importance of relationships between EF and 

ES volume in the discrimination between patient groups. White et al [138]  found two distinct 

regression lines for MI patient groups with different prognosis. Kerkhof et al [146] extended 

this concept to plot ES volume against ED volume (each indexed by body surface area, ESVI 

& EDVI), showing discrimination between patients with preserved and reduced EF. The 
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relations between regional ESVI to regional EDVI are shown in Figure 6.4. The slope of each 

linear model increases from normokinetic to akinetic group. The regional EF was reduced 

due to regional wall motion abnormalities.  

Limitations of the research should be acknowledged. The number of cases with dyskinetic is 

not enough. The conclusion arrived for dyskinetic wall motion abnormality need to be re-

confirmed in future studies including more dyskinetic cases. The current study focused on the 

shape changes of LV middle area. Further exploration need to be done to compute the 

association regional shape changes and RWMA in the basal and apical area. Furthermore, 

this study identified each region as independent without considering the influence of the 

infarction of the adjacent and remote regions. The shape and wall motion changes in infarct 

regions can be affected by adjacent and remote regions. Further exploration need to be done 

to compute the interaction of RWMA in different areas.  
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Figure 6.4 Graph of Regional ESVI versus Regional EDVI with linear regression lines for 

different groups 
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6.5 Appendix  

Table 6.A1 Demographics for the each region (mean±std, Gender is the male percentage) 

 Variables Unit Normokinetic Mildly hypokinetic Severely hypokinetic Akinetic Dyskinetic P value 

Mid  Age Year 63.25±10.64 63.52±10.42 58.21±12.18 61.30±11.38 62.33±11.59 0.0102 

anterior Height cm 173.45±9.93 172.08±9.56 173.19±10.03 175.21±9.14 170.18±2.54 0.3069 

 Weight kg 90.05±20.22 89.41±17.30 89.58±18.53 87.74±19.56 86.38±19.75 0.9605 

 BMI  29.83±6.23 30.16±5.25 29.75±5.18 28.46±5.45 29.85±6.94 0.4247 

 SBP mmHg 129.03±18.43 129.43±24.28 124.78±20.59 121.50±14.08 124 0.2599 

 DBP mmHg 73.66±10.73 73.71±11.94 72.04±10.85 73.17±8.75 70 0.8928 

 
Gender 

% 
78.84 74.47 76.32 84.78 100 0.562 

 
Smoking 

% 
89.3 90.43 84.21 89.13 66.67 0.5189 

 
Diabetes 

% 
35.64 36.17 40.79 39.13 33.33 0.9451 

Mid  Age Year 62.67±10.49 62.16±11.51 62.79±11.43 58.91±11.54 82 0.0712 

anteroseptal Height cm 173.01±9.58 173.18±9.53 173.03±10.46 174.41±9.48 182.88 0.7032 

 Weight kg 90.32±20.68 89.71±17.79 88.59±17.22 88.51±19.00 77.11 0.8902 

 BMI  29.96±5.93 30.01±6.05 29.62±5.50 28.95±5.06 23.06 0.5536 

 SBP mmHg 127.57±19.30 131.95±22.58 127.00±21.58 122.82±14.97 

 

0.1806 

 DBP mmHg 73.36±11.01 75.16±12.48 71.97±10.14 73.08±8.70 

 

0.4279 

 
Gender 

% 
79.78 75.34 76.04 80 100 0.8676 

 
Smoking 

% 
85.64 95.89 90.63 83.64 100 0.1273 

 
Diabetes 

% 
33.52 35.62 44.79 36.36 100 0.2662 

Mid  Age Year 62.02±11.13 62.94±10.87 61.61±11.31 56.78±10.67 76.00±8.49 0.198 

inferoseptal Height cm 172.67±9.61 173.66±9.83 173.41±10.10 178.08±8.75 180.34±3.59 0.4007 

 Weight kg 89.57±20.34 91.24±17.69 86.96±18.88 91.47±9.82 83.69±9.30 0.615 

 BMI  29.90±6.19 30.26±5.25 28.80±5.34 28.97±4.00 25.80±3.89 0.2998 

 SBP mmHg 126.08±19.66 131.57±21.41 125.81±18.87 125.33±13.08 173 0.0401 

 DBP mmHg 72.39±10.31 74.24±11.91 73.39±10.68 81.17±6.18 89 0.1376 

 
Gender 

% 
77.5 80 76.83 77.78 100 0.921 

 
Smoking 

% 
88.94 86.09 91.36 88.89 50 0.3753 

 
Diabetes 

% 
35 37.39 39.51 55.56 50 0.7285 

Mid  Age Year 61.13±11.15 61.03±11.27 63.96±11.13 63.40±11.03 59.86±6.09 0.2214 

inferior Height cm 172.71±9.62 175.01±9.48 172.89±9.89 172.77±10.33 178.52±2.11 0.3628 

 Weight kg 89.70±18.75 91.14±19.02 87.68±19.58 89.19±19.67 95.52±18.66 0.7315 

 BMI  29.96±5.43 29.73±6.24 29.15±5.53 29.89±6.17 29.89±5.20 0.8658 

 SBP mmHg 126.03±20.31 130.16±21.21 125.68±20.01 130.53±18.80 127.80±23.09 0.4561 

 DBP mmHg 71.75±9.86 74.44±10.03 73.08±11.43 75.43±12.12 75.00±13.45 0.2106 

 
Gender 

% 
75.63 81.94 80 76.19 100 0.4741 

 
Smoking 

% 
91.25 84.51 89.41 84.34 100 0.3235 

 
Diabetes 

% 
32.5 45.83 34.12 40.96 42.86 0.313 

Mid  Age Year 60.73±11.14 64.53±10.81 63.55±10.82 62.52±11.59 63.07±10.08 0.0995 

inferolateral Height cm 172.72±9.78 175.75±10.25 173.77±9.79 171.79±8.03 171.57±11.15 0.1103 

 Weight kg 89.34±18.99 93.99±20.31 89.95±17.01 84.18±16.73 87.95±27.52 0.0894 

 BMI  29.88±5.88 30.34±5.80 29.76±5.11 28.32±5.03 29.59±8.00 0.329 

 SBP mmHg 127.21±19.55 128.15±21.17 131.75±20.10 124.49±21.38 126.38±18.38 0.5237 

 DBP mmHg 72.70±9.84 73.68±10.74 76.21±11.60 72.36±12.72 72.00±13.24 0.3443 

 
Gender 

% 
76.59 85.71 69.7 84.62 80 0.1519 

 
Smoking 

% 
89.76 88.57 87.88 88 73.33 0.4449 

 
Diabetes 

% 
32.68 48.57 42.42 33.33 33.33 0.1432 

Mid  Age Year 62.34±10.89 62.94±12.09 60.49±10.74 59.56±10.49 

 

0.4991 

anterolateral Height cm 172.93±10.26 174.01±9.30 174.67±7.54 170.68±8.76 

 

0.5604 

 Weight kg 90.64±19.54 88.76±18.90 88.13±17.26 79.35±15.91 

 

0.1215 

 BMI  30.22±5.95 29.21±5.31 28.91±5.51 27.04±3.76 

 

0.0475 

 SBP mmHg 127.55±20.07 130.61±18.85 124.58±17.31 122.45±32.63 

 

0.4199 

 DBP mmHg 72.63±10.36 74.92±11.08 74.09±10.15 75.82±18.64 

 

0.4089 

 
Gender 

% 
75.95 84.71 80 75  0.3816 

 
Smoking 

% 
89.23 89.41 86.67 75  0.362 

 
Diabetes 

% 
36.4 43.53 37.78 12.5  0.1261 



Chapter 7 Conclusions and Future work 

126 

 

Chapter 7 Conclusions and Future Work 

In the next sections, a list of the specific contributions and conclusions made in each chapter 

is presented, followed by an itemisation of software tools developed, a discussion of future 

work, concluding statements and a list of publications which stemmed from or are in 

preparation from this work. 

7.1 Contributions 

Chapter 1 presented the background and context of this piece of research. A literature review 

on the ventricle remodelling was provided. The LV Finite Element model and different 

feature extraction techniques were discussed. The data and modelling tools used in this thesis 

were introduced.  

In Chapter 2 we presented a novel analysis framework for characterizing remodelling after 

myocardial infarction, using LV shape descriptors derived from atlas-based shape models. 

Cardiac magnetic resonance images from 300 patients with myocardial infarction and 1991 

asymptomatic volunteers were obtained from the Cardiac Atlas Project. Finite element 

models were customized to the spatio-temporal shape and function of each case using guide-

point modeling.  Principal component analysis was applied to the shape models to derive 

modes of shape variation across all cases. A logistic regression analysis was performed to 

determine the modes of shape variation most associated with myocardial infarction. Our 

framework quantitatively characterized remodelling features associated with myocardial 

infarction, better than current measures. These features enable quantification of the amount of 

remodelling, the progression of disease over time, and the effect of treatments designed to 

reverse remodelling effects. 

In Chapter 3, we showed that information maximizing component analysis (IMCA), a 

supervised feature extraction method, can provide more efficient and sensitive indices of 
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overall remodelling. IMCA was compared to linear discriminant analysis (LDA), another 

supervised feature extraction method, to extract the most discriminatory global shape changes 

associated with remodelling after MI. This mode provided a continuous scale where 

remodelling can be quantified and visualized, showing that MI patients tend to present larger 

size and more spherical shape, more bulging of the apex, and thinner wall thickness. We 

found that IMCA enables better characterization of global remodelling than LDA, and can be 

used to quantify progression of disease and the effect of treatment. 

In Chapter 4, we developed a novel method for deriving orthogonal shape decompositions 

directly from any set of clinical indices. Clinical remodelling indices of LV size, sphericity, 

wall thickness, ejection fraction, apical conicity and longitudinal shortening were calculated. 

Each index was regressed against shape parameters derived from the surface sampling of LV 

finite element models using partial least squares regression. The regression coefficients were 

back-projected on the shape parameters to generate the shape component best describing a 

particular clinical index. This component was then was removed mathematically from the 

shape space, using a Gram–Schmidt procedure. Modes were successively removed in order of 

shape variance explained.  

In Chapter 5, we studied 13 traditional LV remodelling indices based on a case-control study 

on 408 MI patients from the DETERMINE study and 1991 asymptomatic subjects from the 

MESA study. The thirteen remodelling indices were clustered into five groups: volumetric 

(end-diastolic volume, end systolic volume, mass), hypertrophic (wall thickness, mass to 

volume ratio, relative wall thickness), ratiometric (sphericity, apical conicity), and functional 

(ejection fraction, longitudinal shortening). Volumetric indices had the greatest influence on 

shape, followed by functional indices, then hypertrophic indices. Ejection fraction and end-

systolic volume had the strongest association with MI. We found that global remodelling 

indices could be clustered and ranked according to their associations with global shape and 
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MI. Shape was most affected by volumetric indices, and end-systolic volume and ejection 

fraction had the strongest association with MI.  

In Chapter 6, we studied regional LV shape changes due to myocardial infarction. We studied 

the LV shapes of 408 MI cases derived from the Defibrillators to Reduce Risk by Magnetic 

Resonance Imaging Evaluation study. Partial least square regression was performed on the 

surface points to extract the features which can best classify the normal from the abnormal 

cases. Surface area, wall thickness and central distance have been calculated from the surface 

points. The association between these characteristics and the RWMA are calculated through 

multinomial logistic regression models. Significant shape changes in the process of regional 

wall motion abnormality process due to myocardial infarction. Quantification of those shape 

changes is helpful in MI diagnostics and patient management. 

Each method studied in this thesis has distinct merits and its own disadvantages, which must 

be taken into account before implementation in clinical practice. The advantages of PCA are: 

Firstly, any prior information about the patients are not needed before performing PCA on the 

LV surface points, as PCA belongs to the class of unsupervised dimension reduction 

techniques. This method is thus the best choice when lacking information about the samples 

(e.g. detailed characterization of patient groups). PCA methods extract features with the 

largest variance for each component, and thus keep most of the original information of LV 

shape with a relatively small number of PCA modes. Our study in Chapter 2 was able to 

capture over 90% of the LV ED and ES shape information using 20 modes. Secondly, some 

of the PCA modes can be explained clinically, for example, the first mode represents size and 

the second represents sphericity in our study. Thirdly, the PCA modes can be effectively used 

as classifiers between patient groups, in a straightforward manner. The area of the ROC curve 

for 20 PCA modes reached over 0.98. In addition, all the PCA modes are orthogonal between 

each other, which means that all the PCA modes are independent and there are no 
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information overlap between PCA modes. The disadvantage of PCA is mainly that not all the 

PCA modes can be interpreted clinically, as clinical information is not necessary associated 

with the features with the largest variance. 

The advantages of LDA and IMCA are: Firstly, they both belong to the class of supervised 

techniques, and can estimate a single mode that can quantify the main difference between the 

patients and asymptomatic volunteers, providing information about patient groups is 

available. Secondly, the modes derived by these techniques can effectively classify patient 

groups with remarkable few modes (e.g. one). The area under ROC curve reached 0.99 for 

IMCA modes. Thirdly, the shape changes from normal to extreme MI cases can be visualized, 

thus giving a continuous scale of increasing pathology. By projecting the IMCA modes back 

to the population space, we can visualize the shape changes due to MI remodelling, such as 

the increase in LV size and the decrease in wall thickness. IMCA was also associated with 

better classification power than the traditional LDA method. However, LDA is a more 

straightforward method and more easily realized than IMCA.  One disadvantage of LDA and 

IMCA is that both methods need to do PCA first to reduce the dimensions, as they cannot 

easily deal with data with lots of dimensions. Furthermore, both methods can only get one 

general feature based on classification, which may not relate to any particular clinical 

variable. 

The advantages of PCR are: Firstly, PCR belongs to the class of supervised techniques. Using 

the clinical indices as the dependent variables, PCR can generate features which are optimally 

related to clinical indices. The modes obtained by PCR also have effective classification 

power between the patients and asymptomatic volunteers. PCR is a more traditional method 

and more straightforward to implement compared to PLS. The main disadvantage of PCR is 

that there are information overlaps between different features, since those features are not 

orthogonal.   
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The advantages of the PLS based orthogonal method in Chapter 4 are: Firstly, similar to PCR, 

PLS modes belong to the class of supervised techniques, but it can also generate clinical 

relevant features. The modes obtained by PLS also have effective classification power 

between patient groups. The area under ROC curve for the six PLS modes reached 0.9788. 

Secondly, the PLS method implemented produced orthogonal modes, which is similar to 

PCA. Thirdly, the scores and previously removed indices are de-correlated (the correlation 

coefficients reached 0). Fourthly, PLS methods generate features which are more related to 

the dependent variables than PCR. The disadvantages of the method includes: Not all the 

information in the shape can be extracted, and the variance explained was 65.3% for 6 

components in our study. In addition, there are still some correlations existing between 

different feature scores. Finally, PLS are of black-box nature, the calculation process is hard 

to visualize.      

7.2 Future Work 

Each chapter has described possible ways of future work. In summary: 

The samples included in this research (MESA and DETERMINE) are from the different 

sources. The MESA shape models needed to be corrected due to the bias between different 

imaging protocols. The transformation from GRE to SSFP models was learned using 40 

normal volunteers. However, shape bias arising from these protocol differences may still be 

present. Although we controlled for baseline differences between groups, the study is a case-

control analysis of data from two different studies and bias and confounding factors may still 

exist. For example, MESA included 4 ethnic groups: White, African American, Hispanic and 

Asian, whereas the majority of DETERMINE participants were White. We did not consider 

ethnicity as a confounding factor in the study. Also, therapeutic information from the MI 

patients was not considered in the study. Some other aspects of MI should be considered in 
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future studies, for example, time to target vessel revascularization, number of vessels with 

significant stenosis, early therapy, valvular disease, etc. The association between shape 

changes and myocardial infarction obtained from this research need to be studied in future 

longitudinal studies.  

For the supervised techniques, feature extraction techniques typically rely on data-derived 

information only and do not consider other clinical data such as sex, age or BMI. Future 

feature extraction techniques targeting specific subgroups could be performed.  

For feature extraction relating to clinical indices, linear regression may not fully extract the 

associations between the remodelling indices and the principal components. Further study is 

needed to explore possible nonlinear relationships.  

Future clinical indices can be readily incorporated into this methodology and their 

corresponding shapes can be visualised and quantified thereby, further exploiting shape 

information in a clinically meaningful fashion. 

Although in this study we applied the methods to cases with myocardial infarction, this 

framework is generalizable to any disease group. The methods developed in this thesis can be 

extended to study the shape changes due to other heart diseases such as dilated idiopathic 

cardiomyopathy or hypertrophic cardiomyopathy.  

There are several potential avenues for these methods to achieve clinical application in the 

future. The different methods studied have different application areas. The choice of which 

method to use in clinical study is dependent on the aim of study and the clinical information 

to be derived. If there is not much clinical information available, unsupervised techniques are 

the best choice as a general exploration method. Unsupervised techniques can be used to 

extract the features from the shapes and cluster the samples into different groups in terms of 

similarity. If enough clinical information is available, supervised techniques can be applied to 
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establish the relationship between the clinical information and LV shape. If the clinical 

information is binary, LDA or IMCA can be used to extract the features showing the main 

difference existing between groups. If the clinical information are in the form of continuous 

variables, PCR or PLS can be applied to extract the features that are correlated with the 

clinical information. 

7.3 Concluding Statement 

This thesis extracted LV shape descriptors from different angles. Principal component 

analysis was used to obtain LV shape features in an unsupervised fashion. Supervised feature 

extraction techniques including IMCA and LDA were used to obtain LV shape features 

which best classify the MI cases and asymptomatic group. Principal component regression 

analysis was used to obtain the features which reflect the shape changes of clinical indices. 

Partial least square regression was applied to obtain features which can orthogonally 

represent the shape changes of clinical indices. The association between MI and all clinically 

relevant shape features were presented through a case control study. Future studies will 

investigate the shape changes caused by other heart diseases. The merits and disadvantages of 

each of the methods are summarized. 
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Appendix1. Orthogonal Shape Modes Describing Clinical Indices 

of Remodelling 

An alternative orthogonal extraction method is attached in Appendix 1. This was a 

preliminary study leading to Chapter 4, and was presented at the 8th International Conference 

on Functional Imaging and Modeling [124]. Although the clinical feature visualization and 

classification performance for this method are are superseded by the PLS method which is 

presented in Chapter 4. However, it can still be thought of as an independent method.  

Therefore, we put it in the appendix rather than an independent chapter.  

Quantification of the left ventricle (LV) shape changes (remodelling) is of great importance 

for therapeutic management of myocardial infarction. Orthogonal shape modes derived from 

principal component analysis (PCA) often do not describe clinical remodelling indices.  We 

developed a method for deriving orthogonal shape modes directly from any set of clinical 

indices. Cardiac magnetic resonance images of 1,991 asymptomatic volunteers from the 

MESA study (age 44−84, mean age 62, 52% women) and 300 patients with myocardial 

infarction from the DETERMINE study (age 31−86, mean age 63, 20% women) were 

obtained from the Cardiac Atlas Project. Clinical indices of LV size, sphericity, wall 

thickness and apical conicity were calculated. For each index, cases outside two standard 

deviations of the mean, but within one standard deviation for all other indices, were chosen as 

a representative subgroup. Orthogonal modes were defined sequentially, using the first 

principal component of each subgroup. At each step, the contribution of the previous mode 

was removed mathematically from the shape description, similar to Gram–Schmidt 

orthogonalization. Correlation analysis and logistic regression were performed to show the 

effectiveness of these features to characterize remodelling due to myocardial infarction.  
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A1 Background  

Left ventricular (LV) remodelling refers to the process by which ventricular size, shape and 

function are regulated by mechanical, neurohormonal and genetic responses to insult [29]. 

Myocardial infarction leads to LV remodelling of the heart, which provides important 

diagnostic information for the therapeutic management of ischemic heart disease[15-17]. 

Remodelling associated with LV size is an important predictor of mortality after myocardial 

infarction [138], and changes of sphericalization of heart shape are linked with decreased 

survival [125]. LV wall thickness [29] and apical conicity  [42] changes are also important 

indicators for LV infarction remodelling due to myocardial infarction.  

Standard clinical indices used to describe remodelling are typically simple measures of mass 

and volume, such as end-diastolic (ED) volume (largest volume), end-systolic (ES) volume 

(smallest volume) or left ventricular mass. However, these ignore much of the available 

shape information. Principal component analysis (PCA) [118] is currently one of the most 

widely used feature extraction techniques. PCA projects the data onto a linear space of 

maximum-variation directions (known as modes) with orthogonal transformations. After the 

projection the first mode accounts for the maximum variance, and each succeeding mode in 

turn has the highest residual variance possible under the linear orthogonality constraint. PCA 

analysis of cardiac remodelling has been explored previously [99] showing that combined 

PCA modes can be more powerful descriptions of remodelling than traditional indices. 

Typically, the first PCA mode corresponds with LV size and the second typically with LV 

sphericity. Mode orthogonality is important for maintaining simplicity in many mathematical 

applications (e.g., flow computations [174]). However, PCA modes do not generally 

correspond well with clinically established indices of remodelling (e.g., wall thickness). We 

developed a novel methodology which captures the shape characteristics of a given clinical 

indicator while maintaining mode orthogonality. Clinically-defined indices of size, sphericity, 
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wall thickness and conicity, known from the literature to be important in the management of 

myocardial infarction, were used to create a corresponding orthogonal linear space from the 

shape parameters. 

Cardiac magnetic resonance images of 1,991 asymptomatic volunteers from the Multi-Ethnic 

Study of Atherosclerosis (MESA) [87] and 300 patients with myocardial infarction 

contributed from the Defibrillators to Reduce Risk by Magnetic Resonance Imaging 

Evaluation (DETERMINE) [86] study were obtained through the Cardiac Atlas Project [85] 

to create these novel clinically-defined modes. A logistic regression model on the MESA and 

DETERMINE data was established to explore the effectiveness of these modes to predict LV 

remodelling due to myocardial infarction. 

A2 Methods  

Finite element models were customized to model the shape and function of each case using a 

standardized procedure[99]. For the MESA cohort, short-axis hand-drawn contours on the 

inner and outer surfaces of the left ventricle were available from the MESA MRI core 

laboratory. These contours were fitted by the finite element model by linear least squares as 

described previously[113]. For the DETERMINE cohort, expert observers performed the 

analysis using guide-point modeling [94] to interactively customize a time-varying 3D 

cardiac finite element model of the LV to MR images using custom software (CIM version 

6.0, University of Auckland, New Zealand). The shape models were evenly sampled at 

sufficient resolution to capture all visible features, which resulted in 2,738 Cartesian 

( , , )i i ix y z points. 

LV mass and volume at ED were subsequently calculated from the cardiac LV shape models. 

The sphericity index was calculated as the EDV divided by the volume of a sphere with a 

diameter corresponding to the major axis at end-diastole in LV long view [153]. The apical 
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conicity index was calculated as the ratio of the apical axis (defined as the diameter of the 

endocardium one third above the apex) over the basal diameter [42]. Wall thickness was 

calculated as the mean distance between the corresponding endo-  and epi-cardium surfaces. 

For each clinical index, cases outside two standard deviations of the mean (95% of variance). 

but within one standard deviation for all other indices, were chosen to form a patient 

subgroup linked with each clinical index. Orthogonal modes were defined sequentially, using 

the first principal component of each subgroup. At each step, the contribution of the previous 

mode was removed mathematically from the shape description, similar to the Gram–Schmidt 

orthogonalization algorithm [156], prior to the calculation of the principal component. Modes 

were defined in the following order: (1) LV size, (2) sphericity, (3) conicity, and (4) wall 

thickness.  

Mathematically, let 𝑋1 represent the shape space as a matrix where each column contains the 

coordinates of 3D points describing the shape of one case. Selecting cases with high and low 

EDV as previously described, a principal decomposition of this subgroup yielded a matrix of 

modes (𝑀𝑘
1), so that 

𝑋𝑚
1 = 𝑋1̅̅̅̅ + ∑ 𝛼𝑚𝑘

1 𝑀𝑘
1

𝐾

𝑘=1

                

for each case m in the subgroup, where 𝑋1̅̅̅̅  represents the Euclidean mean, 𝐾  is the total 

number of modes 𝑀𝑘
1, and 𝛼𝑚𝑘

1  their corresponding projections (these are also referred to as 

weights or scores). The first mode (𝑀1
1) was used to describe the LV size variation. The 

projections of the first mode were then removed from the initial space for all cases, creating a 

new space 𝑋2. A PCA of the resulting shapes for the subgroup consisting of high and low 

sphericity was then performed. The mode relating to sphericity was then defined to be the 

first principal component of this subgroup, i.e. 𝑀1
2: 
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𝑋𝑚
2 ≝ 𝑋𝑚

1 − 𝛼𝑚1
1 𝑀1

1 = 𝑋2̅̅̅̅ + ∑ 𝛼𝑚𝑘
2 𝑀𝑘

2

𝐾

𝑘=1

.        

New mode 𝑀1
2 was then subtracted from the shape space 𝑋2, and the procedure repeated for 

the conicity ( 𝑀1
3 ) and wall thickness modes ( 𝑀1

4 ). Note that by construction 𝑀1
𝑖+1  is 

orthogonal to 𝑀1
𝑖  [156]  and 〈𝑀1

1,2,3,4〉 generate an orthogonal linear sub-space of 𝑋1.  

A3 Results  

The orthogonal modes corresponding to size, sphericity, conicity and wall thickness are 

shown in Figure Appx1.1. Linear correlation coefficients were calculated between the clinical 

indices and the shape-mode scores (𝛼.1
1,2,3,4

) in the combined MESA and DETERMINE 

population. The linear correlation coefficient between the size score and EDV, sphericity 

score and LV sphericity index, wall thickness score and LV wall thickness, conicity sore and 

LV conicity index were 0.93,−0.87,0.75 and −0.63 respectively (Table Appx1.1). The linear 

correlation coefficients among the clinical indices (Table Appx1.2), correlation coefficients 

among the mode scores (Table Appx1.3) and correlation coefficients between clinical indices 

and scores of the first four PCA modes of the original dataset (standard PCA in Table 

Appx1.4) were also calculated as a reference. It can be seen that, although the shape modes 

are orthogonal (their dot products are zero), some remodelling indices and corresponding 

mode scores were significantly correlated. In particular, the wall thickness score was 

significantly correlated with LV size, with larger hearts having thinner walls, consistent with 

eccentric remodelling. Also, although the first two standard principal components correspond 

with size and sphericity respectively, other components do not correspond with any particular 

remodelling index.  

The clinically-derived shape modes described 39%, 9%, 6% and 4% of the total shape 

variation respectively, compared with 50%, 10%, 8% and 7% for the first four standard PCA 
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modes. A logistic regression model was performed to evaluate the discriminatory power of 

the clinically-derived modes to characterize LV remodelling due to myocardial infarction.  

Age, sex, height, weight, systolic blood pressure (SBP), smoking status and diabetes status 

were used to establish a baseline model. The baseline model was established to give a control 

model consisting of common clinical factors known to be associated with myocardial 

infarction.  

These variables were included in all the models since they may be confounding factors 

between the disease and shape features. The scores from the clinical modes show significant 

odds ratios in the myocardial infarction model (Table Appx1.5). The odds ratio of size, 

sphericity, wall thickness and conicity indicate that myocardial infarction patients tend to 

have larger and more spherical LV shapes with thicker walls, and a less conical shape. The 

area of receiver operating characteristic (ROC) curve (Figure Appx1.2) for the clinical mode 

logistic classification model is 90.87%, similar to the model using scores of the first four 

standard PCA modes (92.05%)                                                                                                                               

Table Appx1.1 Correlation coefficients between the clinical indices and the clinical modes scores 

 

Size 

score  

Sphericity 

score 

Conicity 

score 

Wall thickness 

score EDV 0.93* 0.03 −0.03 −0.66* 

Sphericity 

index 

−0.06* −0.87* −0.05* −0.04 

Conicity 

index 

−0.07* 0.29* 0.75* 0.08* 

Wall 

thickness 

     0.37* 0.11* −0.08* −0.63* 

( Note: * indicates p value <0.05 in all the tables of this paper) 

 

Table Appx1.2 Correlation coefficients between the clinical indices 

  EDV Sphericity index Conicity 

index 

Wall thickness 

EDV 1.00 0.22* −0.15* 0.14* 

Sphericity 

index 

 1.00 −0.22* −0.15* 

Conicity 

index 

  1.00 −0.03 

Wall 

thickness 

   1.00 

 

http://en.wikipedia.org/wiki/Receiver_operating_characteristic
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Table Appx1.3 Correlation coefficients between the clinical mode scores 

  Size Score Sphericity Score Conicity 

Score 

Wall thickness 

Size score 1.00* 0.28* 0.001 −0.76* 

Sphericity score  1.00 0.23* −0.12* 

Conicity score   1.00 0.09* 

Wall thick score 

 

   1.00 

 

 

Figure Appx1.1 Plot of the clinical modes 

 

Table Appx1.4 Correlation coefficients between the clinical indices and the first four modes of 

variation of 𝑋1(standard PCA). 

  EDV Sphericity index Conicity index Wall thickness 

index 

PC1 −0.93* 0.06* 0.07* −0.36* 

PC2 −0.25* −0.84* 0.39* 0.02 

PC3 −0.05* −0.18* −0.25* 0.36* 

PC4 0.06* 0.11* −0.21* −0.07* 
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Table Appx1.5 Logistic regression analysis of the clinical modes to myocardial infarction 

Parameter Coefficient 
Standardized  

coefficient 

Odds 

Ratio(OR) 

OR 95% 

Confidence 

Interval  

Age* 0.041 0.231 1.042 1.023 1.060 

Gender −0.430 −0.118 0.651 0.394 1.075 

Height* 0.031 0.178 1.032 1.007 1.057 

Weight* −0.041 −0.415 0.960 0.950 0.970 

SBP* −0.015 −0.173 0.985 0.977 0.994 

Diabetes* 1.231 0.249 3.425 2.315 5.070 

Smoke −0.363 −0.066 0.696 0.420 1.153 

Size* 0.020 1.408 1.020 1.018 1.023 

Sphericity* −0.009 −0.297 0.991 0.989 0.994 

Conicity* −0.008 −0.177 0.992 0.987 0.996 

Wall 

thickness* 

0.010 0.263 1.010 1.005 1.016 

 

 

Figure Appx1.2 ROC curve for the three logistic regression models 

A4 Discussion  

Patients with myocardial infarction have significant shape differences with respect to the 

normal population, due to cardiac remodelling. An atlas-based analysis of cardiac 

remodelling has previously shown superior performance to traditional mass and volume 

analysis in large data sets [99]. The framework consists of three steps: (1) fitting a finite 

element model to the LV MR images, (2) feature extraction of the aligned shape parameters, 
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and (3) quantification of the association between the features and disease using logistic 

regression. Although PCA provides orthogonal shape features, which describe the maximum 

amount of variation for the fewest number of modes, these modes typically do not correspond 

with clinical indices of cardiac remodelling. To avoid this problem, and maintain the 

advantage of orthogonal shape features, we developed a method to generate orthogonal shape 

modes from any set of clinical indices. 

In this study, we generated a linear shape sub-space from the finite-element parameters 

encoding the clinical indices of size, sphericity, wall thickness and conicity. These orthogonal 

modes derived from traditional remodelling indices may be used to partition shape variation 

in a similar way to PCA, but with a clinical rationale. Unlike PCA, correlation analysis shows 

that these clinically derived modes have high correspondence with traditional remodelling 

indices (Table Appx1.1). However, the absolute correlation decreases with increasing 

orthogonal modes, as the shape space is reduced by subtracting previous modes (Table 

Appx1.1). The clinical indices were moderately correlated (Table Appx1.2). Although the 

shape modes are orthogonal (zero dot product between different mode shape vectors) the 

mode scores are not guaranteed to be orthogonal in the statistical sense (uncorrelated), since 

size can be correlated with wall thickness in the human heart (Table Appx1.3). Furthermore, 

the proposed approach is dependent on the selection order of the clinical indices.  Future 

work could look into the decorrelation of these scores by means of signal whitening, and also 

the difference of the shape modes obtained in different order. 

In summary, we have demonstrated that clinically-derived modes quantitatively characterize 

remodelling features associated with myocardial infarction with similar accuracy to PCA 

modes. Compared with the baseline model, there was a significant incremental discriminatory 

power with the four clinical remodelling modes examined. This implies that these modes play 

an important role in cardiac remodelling.These clinical modes partition the variation into 
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shape features which are linked to clinical outcomes and which have an intuitive visual 

interpretation.
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Appendix 2 Tables for LV Basal Area Shape Analysis 

Table Appx2.1 Basic shape characteristics for the basal area regions (1-3Anterior & Septum)  

Basal anterior 

 
Unit 

Normokinetic

(325)  

Mildly 

hypokinetic(63) 

Severely hypokinetic 

(15) 
Akinetic(5) 

Dyskinetic 

(0) 
p value 

EDV ml 11.53±3.77 13.93±3.98 16.67±4.34 18.30±8.19 
 

<.0001 

ESV ml 5.51±2.65 8.47±3.40 12.34±3.12 12.23±7.60 
 

<.0001 

Stroke volume ml 6.02±2.03 5.46±1.79 4.33±2.26 6.07±2.57 
 

0.0156 

EF % 53.26±11.85 40.54±11.99 25.42±9.95 35.50±15.52 
 

<.0001 

Mass g 10.54±3.47 11.76±2.95 11.37±3.42 14.97±3.27 
 

<0.001 

ED surface area cm2 20.16±4.43 23.03±4.40 24.84±5.54 28.36±7.30 
 

<.0001 

ES surface area cm2 14.48±4.28 18.09±4.31 21.70±4.89 21.87±7.61 
 

<.0001 

Area change cm2 5.68±2.12 4.93±1.98 3.15±2.38 6.49±0.76 
 

<.0001 

ED WT mm 10.43±1.96 10.38±1.59 9.36±1.57 11.24±1.56 
 

0.0719 

ES WT mm 19.07±2.90 17.00±2.48 13.77±2.43 16.59±4.21 
 

<.0001 

WT Change mm 8.64±2.57 6.62±2.41 4.41±2.67 5.36±3.38 
 

<.0001 

ED CD mm 46.87±5.30 49.45±4.81 49.18±2.77 47.85±6.51 
 

<0.001 

ES CD mm 40.20±5.66 44.39±5.69 46.92±6.16 43.24±9.71 
 

<.0001 

CD Change mm 6.67±3.44 5.06±3.20 2.26±4.52 4.60±3.78 
 

<.0001 

Basal anteroseptal 

  
Normokinetic

(299)  

Mildly 

hypokinetic(69) 

Severely 

hypokinetic(29) 

Akinetic 

(11) 

Dyskinetic

(0) 
p value 

EDV ml 8.18±2.50 10.16±2.74 10.85±2.93 11.57±2.69 
 

<.0001 

ESV ml 5.75±2.18 8.39±2.69 9.74±3.03 10.41±2.28 
 

<.0001 

Stroke volume ml 2.44±1.40 1.77±1.48 1.11±1.26 1.16±1.43 
 

<.0001 

EF % 29.88±14.71 17.41±13.94 10.89±11.35 9.29±11.79 
 

<.0001 

Mass g 6.75±2.15 7.62±2.58 8.25±2.11 6.46±1.61 
 

<0.001 

ED surface area cm2 14.98±3.14 17.05±3.08 18.18±3.37 18.13±2.88 
 

<.0001 

ES surface area cm2 12.01±3.04 14.64±3.10 16.02±3.36 16.69±2.44 
 

<.0001 

Area change cm2 2.96±1.68 2.41±1.88 2.16±1.42 1.44±1.64 
 

0.002 

ED WT mm 8.85±2.17 8.77±2.04 9.17±2.07 7.23±1.49 
 

<0.001 

ES WT mm 11.25±3.13 10.35±2.51 9.30±2.35 7.53±2.49 
 

<.0001 

WT Change mm 2.39±2.50 1.58±2.34 0.13±1.85 0.30±1.80 
 

<.0001 

ED CD mm 18.04±4.71 19.85±5.21 20.21±4.16 20.46±5.52 
 

0.0037 

ES CD mm 12.93±5.19 14.55±4.87 16.51±5.33 19.25±7.56 
 

<.0001 

CD Change mm 5.11±3.93 5.30±4.08 3.70±3.74 1.21±5.17 
 

0.0177 

Basal inferoseptal 

  
Normokinetic 

(231) 

Mildly 

hypokinetic(80) 

Severely hypokinetic 

(73) 

Akinetic 

(24) 

Dyskinetic 

(0) 

p value 

EDV ml 8.22±2.44 9.27±2.47 10.36±2.98 10.31±1.66 
 

<.0001 

ESV ml 5.46±1.94 6.96±2.32 8.62±2.75 8.87±2.18 
 

<.0001 

Stroke volume ml 2.76±1.40 2.31±1.31 1.74±1.01 1.44±1.22 
 

<.0001 

EF % 33.45±13.10 25.37±12.96 17.09±9.24 14.51±13.13 
 

<.0001 

Mass g 6.48±1.94 6.96±1.88 7.11±2.33 6.24±2.08 
 

0.025 

ED surface area cm2 15.13±3.10 15.94±3.18 16.93±3.60 16.70±2.64 
 

<.0001 

ES surface area cm2 11.74±2.81 12.97±3.15 14.57±3.40 14.17±3.18 
 

<.0001 

Area change cm2 3.39±1.78 2.97±1.92 2.36±1.51 2.54±1.92 
 

<0.001 

ED WT mm 8.46±1.70 8.63±1.52 8.26±1.66 7.33±1.25 
 

<0.001 

ES WT mm 11.17±2.57 10.29±2.08 8.87±2.15 6.83±1.74 
 

<.0001 

WT Change mm 2.71±2.19 1.66±1.78 0.61±1.57 -0.49±1.16 
 

<.0001 

ED CD mm 12.71±5.33 12.21±5.19 11.54±5.41 11.38±6.41 
 

0.3256 

ES CD mm 8.99±4.73 9.12±5.25 10.07±5.69 7.80±5.45 
 

0.3102 

CD Change mm 3.71±4.81 3.09±4.39 1.47±5.06 3.58±4.50 
 

0.0148 

Note: area change=ED surface area- ES surface area; WT change= ES wall thickness- ED wall 

thickness; CD change=ED central distance –ES central distance. 
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Table Appx2.2 Basic shape characteristics for the basal area regions (4-6 Inferior & Lateral)  

Basal inferior 

 Unit 
Normokinetic 

(210) 

Mildly hypokinetic 

(53) 

Severely hypokinetic 

(70) 

Akinetic 

(65) 

Dyskinetic 

(10) 
P value 

EDV  10.10±2.78 11.39±3.88 13.47±3.95 13.37±3.52 13.84±6.47 <.0001 

ESV  5.15±2.04 6.58±3.13 8.80±3.40 10.07±3.51 10.48±5.45 <.0001 

Stroke volume  4.95±1.63 4.81±1.67 4.67±1.77 3.30±1.57 3.36±1.75 <.0001 

EF  49.60±11.95 44.04±12.16 35.32±11.63 25.69±12.47 25.96±9.51 <.0001 

Mass  8.94±2.41 9.05±2.56 9.48±2.81 8.54±2.92 6.42±2.39 0.0131 

ED surface area  18.55±3.31 19.56±4.19 21.17±4.46 21.02±4.22 19.57±5.82 <.0001 

ES surface area  13.58±3.23 14.56±4.39 16.80±4.32 17.56±4.30 16.94±5.16 <.0001 

Area change  4.97±2.02 5.00±1.83 4.37±2.41 3.47±1.99 2.63±1.98 <.0001 

ED WT  9.48±1.56 9.16±1.55 8.92±1.54 8.05±1.66 6.73±1.88 <.0001 

ES WT  16.15±2.47 14.49±2.27 13.09±2.28 10.11±2.41 8.77±3.14 <.0001 

WT Change  6.67±2.28 5.33±1.95 4.17±1.79 2.06±1.72 2.04±2.10 <.0001 

ED CD  38.05±5.76 36.78±5.31 37.69±5.26 37.96±6.56 32.14±4.82 0.0213 

ES CD  32.43±5.05 32.49±4.97 33.86±6.17 34.12±6.46 29.27±5.58 0.0542 

CD Change  5.62±3.84 4.29±4.13 3.83±3.56 3.83±3.81 2.87±2.72 <0.001 

Basal inferolateral 

 Unit 
Normokinetic 

(235) 

Mildly hypokinetic 

(66) 

Severely hypokinetic 

(61) 

Akinetic 

(38) 

Dyskinetic 

(8) 

P value 

EDV ml 9.94±3.00 11.36±3.85 12.40±3.25 12.78±3.82 11.42±2.71 <.0001 

ESV ml 4.01±2.08 5.63±2.88 7.42±2.89 8.49±3.56 8.09±2.70 <.0001 

Stroke volume ml 5.92±1.70 5.73±2.01 4.98±1.73 4.29±1.51 3.33±0.89 <.0001 

EF % 61.12±12.17 52.04±13.82 41.31±13.86 35.19±13.00 30.43±9.27 <.0001 

Mass g 8.51±2.29 9.39±3.25 9.18±2.33 7.83±2.70 6.77±2.07 0.0039 

ED surface area cm2 18.11±3.42 19.49±4.57 20.42±3.44 20.15±3.91 18.56±3.94 <.0001 

ES surface area cm2 12.75±3.54 14.42±3.82 16.15±3.87 16.42±4.21 15.84±3.79 <.0001 

Area change cm2 5.36±1.86 5.07±2.29 4.27±1.97 3.73±1.67 2.73±1.05 <.0001 

ED WT mm 9.31±1.65 9.63±1.88 9.05±1.57 7.77±1.88 7.39±1.51 <.0001 

ES WT mm 19.50±3.04 18.19±3.57 15.33±3.07 12.32±3.00 10.87±2.49 <.0001 

WT Change mm 10.19±2.47 8.55±2.72 6.28±2.57 4.55±2.28 3.48±1.58 <.0001 

ED CD mm 71.07±6.81 71.67±8.59 74.01±6.21 74.09±7.33 72.78±7.73 0.0161 

ES CD mm 56.66±6.45 60.42±8.31 63.39±7.88 64.74±8.24 62.59±7.25 <.0001 

CD Change mm 14.41±4.91 11.25±4.72 10.62±5.31 9.35±4.67 10.19±2.20 <.0001 

Basal anterolateral 

 Unit 
Normokinetic 

(323) 

Mildly hypokinetic 

(49) 

Severely hypokinetic 

(27) 

Akinetic 

(9) 

Dyskinetic 

(0) 

P value 

EDV ml 11.67±3.68 14.21±4.40 14.38±4.79 15.66±4.36 
 

<.0001 

ESV ml 4.41±2.35 7.26±3.32 8.56±3.63 9.46±3.71 
 

<.0001 

Stroke volume ml 7.26±2.15 6.95±2.18 5.82±2.00 6.20±2.02 
 

0.0016 

EF % 63.58±11.31 50.66±12.73 41.89±11.19 40.68±11.85 
 

<.0001 

Mass g 9.56±2.95 10.19±3.10 9.46±2.98 10.25±2.96 
 

0.4334 

ED surface area cm2 19.87±4.16 22.11±4.87 22.41±4.98 24.21±4.47 
 

<.0001 

ES surface area cm2 13.60±3.96 16.60±4.71 17.84±4.98 19.03±3.79 
 

<.0001 

Area change cm2 6.27±2.12 5.51±2.12 4.57±1.83 5.18±2.57 
 

<0.001 

ED WT mm 9.67±1.93 9.33±1.58 8.56±1.42 8.79±2.18 
 

0.0146 

ES WT mm 21.64±3.32 18.53±2.88 16.14±2.40 15.80±3.93 
 

<.0001 

WT Change mm 11.96±2.82 9.20±2.40 7.58±2.37 7.01±2.29 
 

<.0001 

ED CD mm 76.32±7.45 79.14±8.25 79.94±9.39 78.01±8.66 
 

0.0167 

ES CD mm 61.63±7.13 67.29±8.77 68.55±11.51 69.60±8.40 
 

<.0001 

CD Change mm 14.69±5.44 11.86±5.04 11.38±6.55 8.41±5.76 
 

<.0001 
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Table Appx2.3 Demographics for the each region (mean±std, Gender is the male percentage)  

  

Unit Normokinetic  Mildly hypokinetic Severely hypokinetic Akinetic Dyskinetic p value 

Basal Age Year 61.92±11.19 64.84±10.62 57.07±10.31 58.60±7.54 

 

0.0572 

anterior Height cm 173.18±9.59 173.79±10.86 173.79±8.89 169.67±9.74 

 

0.7847 

 
Weight kg 89.93±19.45 88.11±17.97 85.16±15.10 94.26±24.37 

 

0.6661 

 
BMI  29.87±5.79 29.21±5.69 28.20±4.91 32.26±4.56 

 

0.3303 

 
SBP mmHg 127.41±20.19 129.64±18.82 123.92±24.52 136.00±14.14 

 

0.7458 

 
DBP mmHg 73.28±10.54 72.80±12.17 74.75±12.88 83.00±4.24 

 

0.5938 

 
Gender % 78.15 79.37 73.33 80 . 0.9659 

 
Smoking % 88.24 90.48 80 100 . 0.5797 

 
Diabetes % 34.26 53.97 20 60 . 0.0081 

Basal Age Year 62.22±10.97 62.49±11.51 61.93±10.76 58.64±14.04 

 

0.7569 

anteroseptal Height cm 172.81±9.79 174.63±10.45 173.92±8.98 174.91±4.70 

 

0.541 

 
Weight kg 89.88±19.54 89.80±18.96 88.27±17.46 81.68±10.55 

 

0.5545 

 
BMI  29.98±5.83 29.40±5.51 29.23±5.74 26.71±3.35 

 

0.2435 

 
SBP mmHg 126.89±20.21 132.44±19.13 127.61±21.58 119.29±14.83 

 

0.2228 

 
Gender mmHg 77.59 78.26 82.76 81.82 . 0.9183 

 
Smoking % 87.54 91.3 89.66 90.91 . 0.8268 

 
Diabetes % 34.23 43.48 55.17 27.27 . 0.0796 

 
DBP % 72.89±10.75 75.44±10.79 73.17±12.60 73.43±8.68 

 

0.5178 

Basal Age Year 61.17±11.41 63.74±10.47 62.14±10.08 66.33±12.29 

 

0.0767 

inferoseptal Height cm 172.82±10.00 173.03±9.65 174.64±9.03 174.10±9.83 

 

0.761 

 
Weight kg 89.45±19.27 91.69±19.62 87.51±18.98 89.18±16.50 

 

0.6052 

 
BMI  29.85±5.75 30.62±6.27 28.47±5.15 29.45±4.90 

 

0.1654 

 
SBP mmHg 126.38±20.25 132.31±18.66 125.90±22.06 129.89±14.50 

 

0.1946 

 
DBP mmHg 72.27±9.89 75.48±9.77 73.52±14.02 75.56±10.28 

 

0.186 

 
Gender % 77.49 76.25 80.82 83.33 . 0.8226 

 
Smoking % 90.48 83.75 87.32 87.5 . 0.4298 

 
Diabetes % 35.5 40 37.5 41.67 . 0.8586 

Basal Age Year 61.16±11.45 62.00±10.13 62.71±11.25 64.34±10.53 65.60±10.62 0.2532 

inferior Height cm 173.24±10.00 172.72±8.91 174.19±9.45 172.75±10.06 173.35±10.28 0.9562 

 
Weight kg 88.81±19.33 89.46±17.19 91.16±16.91 89.66±21.98 92.65±21.58 0.8987 

 
BMI  29.48±5.67 30.01±5.49 30.08±5.14 29.86±6.83 30.54±5.11 0.7951 

 
SBP mmHg 126.55±20.05 126.58±20.79 127.10±16.39 131.80±22.62 129.22±21.42 0.5481 

 
DBP mmHg 72.32±9.53 75.33±10.72 73.25±11.07 74.42±13.21 75.78±15.64 0.4479 

 
Gender % 76.19 86.79 77.14 78.46 80 0.5817 

 
Smoking % 89.05 88.68 88.57 87.3 80 0.9309 

 
Diabetes % 34.29 32.08 48.57 42.19 10 0.0589 

Basal Age Year 61.20±11.35 63.15±10.67 63.34±10.84 63.42±10.60 66.75±11.00 0.3044 

inferolateral Height cm 173.13±9.86 174.70±9.76 173.36±9.55 171.12±9.12 173.94±11.14 0.4404 

 
Weight kg 89.51±20.00 88.95±16.54 91.56±17.11 87.43±21.27 89.42±19.23 0.8782 

 
BMI  29.77±6.12 29.06±4.47 30.49±5.35 29.55±6.12 29.38±4.49 0.6127 

 
SBP mmHg 127.34±19.69 128.59±20.70 129.51±17.75 125.21±24.33 129.71±21.76 0.9009 

 
DBP mmHg 72.97±9.93 74.51±10.91 75.83±9.97 70.16±14.68 74.00±16.11 0.2189 

 
Gender % 77.02 77.27 81.97 81.58 75 0.9045 

 
Smoking % 88.51 95.45 86.89 77.78 87.5 0.1198 

 
Diabetes % 32.77 45.45 47.54 32.43 37.5 0.1327 

Basal Age Year 61.70±11.19 64.02±10.68 62.59±11.38 66.89±8.55 

 

0.3079 

anterolateral Height cm 173.25±9.92 173.90±9.33 172.16±8.75 173.28±9.74 

 

0.8203 

 
Weight kg 90.33±19.57 87.38±17.10 85.06±16.97 85.73±18.46 

 

0.3896 

 
BMI  30.00±5.91 28.81±4.73 28.68±5.43 28.35±4.39 

 

0.3782 

 
SBP mmHg 127.10±19.41 129.74±18.09 131.05±25.38 127.00±40.17 

 

0.7668 

 
DBP mmHg 72.73±10.16 76.32±11.33 75.00±14.00 74.00±21.12 

 

0.2502 

 
Gender % 78.33 75.51 77.78 88.89 . 0.8455 

 
Smoking % 88.79 91.84 74.07 100 . 0.0656 

 
Diabetes % 36.65 44.9 33.33 22.22 . 0.5081 
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Table Appx2.4 Association among the shape indices with RWMA using multi normial logstic 

regression (Anterior & Septum) 

  basal anterior  basal anteroseptal  basal inferoseptal 

Parameters Variables OR 95% CI 
 

OR 95% CI 
 

OR 95% CI 

EDV Mildly hypokinetic 1.160 1.086 1.239 
 

1.366 1.231 1.516 
 

1.241 1.110 1.388 

EDV Severely hypokinetic 1.336 1.190 1.501 
 

1.467 1.268 1.696 
 

1.491 1.322 1.682 

EDV Akinetic 1.338 1.119 1.600 
 

1.711 1.361 2.152 
 

1.512 1.268 1.802 

ESV Mildly hypokinetic 1.331 1.217 1.457 
 

1.554 1.380 1.751 
 

1.431 1.254 1.631 

ESV Severely hypokinetic 1.725 1.456 2.044 
 

1.809 1.534 2.132 
 

1.945 1.674 2.259 

ESV Akinetic 1.624 1.293 2.039 
 

2.205 1.701 2.858 
 

2.031 1.656 2.492 

Stroke volume Mildly hypokinetic 0.902 0.783 1.040 
 

0.728 0.593 0.894 
 

0.816 0.657 1.014 

Stroke volume Severely hypokinetic 0.623 0.447 0.867 
 

0.488 0.354 0.672 
 

0.512 0.396 0.662 

Stroke volume Akinetic 0.940 0.593 1.491 
 

0.473 0.292 0.765 
 

0.416 0.272 0.636 

EF Mildly hypokinetic 0.919 0.896 0.944 
 

0.941 0.921 0.960 
 

0.952 0.931 0.974 

EF Severely hypokinetic 0.789 0.726 0.857 
 

0.911 0.883 0.940 
 

0.895 0.870 0.920 

EF Akinetic 0.877 0.803 0.956 
 

0.896 0.855 0.939 
 

0.884 0.848 0.922 

Mass Mildly hypokinetic 1.109 1.017 1.209 
 

1.205 1.063 1.367 
 

1.143 0.992 1.318 

Mass Severely hypokinetic 1.166 0.987 1.378 
 

1.304 1.105 1.539 
 

1.253 1.082 1.452 

Mass Akinetic 1.295 1.034 1.621 
 

0.970 0.691 1.362 
 

0.926 0.719 1.192 

ED surface area Mildly hypokinetic 1.174 1.097 1.256 
 

1.259 1.148 1.382 
 

1.116 1.021 1.219 

ED surface area Severely hypokinetic 1.304 1.155 1.473 
 

1.394 1.219 1.594 
 

1.242 1.132 1.362 

ED surface area Akinetic 1.435 1.166 1.767 
 

1.439 1.172 1.767 
 

1.225 1.063 1.412 

ES surface area Mildly hypokinetic 1.215 1.133 1.302 
 

1.339 1.217 1.474 
 

1.180 1.075 1.295 

ES surface area Severely hypokinetic 1.473 1.284 1.689 
 

1.524 1.322 1.756 
 

1.416 1.279 1.567 

ES surface area Akinetic 1.412 1.158 1.722 
 

1.746 1.390 2.191 
 

1.354 1.168 1.570 

Area change Mildly hypokinetic 0.865 0.756 0.990 
 

0.818 0.696 0.962 
 

0.890 0.765 1.036 

Area change Severely hypokinetic 0.495 0.359 0.683 
 

0.757 0.597 0.961 
 

0.711 0.602 0.840 

Area change Akinetic 1.153 0.741 1.794 
 

0.532 0.358 0.792 
 

0.783 0.606 1.012 

ED WT Mildly hypokinetic 0.916 0.780 1.076 
 

0.967 0.848 1.101 
 

1.017 0.863 1.199 

ED WT Severely hypokinetic 0.714 0.484 1.052 
 

1.039 0.863 1.251 
 

0.939 0.783 1.127 

ED WT Akinetic 1.112 0.730 1.695 
 

0.608 0.407 0.908 
 

0.553 0.400 0.765 

ES WT Mildly hypokinetic 0.731 0.649 0.822 
 

0.897 0.816 0.985 
 

0.853 0.761 0.957 

ES WT Severely hypokinetic 0.489 0.382 0.625 
 

0.779 0.673 0.901 
 

0.640 0.557 0.736 

ES WT Akinetic 0.634 0.450 0.894 
 

0.564 0.420 0.757 
 

0.375 0.278 0.505 

WT Change Mildly hypokinetic 0.735 0.652 0.830 
 

0.867 0.771 0.975 
 

0.782 0.679 0.902 

WT Change Severely hypokinetic 0.477 0.359 0.634 
 

0.666 0.555 0.799 
 

0.544 0.457 0.648 

WT Change Akinetic 0.531 0.351 0.804 
 

0.650 0.489 0.862 
 

0.385 0.282 0.526 

ED CD Mildly hypokinetic 1.196 1.110 1.288 
 

1.312 1.205 1.430 
 

1.204 1.108 1.309 

ED CD Severely hypokinetic 1.417 1.222 1.644 
 

1.315 1.166 1.483 
 

1.376 1.253 1.512 

ED CD Akinetic 1.278 1.020 1.600 
 

1.572 1.287 1.919 
 

1.371 1.190 1.581 

ES CD Mildly hypokinetic 1.307 1.204 1.417 
 

1.310 1.205 1.423 
 

1.270 1.162 1.388 

ES CD Severely hypokinetic 1.738 1.437 2.102 
 

1.555 1.363 1.774 
 

1.839 1.616 2.092 

ES CD Akinetic 1.469 1.156 1.866 
 

2.027 1.557 2.640 
 

1.863 1.564 2.219 

CD Change Mildly hypokinetic 0.863 0.779 0.955 
 

0.973 0.876 1.082 
 

0.950 0.853 1.058 

CD Change Severely hypokinetic 0.684 0.559 0.837 
 

0.716 0.612 0.838 
 

0.668 0.589 0.757 

CD Change Akinetic 0.757 0.550 1.040 
 

0.672 0.522 0.864 
 

0.660 0.550 0.793 
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Table Appx2.5 Association among the shape indices with RWMA using multi normial logstic 

regression (Inferior & Lateral)  

  basal inferior  basal inferolateral  basal anterolateral 

Parameters Variables OR 95% CI 
 

OR 95% CI 
 

OR 95% CI 

EDV Mildly hypokinetic 1.144 1.033 1.266 
 

1.190 1.084 1.307 
 

1.204 1.111 1.305 

EDV Severely hypokinetic 1.368 1.247 1.502 
 

1.272 1.156 1.398 
 

1.215 1.097 1.344 

EDV Akinetic 1.353 1.230 1.487 
 

1.313 1.174 1.469 
 

1.313 1.121 1.538 

EDV Dyskinetic 1.442 1.201 1.731 
 

1.154 0.913 1.457 
    

ESV Mildly hypokinetic 1.308 1.143 1.495 
 

1.413 1.243 1.607 
 

1.464 1.304 1.645 

ESV Severely hypokinetic 1.708 1.502 1.942 
 

1.735 1.515 1.987 
 

1.635 1.414 1.889 

ESV Akinetic 1.902 1.658 2.181 
 

1.942 1.659 2.273 
 

1.836 1.464 2.302 

ESV Dyskinetic 1.996 1.617 2.462 
 

1.848 1.435 2.381 
    

Stroke volume Mildly hypokinetic 0.929 0.773 1.116 
 

0.951 0.808 1.118 
 

0.955 0.822 1.110 

Stroke volume Severely hypokinetic 0.893 0.754 1.057 
 

0.691 0.574 0.831 
 

0.704 0.566 0.876 

Stroke volume Akinetic 0.488 0.392 0.607 
 

0.501 0.386 0.651 
 

0.769 0.538 1.099 

Stroke volume Dyskinetic 0.518 0.325 0.826 
 

0.260 0.128 0.527 
    

EF Mildly hypokinetic 0.961 0.936 0.987 
 

0.944 0.922 0.965 
 

0.908 0.881 0.935 

EF Severely hypokinetic 0.906 0.882 0.931 
 

0.891 0.867 0.916 
 

0.846 0.807 0.887 

EF Akinetic 0.846 0.817 0.876 
 

0.857 0.826 0.888 
 

0.819 0.755 0.888 

EF Dyskinetic 0.850 0.798 0.905 
 

0.825 0.764 0.891 
    

Mass Mildly hypokinetic 0.976 0.856 1.112 
 

1.188 1.054 1.340 
 

1.122 1.002 1.256 

Mass Severely hypokinetic 1.073 0.956 1.206 
 

1.099 0.968 1.248 
 

1.013 0.859 1.194 

Mass Akinetic 0.905 0.799 1.026 
 

0.847 0.704 1.018 
 

1.150 0.894 1.478 

Mass Dyskinetic 0.572 0.397 0.825 
 

0.638 0.426 0.954 
    

ED surface area Mildly hypokinetic 1.065 0.978 1.160 
 

1.137 1.047 1.236 
 

1.183 1.091 1.282 

ED surface area Severely hypokinetic 1.218 1.125 1.319 
 

1.201 1.102 1.308 
 

1.210 1.090 1.343 

ED surface area Akinetic 1.211 1.116 1.314 
 

1.204 1.087 1.335 
 

1.354 1.134 1.616 

ED surface area Dyskinetic 1.111 0.926 1.334 
 

1.075 0.869 1.331 
    

ES surface area Mildly hypokinetic 1.068 0.979 1.167 
 

1.150 1.062 1.246 
 

1.225 1.131 1.327 

ES surface area Severely hypokinetic 1.269 1.170 1.375 
 

1.285 1.180 1.399 
 

1.321 1.190 1.466 

ES surface area Akinetic 1.336 1.228 1.455 
 

1.333 1.205 1.474 
 

1.424 1.193 1.699 

ES surface area Dyskinetic 1.303 1.105 1.538 
 

1.301 1.073 1.577 
    

Area change Mildly hypokinetic 1.002 0.864 1.162 
 

0.935 0.809 1.082 
 

0.858 0.738 0.997 

Area change Severely hypokinetic 0.874 0.762 1.002 
 

0.738 0.630 0.865 
 

0.656 0.529 0.814 

Area change Akinetic 0.698 0.602 0.810 
 

0.631 0.515 0.772 
 

0.798 0.581 1.097 

Area change Dyskinetic 0.558 0.390 0.799 
 

0.465 0.299 0.725 
    

ED WT Mildly hypokinetic 0.800 0.647 0.991 
 

1.113 0.942 1.314 
 

0.894 0.741 1.078 

ED WT Severely hypokinetic 0.719 0.591 0.876 
 

0.841 0.696 1.016 
 

0.608 0.445 0.832 

ED WT Akinetic 0.473 0.376 0.596 
 

0.469 0.354 0.619 
 

0.686 0.422 1.115 

ED WT Dyskinetic 0.251 0.146 0.432 
 

0.406 0.239 0.689 
    

ES WT Mildly hypokinetic 0.691 0.593 0.806 
 

0.846 0.768 0.931 
 

0.695 0.615 0.785 

ES WT Severely hypokinetic 0.526 0.447 0.619 
 

0.611 0.540 0.691 
 

0.502 0.411 0.614 

ES WT Akinetic 0.298 0.236 0.377 
 

0.430 0.356 0.520 
 

0.440 0.321 0.604 

ES WT Dyskinetic 0.243 0.168 0.351 
 

0.345 0.237 0.500 
    

WT Change Mildly hypokinetic 0.738 0.629 0.865 
 

0.757 0.672 0.852 
 

0.676 0.593 0.771 

WT Change Severely hypokinetic 0.541 0.455 0.644 
 

0.520 0.445 0.607 
 

0.530 0.435 0.646 

WT Change Akinetic 0.276 0.213 0.358 
 

0.366 0.290 0.460 
 

0.422 0.291 0.612 

WT Change Dyskinetic 0.297 0.195 0.452 
 

0.263 0.156 0.443 
    

ED CD Mildly hypokinetic 1.041 0.952 1.138 
 

1.110 1.024 1.204 
 

1.164 1.071 1.265 

ED CD Severely hypokinetic 1.295 1.187 1.413 
 

1.233 1.130 1.345 
 

1.234 1.105 1.379 

ED CD Akinetic 1.279 1.171 1.398 
 

1.242 1.117 1.380 
 

1.267 1.052 1.525 

ED CD Dyskinetic 1.294 1.065 1.572 
 

1.176 0.955 1.447 
    

ES CD Mildly hypokinetic 1.236 1.116 1.369 
 

1.286 1.171 1.413 
 

1.313 1.201 1.437 

ES CD Severely hypokinetic 1.578 1.417 1.758 
 

1.604 1.434 1.794 
 

1.496 1.319 1.696 

ES CD Akinetic 1.833 1.618 2.077 
 

1.834 1.594 2.110 
 

1.677 1.339 2.099 

ES CD Dyskinetic 2.019 1.615 2.524 
 

1.726 1.372 2.172 
    

CD Change Mildly hypokinetic 0.773 0.677 0.882 
 

0.818 0.730 0.918 
 

0.829 0.743 0.926 

CD Change Severely hypokinetic 0.760 0.673 0.858 
 

0.680 0.601 0.771 
 

0.746 0.649 0.857 

CD Change Akinetic 0.562 0.485 0.650 
 

0.557 0.475 0.654 
 

0.693 0.561 0.858 

CD Change Dyskinetic 0.471 0.346 0.640 
 

0.564 0.428 0.744 
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Appendix 3 Tables for LV Apical Area Shape Analysis 

Table Appx3.1 Basic shape characteristics for the apical area regions  

apical anterior 

 Unit 
Normokinetic 

(145) 

Mildly hypokinetic 

(72) 

Severely hypokinetic 

(70) 

Akinetic 

(102) 

Dyskinetic 

(19) 
P value 

EDV ml 10.42±3.33 11.86±3.75 13.01±4.38 14.38±4.26 12.99±3.95 <.0001 

ESV ml 5.94±2.43 7.62±2.73 9.04±3.67 11.15±3.70 10.55±3.46 <.0001 

Stroke volume ml 4.47±1.82 4.24±2.23 3.96±2.15 3.22±1.84 2.43±1.63 <.0001 

EF % 43.25±11.94 35.87±13.69 30.36±13.60 22.63±10.87 17.92±13.28 <.0001 

Mass g 10.40±3.47 10.75±3.09 11.30±3.44 11.05±3.27 9.66±2.75 0.0696 

ED surface area cm2 27.07±5.52 29.30±5.48 30.86±6.65 32.70±5.69 30.06±5.41 <.0001 

ES surface area cm2 20.57±4.73 23.40±4.97 25.75±6.24 28.36±5.49 26.43±4.98 <.0001 

Area change cm2 6.50±1.87 5.90±1.89 5.11±1.95 4.34±1.83 3.62±1.32 <.0001 

ED WT mm 7.42±1.46 7.12±1.34 7.16±1.32 6.65±1.51 6.40±1.59 <0.001 

ES WT mm 12.83±2.74 10.97±2.01 9.59±2.14 7.18±2.28 6.45±1.75 <.0001 

WT Change mm 5.41±2.20 3.86±1.76 2.43±1.63 0.53±1.40 0.05±1.05 <.0001 

ED CD mm 7.96±2.75 8.36±2.81 8.59±2.80 9.15±2.87 9.32±3.65 0.0157 

ES CD mm 4.39±3.52 5.83±3.90 7.57±4.84 9.40±4.00 10.08±4.86 <.0001 

CD Change mm 3.57±3.56 2.53±3.67 1.03±4.08 -0.25±3.37 -0.76±3.42 <.0001 

apical septal 

 Unit 
Normokinetic 

(134) 

Mildly hypokinetic 

(64) 

Severely hypokinetic 

(108) 

Akinetic 

(100) 

Dyskinetic 

(2) 
P value 

EDV ml 8.45±2.64 10.22±3.86 10.98±3.88 12.07±3.36 10.55±1.40 <.0001 

ESV ml 5.25±2.05 7.24±2.98 8.47±3.18 10.51±3.29 8.77±0.71 <.0001 

Stroke volume ml 3.20±1.61 2.98±2.12 2.51±2.16 1.56±1.84 1.77±0.69 <.0001 

EF % 37.63±15.52 28.62±17.77 21.45±17.46 12.44±15.38 16.54±4.35 <.0001 

Mass g 10.18±3.32 10.80±3.13 11.02±3.78 9.83±2.83 6.48±4.71 0.0718 

ED surface area cm2 23.78±4.42 26.15±5.42 27.41±5.69 28.23±4.56 26.13±4.38 <.0001 

ES surface area cm2 18.56±4.06 21.86±4.76 23.52±5.31 25.62±4.66 23.84±3.54 <.0001 

Area change cm2 5.22±1.65 4.30±1.86 3.90±1.95 2.61±1.63 2.29±0.85 <.0001 

ED WT mm 8.29±1.59 8.03±1.32 7.80±1.51 6.86±1.47 5.01±3.03 <.0001 

ES WT mm 12.51±2.96 10.43±2.73 8.87±3.01 6.46±2.38 4.42±1.46 <.0001 

WT Change mm 4.22±2.47 2.40±2.30 1.07±2.34 -0.40±1.78 -0.60±1.57 <.0001 

ED CD mm 38.92±5.36 41.61±6.01 42.86±5.46 43.87±4.91 46.14±1.46 <.0001 

ES CD mm 25.97±7.33 32.71±6.55 35.38±6.72 40.09±5.62 44.22±0.18 <.0001 

CD Change mm 12.95±4.75 8.90±4.07 7.48±4.72 3.78±3.68 1.92±1.28 <.0001 

apical inferior 

 Unit 
Normokinetic 

(131) 

Mildly hypokinetic 

(76) 

Severely hypokinetic 

(122) 

Akinetic 

(68) 

Dyskinetic 

(11) 
P value 

EDV ml 7.87±2.38 8.98±2.91 10.00±2.89 10.87±3.04 10.30±2.54 <.0001 

ESV ml 3.41±1.59 4.83±1.92 6.63±2.58 8.45±2.75 7.62±3.12 <.0001 

Stroke volume ml 4.46±1.60 4.15±2.06 3.36±1.49 2.42±1.41 2.68±1.92 <.0001 

EF % 57.33±14.81 46.17±13.94 34.50±13.33 22.47±12.15 26.56±19.74 <.0001 

Mass g 9.02±2.74 9.40±2.72 10.14±3.03 9.70±2.36 8.63±3.01 0.0105 

ED surface area cm2 22.81±3.82 24.42±4.33 26.06±4.07 27.05±4.00 25.75±3.11 <.0001 

ES surface area cm2 16.22±3.32 18.52±3.56 21.51±4.16 23.29±3.83 21.65±3.19 <.0001 

Area change cm2 6.59±1.70 5.90±2.00 4.55±1.67 3.76±1.66 4.10±1.79 <.0001 

ED WT mm 7.75±1.59 7.52±1.29 7.57±1.52 7.03±1.29 6.52±1.99 0.0281 

ES WT mm 14.08±3.12 11.90±2.94 10.29±2.91 8.28±2.41 8.31±4.06 <.0001 

WT Change mm 6.33±2.53 4.37±2.62 2.72±2.15 1.25±1.89 1.79±2.75 <.0001 

ED CD mm 7.49±3.06 8.56±3.30 9.19±3.26 9.50±2.94 8.17±3.52 <.0001 

ES CD mm 4.79±3.73 6.56±4.74 8.17±4.75 8.55±4.74 7.63±4.39 <.0001 

CD Change mm 2.70±3.96 2.00±4.32 1.02±3.74 0.95±3.93 0.53±2.17 0.0029 

apical lateral 

 Unit 
Normokinetic 

(175) 

Mildly hypokinetic 

(103) 

Severely hypokinetic 

(97) 

Akinetic 

(30) 

Dyskinetic 

(3) 
P value 

EDV ml 8.71±2.57 9.98±3.05 11.06±3.17 11.53±3.55 10.56±5.70 <.0001 

ESV ml 3.64±1.84 5.77±2.53 7.21±2.77 8.08±3.37 7.06±4.68 <.0001 

Stroke volume ml 5.07±1.97 4.21±1.77 3.85±2.02 3.45±2.00 3.50±1.09 <.0001 

EF % 58.48±15.60 43.00±14.79 35.13±15.01 30.87±16.30 36.06±10.00 <.0001 
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Mass g 9.83±3.06 10.75±3.47 10.73±2.84 9.77±2.78 9.05±3.09 0.0396 

ED surface area cm2 25.02±4.37 27.31±4.80 28.81±4.56 28.73±4.74 25.82±6.24 <.0001 

ES surface area cm2 17.80±3.79 21.47±4.45 23.58±4.40 23.67±4.78 20.91±5.67 <.0001 

Area change cm2 7.22±1.91 5.84±1.47 5.23±1.98 5.06±1.91 4.91±0.67 <.0001 

ED WT mm 7.56±1.61 7.58±1.55 7.22±1.43 6.66±1.53 7.16±1.93 0.0171 

ES WT mm 14.82±3.40 11.62±2.95 9.72±2.75 9.58±3.79 9.45±2.01 <.0001 

WT Change mm 7.26±3.09 4.04±2.48 2.51±2.44 2.92±2.98 2.29±0.15 <.0001 

ED CD mm 28.56±6.02 29.29±5.91 30.34±5.71 31.60±5.52 29.20±11.05 0.039 

ES CD mm 22.45±7.76 23.64±8.10 24.10±7.44 29.37±7.14 25.75±14.14 <0.001 

CD Change mm 6.10±6.67 5.65±6.45 6.24±5.63 2.23±5.96 3.45±3.38 0.0183 

 

Table Appx3.2 Demographics for the each region of apical area (mean±std, Gender is the male 

percentage) 

  Unit Normokinetic  Mildly hypokinetic Severely hypokinetic Akinetic Dyskinetic p value 

Apical Age Year 63.15±10.36 62.56±11.56 63.31±10.43 59.72±12.21 61.74±10.13 0.1372 

anterior Height cm 173.15±9.51 174.55±10.67 172.07±9.98 173.42±9.52 172.70±8.64 0.5625 

 
Weight kg 90.71±20.99 88.31±16.97 89.20±16.53 89.39±19.87 87.02±17.73 0.8789 

 
BMI  30.11±6.28 28.97±5.30 30.18±5.52 29.56±5.43 29.12±5.47 0.6956 

 
SBP mmHg 130.14±18.47 126.80±20.52 129.00±24.37 124.28±19.65 123.93±14.64 0.3213 

 
DBP mmHg 74.27±10.50 73.32±12.13 71.67±12.76 73.47±9.30 71.14±7.63 0.6199 

 
Gender % 80 81.94 70 78.43 78.95 0.4574 

 
Smoking % 88.19 91.55 87.14 88.24 84.21 0.8894 

 
Diabetes % 35.86 40.85 40 39.22 10.53 0.1515 

Apical Age Year 63.31±10.71 62.25±9.88 62.21±11.25 60.59±12.20 56.00±5.66 0.4013 

septal Height cm 172.73±9.59 174.47±9.94 173.76±8.99 172.71±10.65 170.18±10.78 0.7936 

 
Weight kg 90.53±21.05 91.42±18.02 87.39±17.79 89.79±18.26 64.41±17.32 0.2128 

 
BMI  30.16±6.31 30.03±5.39 28.81±4.90 30.12±5.86 21.99±3.19 0.0999 

 
SBP mmHg 128.19±19.04 127.52±22.26 127.49±21.53 127.04±19.06 135 0.9906 

 
DBP mmHg 73.41±10.56 73.89±14.31 72.71±10.50 73.63±9.45 69 0.9628 

 
Gender % 79.85 78.13 83.33 71 50 0.2102 

 
Smoking % 87.88 90.63 89.81 86 100 0.8475 

 
Diabetes % 34.59 45.31 34.26 39 0 0.4173 

Apical Age Year 63.63±10.91 62.12±10.98 61.68±11.19 60.06±11.88 62.82±6.98 0.2875 

inferior Height cm 173.18±9.48 172.72±10.02 174.03±9.49 172.28±10.77 175.47±7.58 0.7439 

 
Weight kg 90.41±20.56 85.92±15.17 90.29±17.41 90.05±21.77 92.33±26.11 0.4851 

 
BMI  29.90±5.63 28.85±5.00 29.80±5.31 30.31±7.11 29.67±6.96 0.5737 

 
SBP mmHg 127.64±19.27 127.46±19.72 129.91±22.94 124.02±17.34 130.30±19.95 0.5319 

 
DBP mmHg 72.29±10.01 71.15±10.38 75.81±11.20 73.38±11.59 74.70±12.25 0.0996 

 
Gender % 80.15 73.68 82.79 70.59 81.82 0.2771 

 
Smoking % 89.92 82.89 96.72 80.88 63.64 0.0003 

 
Diabetes % 33.85 38.16 37.7 39.71 45.45 0.8826 

Apical Age Year 63.34±10.84 61.81±10.58 60.81±11.90 60.73±11.99 62.00±7.55 0.409 

lateral Height cm 173.31±9.75 174.90±10.02 171.98±9.79 171.65±8.51 172.63±6.67 0.3292 

 
Weight kg 91.73±19.50 89.60±18.26 87.97±19.32 82.47±18.12 79.59±11.35 0.0956 

 
BMI  30.46±6.00 29.26±5.47 29.61±5.57 27.89±5.33 26.59±1.91 0.0693 

 
SBP mmHg 128.05±18.97 129.28±22.53 126.59±17.65 123.61±25.55 124.00±31.11 0.7832 

 
DBP mmHg 72.59±9.86 75.00±11.11 72.42±10.73 75.48±15.19 69.50±13.44 0.3931 

 
Gender % 80 80.58 72.16 80 66.67 0.5515 

 
Smoking % 89.02 88.35 89.69 83.33 66.67 0.6701 

 
Diabetes % 34.48 47.57 36.08 20 33.33 0.0569 
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Table Appx3.3 Association among the shape indices with RWMA using multi normial logstic 

regression (Apical area) 

   anterior  septal  inferior  lateral 

Parameters Variables OR 95% CI 

 

OR 95% CI 

 

OR 95% CI 

 

OR 95% CI 

EDV Mildly hypokinetic 1.151 1.056 1.255 

 

1.235 1.113 1.369 

 

1.235 1.090 1.398 

 

1.196 1.082 1.321 

EDV Severely hypokinetic 1.272 1.166 1.388 

 

1.328 1.210 1.458 

 

1.390 1.242 1.556 

 

1.404 1.263 1.560 

EDV Akinetic 1.350 1.243 1.466 

 

1.453 1.317 1.602 

 

1.539 1.355 1.748 

 

1.487 1.291 1.714 

EDV Dyskinetic 1.281 1.122 1.463 

 

1.546 1.008 2.371 

 

1.415 1.127 1.777 

 

1.416 0.970 2.067 

ESV Mildly hypokinetic 1.335 1.182 1.508 

 

1.473 1.279 1.697 

 

1.648 1.368 1.985 

 

1.693 1.462 1.961 

ESV Severely hypokinetic 1.600 1.411 1.815 

 

1.750 1.527 2.006 

 

2.394 1.978 2.897 

 

2.162 1.840 2.539 

ESV Akinetic 1.860 1.638 2.112 

 

2.186 1.881 2.541 

 

3.088 2.492 3.828 

 

2.378 1.962 2.882 

ESV Dyskinetic 1.843 1.558 2.180 

 

2.138 1.292 3.539 

 

2.706 2.017 3.631 

 

2.197 1.466 3.293 

Stroke volume Mildly hypokinetic 0.954 0.827 1.100 

 

0.947 0.809 1.107 

 

0.910 0.767 1.080 

 

0.780 0.679 0.896 

Stroke volume Severely hypokinetic 0.897 0.769 1.046 

 

0.833 0.724 0.958 

 

0.613 0.512 0.735 

 

0.709 0.611 0.824 

Stroke volume Akinetic 0.682 0.583 0.796 

 

0.601 0.511 0.707 

 

0.389 0.304 0.498 

 

0.622 0.487 0.794 

Stroke volume Dyskinetic 0.505 0.363 0.703 

 

0.716 0.241 2.134 

 

0.444 0.278 0.708 

 

0.685 0.335 1.400 

EF Mildly hypokinetic 0.952 0.929 0.975 

 

0.962 0.943 0.982 

 

0.938 0.915 0.961 

 

0.931 0.912 0.950 

EF Severely hypokinetic 0.917 0.893 0.942 

 

0.937 0.919 0.954 

 

0.886 0.863 0.910 

 

0.901 0.881 0.922 

EF Akinetic 0.870 0.845 0.895 

 

0.903 0.884 0.923 

 

0.839 0.812 0.867 

 

0.886 0.859 0.913 

EF Dyskinetic 0.839 0.801 0.880 

 

0.913 0.827 1.007 

 

0.856 0.814 0.900 

 

0.908 0.844 0.977 

Mass Mildly hypokinetic 1.058 0.959 1.168 

 

1.069 0.968 1.180 

 

1.117 0.987 1.264 

 

1.141 1.039 1.253 

Mass Severely hypokinetic 1.144 1.037 1.262 

 

1.102 1.013 1.199 

 

1.179 1.060 1.311 

 

1.177 1.070 1.295 

Mass Akinetic 1.095 1.001 1.197 

 

0.977 0.891 1.072 

 

1.152 1.016 1.306 

 

1.064 0.910 1.243 

Mass Dyskinetic 0.941 0.774 1.145 

 

0.686 0.295 1.597 

 

0.912 0.678 1.227 

 

1.006 0.616 1.644 

ED surface area Mildly hypokinetic 1.102 1.039 1.168 

 

1.132 1.055 1.215 

 

1.183 1.082 1.293 

 

1.159 1.085 1.238 

ED surface area Severely hypokinetic 1.176 1.107 1.249 

 

1.208 1.133 1.288 

 

1.300 1.197 1.411 

 

1.295 1.205 1.392 

ED surface area Akinetic 1.230 1.162 1.302 

 

1.264 1.182 1.352 

 

1.422 1.291 1.565 

 

1.310 1.184 1.450 

ED surface area Dyskinetic 1.158 1.051 1.275 

 

1.366 0.995 1.875 

 

1.276 1.068 1.525 

 

1.144 0.849 1.542 

ES surface area Mildly hypokinetic 1.166 1.089 1.248 

 

1.225 1.131 1.327 

 

1.291 1.168 1.428 

 

1.332 1.228 1.446 

ES surface area Severely hypokinetic 1.302 1.211 1.399 

 

1.342 1.244 1.448 

 

1.603 1.445 1.779 

 

1.550 1.413 1.699 

ES surface area Akinetic 1.408 1.310 1.514 

 

1.501 1.380 1.632 

 

1.839 1.629 2.076 

 

1.572 1.400 1.764 

ES surface area Dyskinetic 1.358 1.222 1.509 

 

1.591 1.143 2.215 

 

1.616 1.337 1.952 

 

1.374 1.013 1.864 

Area change Mildly hypokinetic 0.855 0.732 0.999 

 

0.737 0.616 0.881 

 

0.814 0.686 0.965 

 

0.647 0.553 0.758 

Area change Severely hypokinetic 0.657 0.552 0.783 

 

0.650 0.554 0.763 

 

0.466 0.385 0.563 

 

0.520 0.436 0.622 

Area change Akinetic 0.491 0.411 0.588 

 

0.409 0.335 0.498 

 

0.348 0.274 0.443 

 

0.491 0.376 0.642 

Area change Dyskinetic 0.369 0.263 0.519 

 

0.373 0.126 1.108 

 

0.391 0.255 0.601 

 

0.498 0.233 1.063 

ED WT Mildly hypokinetic 0.874 0.708 1.079 

 

0.891 0.725 1.095 

 

0.949 0.772 1.166 

 

1.021 0.864 1.205 

ED WT Severely hypokinetic 0.921 0.749 1.133 

 

0.806 0.672 0.966 

 

0.892 0.747 1.066 

 

0.894 0.745 1.072 

ED WT Akinetic 0.667 0.540 0.824 

 

0.473 0.376 0.595 

 

0.697 0.552 0.880 

 

0.639 0.457 0.894 

ED WT Dyskinetic 0.543 0.347 0.850 

 

0.166 0.031 0.882 

 

0.489 0.285 0.839 

 

0.975 0.423 2.248 

ES WT Mildly hypokinetic 0.712 0.619 0.820 

 

0.787 0.703 0.880 

 

0.800 0.721 0.886 

 

0.713 0.646 0.787 

ES WT Severely hypokinetic 0.540 0.456 0.640 

 

0.649 0.581 0.726 

 

0.637 0.570 0.711 

 

0.568 0.503 0.642 

ES WT Akinetic 0.296 0.237 0.370 

 

0.442 0.380 0.515 

 

0.474 0.405 0.555 

 

0.555 0.469 0.656 

ES WT Dyskinetic 0.229 0.161 0.327 

 

0.242 0.073 0.802 

 

0.466 0.350 0.619 

 

0.570 0.373 0.872 

WT Change Mildly hypokinetic 0.665 0.563 0.784 

 

0.718 0.621 0.829 

 

0.732 0.644 0.832 

 

0.663 0.593 0.741 

WT Change Severely hypokinetic 0.416 0.332 0.520 

 

0.539 0.464 0.627 

 

0.526 0.455 0.608 

 

0.516 0.449 0.592 

WT Change Akinetic 0.167 0.121 0.232 

 

0.367 0.303 0.443 

 

0.374 0.307 0.456 

 

0.555 0.462 0.666 

WT Change Dyskinetic 0.122 0.073 0.206 

 

0.283 0.114 0.704 

 

0.420 0.300 0.588 

 

0.508 0.308 0.838 

ED CD Mildly hypokinetic 1.148 1.051 1.255 

 

1.151 1.046 1.267 

 

1.215 1.095 1.349 

 

1.224 1.119 1.339 

ED CD Severely hypokinetic 1.227 1.118 1.347 

 

1.294 1.186 1.413 

 

1.352 1.227 1.490 

 

1.439 1.301 1.591 

ED CD Akinetic 1.356 1.240 1.483 

 

1.413 1.285 1.555 

 

1.513 1.344 1.702 

 

1.374 1.190 1.585 

ED CD Dyskinetic 1.270 1.088 1.482 

 

1.712 1.075 2.727 

 

1.400 1.129 1.736 

 

1.134 0.763 1.686 

ES CD Mildly hypokinetic 1.161 1.091 1.236 

 

1.214 1.133 1.301 

 

1.178 1.109 1.251 

 

1.252 1.178 1.331 

ES CD Severely hypokinetic 1.310 1.219 1.409 

 

1.394 1.295 1.501 

 

1.323 1.242 1.409 

 

1.453 1.348 1.567 

ES CD Akinetic 1.512 1.396 1.638 

 

1.621 1.484 1.772 

 

1.448 1.338 1.566 

 

1.356 1.237 1.487 

ES CD Dyskinetic 1.443 1.288 1.617 

 

1.912 1.225 2.986 

 

1.365 1.194 1.560 

 

1.314 1.034 1.669 

CD Change Mildly hypokinetic 0.747 0.663 0.841 

 

0.675 0.593 0.767 

 

0.807 0.742 0.877 

 

0.718 0.657 0.784 

CD Change Severely hypokinetic 0.533 0.456 0.623 

 

0.510 0.441 0.589 

 

0.671 0.612 0.735 

 

0.582 0.521 0.650 

CD Change Akinetic 0.349 0.288 0.423 

 

0.351 0.292 0.422 

 

0.596 0.531 0.668 

 

0.661 0.578 0.757 

CD Change Dyskinetic 0.377 0.290 0.490 

 

0.276 0.106 0.720 

 

0.646 0.527 0.792 

 

0.614 0.424 0.888 
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