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Abstract

Mechanical dyssynchrony (MD) occurs when different regions of the heart wall contract
out of phase, reducing the pumping efficiency of the heart and possibly leading to
congestive heart failure (CHF). Cardiac resynchronization therapy (CRT) is a possible
medical intervention for CHF that resynchronizes the heart, effectively reducing MD.
However, CRT has been shown to provide no clinical benefit in 20-50% of recipients.
Current CRT patient selection protocols do not include assessment of MD despite
evidence that the mechanism of CRT response is to improve MD. Single-photon emission
computed tomography (SPECT) radionuclide angiography (RNA) is an imaging
technique that is capable of quantifying MD by accurately assessing cardiac wall motion.

In this thesis, new methods of quantifying MD with SPECT RNA were developed and
evaluated as a means to predict response to CRT.

Novel Fourier-analysis (FA) amplitude values were compared to left ventricular (LV)
scar size in the lateral wall to determine whether they can serve as surrogate markers for
predicting response to CRT. Moderate but significant correlations (r=0.51, p≤0.05) were
shown to exist between amplitude- and scar-based parameters. Lateral wall amplitude
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analysis was equivalent to lateral wall scar analysis for predicting response to CRT, but
there were indications that amplitude may also be partly complementary to scar.

Novel MD parameters were developed using FA amplitude parameters and by developing
novel clustering algorithms. These novel MD parameters were evaluated alongside preestablished FA phase-based parameters in both global and segmental regions for their
ability to predict CRT response. Using FA, septal wall amplitude standard deviation
(SD), global synchrony and global phase-SD were significantly predictive of CRT
response. Similar to the FA amplitude results, cluster analysis was predictive of CRT
response using septal wall analysis.

Based on the area under a receiver operating

characteristic curve (AUC), there was an indication of improved predictive ability using
cluster analysis (AUC=0.82) over scar analysis (AUC=0.73) and FA (AUC=0.78), but
differences were not significant in the small test population.

Novel amplitude-based FA parameters and cluster analysis approaches provide
promising tools for the assessment of MD and the prediction of CRT response with
SPECT RNA.
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Statement of Originality

This thesis describes the author’s research accomplished at The Ottawa Hospital and the
University of Ottawa Heart Institute (UOHI) during the course of the Ph.D. program at
Carleton University.

The PREDICT study (1) led by principal investigator Dr. David Birnie and the RAFT
study (2, 3) led by principal investigators, Dr. Anthony Tang and Dr. George Wells are
both UOHI studies. The thesis author had no involvement in study design, patient
assessment, CRT selection criteria; baseline scans or follows up assessments.
Acquisitions were reconstructed following standard protocol by UOHI technicians.
Positron emission tomography (PET) scar assessment was evaluated using FlowQuant ©
software (UOHI) by qualified UOHI technicians. Functional parameters such as left
ventricular ejection fraction (LVEF) were analyzed with planar radionuclide angiography
(RNA) acquisitions using the FUGA software (Hermes Medical Solutions) by qualified
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by the Cardiovascular Research Methods Centre led by Dr. George Wells at the UOHI.
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occasional improvements during his doctoral studies.
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The thesis author analyzed all SPECT RNA patient data referred to in this thesis,
including LV segmentation and subsequent phase and cluster analysis. The thesis author
is responsible for the creation, development and implementation of novel FA parameters
and cluster analysis methodologies. Statistical analysis was performed by the thesis
author on both the normal population and PREDICT data set.

All thesis content,

including pictures, graphs and tables were produced by the author unless otherwise
specified.

Some of the methodology and results described in this thesis have been published as
abstracts and presented at conferences, such as the Society of Nuclear Medicine (SNM)
annual meeting, and submitted to journals for publication. They are outlined below:

Lalonde M, Ruddy TD, Birnie D, Wassenaar R, and Wells RG. Comparison of SPECT
RNA phase analysis amplitude values and left ventricular lateral wall scar sizes, J. Nucl.
Med. 53 (suppl.) 1832P (2012) [abstract] - 2012 SNM Annual Meeting.


The methods and results presented in this abstract constitute a large part of the
research presented in chapter 3. However, the amplitude parameters used in this
thesis were updated from those in the abstract to better relate with scar definitions.



The author identified several new amplitude indices and implemented software
for semi-automatic extraction of the measures from SPECT RNA studies. The
author performed the data analysis comparing the amplitude and scar parameters
as well as determined the ability of the amplitude parameters to predict CRT
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response. The thesis author also prepared and presented the abstract and poster
for presentation.

Lalonde M, Birnie D, Ruddy TD, deKemp RA, Beanlands RSB, Wassenaar R, and Wells
RG. SPECT gated blood pool phase analysis of lateral wall motion for prediction of CRT
response. Submitted to Journal of Nuclear Medicine in June 2013.


The work in this paper is presented in chapter 3.



The author identified several new amplitude indices and implemented software
for semi-automatic extraction of the measures from SPECT RNA studies. The
thesis author performed the data analysis comparing the amplitude and scar
parameters as well as determined the ability of the amplitude parameters to
predict CRT response. The thesis author also prepared the article for publication.

Lalonde M, Ruddy TD, Birnie D, Wells RG, and Wassenaar R. Quantifying variation in
normal cardiac wall-motion curves, J. Nucl. Med. 52 (suppl.) 1169P (2011) [abstract] 2011 SNM Annual Meeting.


This abstract describes the preliminary methodology of cluster analysis which is
presented in chapter 5.

Normal wall motion curves as well as the best

normalization techniques to minimize inter- and intra-patient variability are
defined.


The thesis author developed the approach to RNA cluster analysis that is detailed
in Chapter 5 and implemented software for semi-automatic wall-motion cluster
analysis of SPECT RNA studies. The thesis author analyzed the patient data to
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create the normal wall motion curves and to minimize the variability between
curves. The author created and presented the abstract and poster.

Lalonde M, Birnie D, Ruddy TD, Wassenaar R, and Wells RG. Development and
optimization of SPECT RNA cluster analysis for the prediction of CRT outcome, J. Nucl.
Med. 54 (suppl.2) 1678P (2013) [abstract] - 2013 SNMMI Annual Meeting.


The remaining methodology of cluster analysis (chapter 5) was presented in this
poster along with the results of cluster analysis’s ability to predict response to
CRT.



In the abstract, results from cluster analysis are compared to PET scar size
(chapter 3) and FA results (chapter 4).



The thesis author is responsible for the design, creation and implementation of
cluster analysis and its various metrics. The thesis author also performed the data
analysis for determining the ability of cluster analysis at predicting response to
CRT.



The thesis author prepared and presented the abstract and poster for presentation.

Lalonde M, Wells R G, Birnie D, Ruddy TD, and Wassenaar R. Development and
optimization of SPECT gated blood pool cluster analysis for the prediction of CRT
outcome. Submitted to the journal Medical Physics in June 2013.


This paper comprises the work presented in Chapter 5 and integrates the work
from the previous two abstracts.
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The thesis author designed, created and implemented the cluster analysis
technique and software and performed all the analysis as described in the previous
two abstracts.



The thesis author prepared the article for submission.

vii

Acknowledgements

I would like to thank both of my supervisors, Dr. Glenn Wells and Dr. Richard
Wassenaar for their support and direction during the past several years. In particular, I
would like to thank Dr. Wells for accepting to guide me and my project midway through
my Ph.D. research. I have learned a lot under both of their guidance. Thanks you as well
to Dr. Terrence Ruddy and Dr. David Birnie. This research would not have been possible
without their input and guidance.

I would also like to acknowledge the staff at both The Ottawa Hospital and the University
of Ottawa Heart Institute. A special thanks to Brian Marvin and the rest of technologists
who have helped me during my research. Thank you to Dr. George Wells, Li Chen and
the rest of the Cardiovascular Research Methods Center for sharing their expertise in data
analysis.

I would like to thank my wife, Jacynthe, for her love, patience and encouragement during
these past years. Thank you as well to my family and friends, in particular to my parents
for their love and support. Finally, to my little girl-to-be, you have already impacted my
life more than I could imagine and have provided me with excitement, renewed faith and
motivation these last few months. Merci! Je vous aime.
viii

Table of Contents

Abstract ............................................................................................................................... i
Statement of Originality .................................................................................................. iii
Acknowledgements ........................................................................................................ viii
Table of Contents ............................................................................................................. ix
List of Tables ................................................................................................................... xv
List of Figures ................................................................................................................ xvii
List of Acronyms ............................................................................................................. xx
Overview ............................................................................................................................ 1
Chapter 1 Medical Background and Motivation ........................................................... 4
1.1

Cardiac Anatomy and physiology .................................................................................. 4

1.1.1

Cardiac cycle .............................................................................................................. 4

1.1.2

Electrophysiology ...................................................................................................... 6

1.2
1.2.1
1.3
1.3.1

Ventricular Dyssynchrony .............................................................................................. 8
Electrical vs. mechanical dyssynchrony..................................................................... 9
Congestive Heart Failure (CHF)................................................................................... 11
Cardiac Resynchronization Therapy (CRT) ............................................................. 14

Chapter 2 Imaging techniques for quantification of dyssynchrony ........................... 21
2.1
2.1.1

Physics of SPECT......................................................................................................... 22
Gamma-ray emission ............................................................................................... 22

ix

2.1.2

Radiotracers.............................................................................................................. 24

2.1.3

Gamma Camera ........................................................................................................ 28

2.1.3.1

Collimator ........................................................................................................ 29

2.1.3.2

Scintillation crystal .......................................................................................... 30

2.1.3.3

Photomultiplier tubes (PMT) ........................................................................... 31

2.1.4

SPECT Acquisitions................................................................................................. 34

2.1.4.1
2.2

Cardiac Orientation ......................................................................................... 35

RNA MD evaluation..................................................................................................... 37

2.2.1

Fourier Analysis ....................................................................................................... 38

2.2.1.1

Phase Histogram .............................................................................................. 41

2.2.1.2

Phase Standard Deviation (P_SD) ................................................................... 42

2.2.1.3

Phase Bandwidth (P_BW) ............................................................................... 43

2.2.1.4

Phase Entropy (P_E)........................................................................................ 43

2.2.1.5

Synchrony (S) .................................................................................................. 44

2.2.1.6

Inter-ventricular dyssynchrony ........................................................................ 45

2.2.2

SPECT RNA Software Analysis .............................................................................. 45

2.2.3

ROC Analysis........................................................................................................... 47

2.2.4

Dyssynchrony evaluation ......................................................................................... 47

2.3

Other Imaging Modalities............................................................................................. 48

2.3.1

SPECT MPI.............................................................................................................. 49

2.3.1.1

Dyssynchrony evaluation ................................................................................ 49

2.3.1.2

Scar assessment ............................................................................................... 50

2.3.2

Echocardiography .................................................................................................... 51

2.3.2.1
2.3.3

Dyssynchrony evaluation ................................................................................ 52

Magnetic resonance imaging (MRI) ........................................................................ 54

2.3.3.1

Dyssynchrony evaluation ................................................................................ 54

x

2.3.3.2
2.3.4

Scar Assessment .............................................................................................. 54

Positron emission tomography (PET) ...................................................................... 55

2.3.4.1

Dyssynchrony evaluation ................................................................................ 56

2.3.4.2

Scar Assessment .............................................................................................. 56

2.3.5

Summary of Imaging Modalities.............................................................................. 57

2.4

Quantifying dyssynchrony............................................................................................ 58

2.5

Study Populations ......................................................................................................... 59

2.5.1

Normal cardiac population ....................................................................................... 60

2.5.2

PREDICT population ............................................................................................... 60

2.5.3

RAFT Population ..................................................................................................... 60

2.6

Objective and Hypothesis ............................................................................................. 61

Chapter 3 Evaluation of the correlation between scar and amplitude ...................... 62
3.1

Introduction .................................................................................................................. 62

3.2

Material and Methods ................................................................................................... 63

3.2.1

Patients ..................................................................................................................... 63

3.2.2

Scar / Amplitude Data Acquisition .......................................................................... 63

3.2.2.1

PET Imaging.................................................................................................... 63

3.2.2.1.1 PET Analysis .............................................................................................. 64
3.2.2.2

RNA Imaging .................................................................................................. 65

3.2.2.2.1 SPECT RNA Fourier Analysis ................................................................... 66
3.2.3

CRT Response.......................................................................................................... 67

3.2.4

Data Analysis ........................................................................................................... 67

3.3

Results .......................................................................................................................... 68

3.3.1

Patients ..................................................................................................................... 68

3.3.2

Scar vs. Amplitude Correlation ................................................................................ 70

3.3.3

CRT Response.......................................................................................................... 73

xi

3.4

Discussion..................................................................................................................... 75

3.5

Conclusion .................................................................................................................... 82

Chapter 4 Development of novel FA parameters......................................................... 83
4.1

Introduction .................................................................................................................. 83

4.2

Materials and Methods ................................................................................................. 84

4.2.1

Patients ..................................................................................................................... 84

4.2.2

SPECT RNA data acquisition .................................................................................. 84

4.2.2.1

Compensation for count drop-off .................................................................... 85

4.2.2.2

Translation correction...................................................................................... 86

4.2.3

FA analysis ............................................................................................................... 87

4.2.3.1

Amplitude Average (A_AVG) ........................................................................ 87

4.2.3.2

Amplitude Standard Deviation (A_SD) .......................................................... 88

4.2.3.3

Amplitude Entropy (A_E) ............................................................................... 88

4.2.4

CRT response ........................................................................................................... 89

4.2.5

Data Analysis ........................................................................................................... 89

4.3

Results .......................................................................................................................... 90

4.3.1

Patients ..................................................................................................................... 90

4.3.2

SPECT RNA data acquisition .................................................................................. 92

4.3.2.1

Gating correction ............................................................................................. 92

4.3.2.2

Translation correction...................................................................................... 94

4.3.2.3

PREDICT CRT analysis .................................................................................. 96

4.3.2.3.1 Impact of Translation Correction on prediction of CRT response ............. 97
4.3.2.4

RAFT CRT prediction ................................................................................... 100

4.4

Discussion................................................................................................................... 105

4.5

Conclusion .................................................................................................................. 112

xii

Chapter 5 Development of cluster analysis ................................................................ 114
5.1

Introduction ................................................................................................................ 114

5.2

Materials and Methods ............................................................................................... 115

5.2.1

Patients ................................................................................................................... 115

5.2.2

SPECT RNA Data Acquisition .............................................................................. 116

5.2.3

Cluster analysis ...................................................................................................... 117

5.2.3.1

TAC normalization ........................................................................................ 117

5.2.3.2

Development of a normal subject database ................................................... 118

5.2.3.3

K-means......................................................................................................... 119

5.2.3.4

Normal Average ............................................................................................ 120

5.2.4

CRT response ......................................................................................................... 121

5.2.5

Data Analysis ......................................................................................................... 121

5.3

Results ........................................................................................................................ 122

5.3.1

Patients ................................................................................................................... 122

5.3.2

SPECT RNA Cluster Analysis ............................................................................... 123

5.3.2.1

TAC normalization ........................................................................................ 124

5.3.2.2

K-means......................................................................................................... 125

5.3.2.3

Normal Average ............................................................................................ 125

5.3.3

SPECT RNA FA .................................................................................................... 126

5.3.4

PET scar size analysis ............................................................................................ 126

5.3.5

Data Analysis ......................................................................................................... 127

5.4

Discussion................................................................................................................... 128

5.5

Conclusion .................................................................................................................. 133

Chapter 6 Discussion .................................................................................................... 134
6.1

Limitations and future directions ................................................................................ 136

6.2

Conclusion .................................................................................................................. 139

xiii

Appendix A Copyright Permission............................................................................. 140
References ...................................................................................................................... 143

xiv

List of Tables

Table 1.1: Summary of the New York Heart Association heart failure classification ..... 13
Table 2.1: Properties of common radionuclides used in SPECT imaging ........................ 25
Table 3.1 Patient demographics for the PREDICT population stratified by responder
status ................................................................................................................................. 69
Table 3.2: Patient demographics stratified by ischemic etiology and responder status.... 70
Table 3.3: Correlation coefficient between AmpSize and scar size in the lateral wall .... 71
Table 3.4: Correlation coefficient between AmpScore and scar score in the lateral wall 72
Table 3.5: Lateral wall ROC area under the curve values for CRT response prediction for
AmpSize, AmpScore, scar size and scar score for each group. ........................................ 74
Table 4.1: Patient demographics for the RAFT ICD+CRT population stratified by
responder for various outcomes. ....................................................................................... 91
Table 4.2: Impact of gating artifacts corrections on FA parameters ................................ 93
Table 4.3: Impact of translation correction on FA parameters ......................................... 95
Table 4.4: Septal wall FA parameters differences between responders and non-responders
to CRT in the ischemic PREDICT population. ................................................................. 97
Table 4.5: p-values of various septal wall FA parameters between CRT responders and
non-responders in the ischemic population....................................................................... 98

xv

Table 4.6: ROC AUC values for the PREDICT ischemic population using the best
identified FA parameters................................................................................................. 100
Table 4.7: Comparison of pre-selected FA parameters means between responders and
non-responders to CRT in the RAFT ICD and CRT population. ................................... 101
Table 4.8: Comparison of responder septal A_AVG and septal A_SD values in the ICD
and ICD+CRT RAFT population using death as non-response criteria. ........................ 103
Table 4.9: ROC AUC values for the RAFT ICD+CRT population using the best
identified FA parameters................................................................................................. 105
Table 5.1: Corresponding score per number of outlier data points in a TAC for each
cluster group.................................................................................................................... 121
Table 5.2: Patient demographics for the normal population, CRT responder and nonresponder groups. ............................................................................................................ 123
Table 5.3: Intra- and inter- subject variability of the 3 different normalization techniques
......................................................................................................................................... 124
Table 5.4: Global and segmental ROC AUC values for all populations using the K-means
algorithm ......................................................................................................................... 125
Table 5.5: Best cluster analysis ROC AUC results for all populations. ......................... 126

xvi

List of Figures

Figure 1.1: Anatomy of the heart. ....................................................................................... 5
Figure 1.2: Sample electrocardiogram with waveforms P to T labeled .............................. 6
Figure 1.3: Anatomy of the conduction system of the heart ............................................... 8
Figure 2.1: Decay scheme of Technetium-99m. ............................................................... 26
Figure 2.2: Schematic diagram of an Anger camera......................................................... 29
Figure 2.3: Sample R-R wave electrocardiogram divided into 8 time bins ...................... 34
Figure 2.4: SPECT RNA reconstructed image at a) SA view, b) HLA view and c) VLA
view at an arbitrary slice. d) A schematic view of the HLA orientation along with the
planes of the SA and VLA. ............................................................................................... 36
Figure 2.5: Sample 5-segment polar map representing a two dimensional view of the left
ventricle, from apex (middle) to the basal slices (outer rings). ........................................ 37
Figure 2.6: Sample first order Fourier fit of actual measured counts ............................... 40
Figure 2.7: Sample phase histogram of a) a normal cardiac patient and b) a dyssynchrony
patient. ............................................................................................................................... 42
Figure 3.1: Correlation between lateral AmpSize and lateral wall scar size for: A)
ischemic responders, B) ischemic non-responders, C) non-ischemic responders and D)
non-ischemic non-responders ........................................................................................... 71

xvii

Figure 3.2: Correlation between lateral AmpScore and lateral wall scar score for: A)
ischemic responders, B) ischemic non-responders, C) non-ischemic responders and D)
non-ischemic non-responders ........................................................................................... 72
Figure 3.3: ROC Curves for a) Scar size and AmpSize and b) Scar Score and AmpScore
in the lateral wall for the ischemic population .................................................................. 75
Figure 4.1: Normalized counts as a function of gate for a normal curve (green), a mildly
abnormal curve requiring rescaling (yellow) and a severely abnormal curve requiring a
drop gate and rescaling (red)............................................................................................. 92
Figure 4.2: Average SA translation in the x-axis (top) and y-axis (bottom) as a function of
gate number after applying translation correction ............................................................ 94
Figure 4.3: Change in septal and lateral wall a) S and P_SD and b) A_AVG and A_SD,
after applying translation correction ................................................................................. 95
Figure 4.4: Typical change in TAC shape following translation correction in the a) septal
wall and b) lateral wall. ..................................................................................................... 96
Figure 4.5: ROC curves for the PREDICT ischemic population for a) septal P_E, b)
Septal S, c) septal A_AVG and d) septal A_SD. .............................................................. 99
Figure 4.6: ROC curves for the RAFT ICD+CRT population for a) septal A_AVG, b)
Septal A_SD using death as non-response criteria and, c) global S and d) global P_SD
using CHF hospitalization as non-response criteria........................................................ 104
Figure 5.1: Two sample unnormalized TACs (left) are each normalized to their own
average (dashed line) to produce two individually normalized curves (right). .............. 118
Figure 5.2: Inter- and intra-subject variability at each gate for the 3 different
normalization techniques. ............................................................................................... 124

xviii

Figure 5.3: Comparison of ROC curves for the best results from cluster analysis, FA
(septal synchrony), and lateral wall scar size.................................................................. 127

xix

List of Acronyms

A

Amplitude

ACC

American College of Cardiology

AHA

American Heart Association

AUC

Area Under the Curve

AVG

Amplitude Average

BW

Bandwidth

CCS

Canadian Cardiovascular Society

CHF

Congestive Heart Failure

COM

Centre of Mass

CRT

Cardiac Resynchronization Therapy

E

Entropy

ECG

Electrocardiogram

ED

Electrical Dyssynchrony

EF

Ejection Fraction

EDV

End Diastolic Volume

ESV

End Systolic Volume

FA

Fourier Analysis

HLA

Horizontal Long Axis

IC

Internal Conversion

ICD

Implantable Cardioverter Defibrillator

ICD-10

International Classification of Disease Version 10

LBBB

Left Bundle Branch Block

LA

Left Atrium

LOE

Level of Evidence
xx

LV

Left Ventricle

MD

Mechanical Dyssynchrony

MPI

Myocardial Perfusion Imaging

MRI

Magnetic Resonance Imaging

NYHA

New York Heart Association

OMT

Optimal Medical Therapy

P

Phase

PET

Positron Emission Tomography

PMT

Photomultiplier Tubes

QOL

Quality of Life

RA

Right Atrium

RBBB

Right Bundle Branch Block

RBC

Red Blood Cells

RNA

Radionuclide Angiography

ROC

Receiver Operating Characteristic

ROI

Region of Interest

RV

Right Ventricle

S

Synchrony

SA

Short Axis

SD

Standard Deviation

SPECT

Single Photon Emission Computed Tomography

TA

Time Activity

TAC

Time Activity Curve

TD

Time Distance

TDI

Tissue Doppler Imaging

UOHI

University of Ottawa Heart Institute

VLA

Vertical Long Axis

xxi

Overview

Mechanical dyssynchrony (MD) reduces the heart’s pumping efficiency and is a common
occurrence in congestive heart failure (CHF). One of the existing treatments for CHF is
cardiac resynchronization therapy (CRT) in which a pacemaker is implanted into a
patient in an attempt to resynchronize the patient’s heart, thus reducing MD. However,
CRT has been shown to provide no clinical benefit in a large proportion of recipients.
Currently, MD is not used as a patient selection criterion for CRT despite evidence that
links CRT response to improvements in MD. The development of novel methodologies
(and improvement of existing ones) to characterize and quantify baseline MD could help
improve CRT response rates.

In this thesis, new methodologies are developed and validated using single photon
emission computed tomography (SPECT) radionuclide angiography (RNA) to improve
wall motion analysis which may lead to improved quantification of MD. The ability of
the MD parameters to predict outcome to CRT is also investigated. Chapters 1 and 2
cover a broad range of introductory material, beginning in chapter 1 with information on
dyssynchrony, CHF, CRT, the problem of non-response and how they are all related. In
Chapter 2, a review of SPECT physics is given. A literature review of what various
imaging modalities, including SPECT RNA, have done to measure dyssynchrony and
1

predict outcome of CRT follows.

New SPECT methodologies are then broadly

discussed.

Chapter 3 will discuss the possible correlation that exists between amplitude and scar
values obtained from PET and compare their ability to predict response to CRT. Chapter
4 will evaluate the potential of novel Fourier analysis amplitude-based parameters to
predict CRT outcome in a sample population, and further evaluate the ability to predict
response in a large double blinded study population.

Chapter 5 will show the

development of cluster analysis methodologies and evaluate how well they can predict
response to CRT using a small sample population. Finally, a discussion on the results of
the work presented in this thesis is given in chapter 6 along with final conclusions.

The work presented in this thesis provides several contributions relevant to the topic of
cardiac wall-motion analysis and prediction of CRT response. LV scarring has been
previously identified as a key factor in predicting CRT response. It is shown that
amplitude-based metrics correlate with those based on scar and, therefore, that wallmotion amplitude may be useful in predicting CRT response. Novel amplitude-based
Fourier analysis parameters are developed and shown to be predictive of CRT response in
two different clinical studies. A novel methodology called cluster analysis, is developed
and optimized for wall-motion analysis and shown to perform at least as well as Fourier
analysis approaches to CRT prediction. Finally, it is shown that segmental analysis,
based on a 5-segment heart model, can detect significant effects that are diluted and not
significant with global analysis of the same parameters. Current practice is to only
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evaluate global parameters and this suggests a new direction that can be pursued and that
particular attention should be paid to the septal wall for the prediction of CRT response.
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Chapter 1
Medical Background and Motivation

1.1
1.1.1

Cardiac Anatomy and physiology
Cardiac cycle

The human heart is comprised of 4 chambers: the left (LA) and right atrium (RA) (for a
complete list of acronyms, see page xx), as well as the left (LV) and right ventricle (RV),
as seen in Figure 1.1. The LV is the largest chamber and the strongest muscle of the heart
and pumps blood to the body. As deoxygenated blood returns from the body to the heart,
it is directed into the right atrium by the superior and inferior vena cava. Blood then
flows passively into the RV during diastole. Near the end of diastole, the RA contracts,
forcing additional blood into the RV. A subsequent contraction of the RV, during
systole, pumps the blood through the pulmonary valve, the pulmonary arteries and
towards the lungs for oxygen absorption. The newly oxygenated blood then returns to
the heart via the pulmonary veins, entering in the LA. During diastole, the pressure
difference between LA and LV increases, the mitral valve opens and blood flows
passively into the LV. Near the end of diastole, the LA contracts, forcing additional blood
into the LV. Finally, at systole, the LV contracts and the pressure difference between the
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LV and the arteries increases until the aortic semilunar valve opens and blood is ejected
through the aorta and circulated through the entire body, including the heart muscle itself.

Figure 1.1: Anatomy of the heart outlining the major chambers, veins, arteries and valves. Image
obtained from http://www.sciencekids.co.nz/ (4) (public domain).

Based on the cardiac cycle, three important functional cardiac parameters are end-systolic
volume (ESV), end-diastolic volume (EDV) and ejection fraction (EF). LV ESV and
EDV, typically expressed in milliliters, represent the volume of blood present in the left
ventricle at systole and diastole respectively.* EF is the percent of the maximum blood
volume that is ejected from the left (LVEF) or right (RVEF) ventricle during a cardiac
cycle and is calculated using equation 1.1 below. The LVEF value of a healthy heart is
greater than 50% whereas a LVEF less than 40% is considered to be impaired (5).

*

Volumes for the right ventricle are also measured and may be indicated as RVESV and RVEDV to
distinguish them from the LV values

5

( )

1.1.2

(1.1)

Electrophysiology

An electrocardiogram (ECG) is a graphical representation of the potential changes, due to
depolarization of the heart, occurring over time as the heart beats. In order to view the
potential changes, several electrodes are strategically positioned on a patient and
connected to a monitor. An ECG is an extremely useful diagnostic tool because there are
several characteristic waveforms, segments and intervals that can all be quantified and
compared to a healthy heart pattern in normal sinus rhythm. Waveforms on an ECG are
labeled alphabetically from P to U and prolonged intervals and irregularly shaped waves
are indicators of conduction problems. The anatomical location of a conduction problem
can often be pinpointed from the irregular ECG segment. An ECG can be used to assess
a variety of medical issues, which include but are not limited to: conduction disturbances,
injury or disease, artificial pacemaker function, ischemic damage and response to
medication (5). A sample ECG is shown in Figure 1.2.

Figure 1.2: Sample electrocardiogram with waveforms P to T labeled
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The intrinsic conduction system of the heart is an electrical system that is responsible for
ensuring a rhythmic contraction of the heart as well as providing a rapid conduction path
for the electrical impulses generated. The cells in the intrinsic conduction system are
called pacemaker cells and have the ability to conduct a signal rapidly. The remaining
cardiac cells are called myocardial cells and possess the ability to contract following
excitation. When there is no electrical activity present, the natural resting state of the
cells is polarized. The physical path undertaken by an electrical impulse is summarized
below and in Figure 1.3.

The heart’s natural pacemaker, the sinoatrial node, is responsible for generating a
rhythmic electrical signal by initiating an electrical impulse which will propagate through
the heart muscle following specific conduction channels. As the impulse circulates, it
causes nearby myocardial cells to depolarize, leading to contraction. A short time after,
the cells repolarize as they relax and return to their natural resting state. After leaving the
sinoatrial node, the impulse progresses through conduction channels in the atria, causing
contraction in both the LA and RA. This is observed as a small bump on an ECG and is
labeled as the P wave. The impulse then reaches the atrioventricular node where it
branches off through the atrioventricular bundle into the left and right bundle branches
which run along septum down to the apex and back up the lateral side of the left and right
ventricles respectively. Along the bundle branches are several Purkinje fibers which
further branch off onto the ventricular surfaces. As the impulse passes through all these
channels, the ventricles depolarize (while the atria repolarize) and a large spike on the
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ECG (QRS complex) is observed. In normal sinus rhythm, the QRS duration is between
60 and 100 ms. Finally, a T wave is observed as the ventricles repolarize a short time
after. This entire process typically occurs in less than 1 second and in a healthy heart, the
relative timing of contraction from the site of earliest activation to the site of latest
activation within a ventricle is relatively homogeneous.

Figure 1.3: Anatomy of the conduction system of the heart. Image obtained from Aehlert (5)†

1.2

Ventricular Dyssynchrony

In a normal heart, at systole, both ventricles contract simultaneously, (in synchrony).
Inter-ventricular dyssynchrony occurs when there is a delay between the contractions of
the two ventricles. Furthermore, in order to pump blood efficiently, the relative timing of
contraction of various myocardial wall segments within a single ventricle must be
synchronous.

In certain cases, this synchrony is lost and is called intra-ventricular

†

Permission was granted to reprint this figure first published in ACLS Study Guide, 3rd Ed., Aehlert, B.,
Title of article, Page 127, Copyright Mosby Jems Elsevier (2007). See Appendix A.
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dyssynchrony. It is the measurement of intra-ventricular dyssynchrony that is the focus
of this thesis.

1.2.1

Electrical vs. mechanical dyssynchrony

During the conduction of the electrical impulse that stimulates contraction, it is possible
that the signal is delayed or blocked from its typical conduction path. The impulse is
then forced to propagate through ‘slower’ tissues, such as muscle cells, which can cause
segments of a ventricle ‘downstream’ of the impulse to receive a delayed signal. On an
ECG, the QRS complex is observed as the ventricles depolarize and contract. A broad
QRS duration is a marker of electrical dyssynchrony (ED) as it indicates that the impulse
is taking a longer time to reach certain segments of a ventricle. A QRS duration of 120
ms or greater is considered wide or abnormal. Thus, ED signifies a delay in the electrical
impulse as it travels through the conduction system.

ED can be caused by left bundle branch block (LBBB), which is a condition in which the
electrical signal is blocked or delayed in the left bundle branch. This condition is readily
identified on an ECG and can be diagnosed using the American Heart Association (AHA)
and American College of Cardiology (ACC) recommendations for the standardization
and interpretation of LBBB (6), where one of the major criteria is a QRS duration greater
than 120 ms. A blockage will cause inter-ventricular dyssynchrony as the LV signal
propagation is delayed with respect to the RV signal. It can also cause intra-ventricular
dyssynchrony if some segments of the LV were activated prior to the blockage. Under a
normal conduction system, the electrical impulse reaches the LV lateral wall last and any
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blockage in the left bundle branch often leads to delayed lateral wall contraction.

A

blockage in the right bundle branch is also possible and is known as right bundle branch
block (RBBB) and causes similar delays but in the RV.

Mechanical dyssynchrony (MD) represents the relative timing delay in the actual
physical contraction of the ventricles and may refer to either inter- or intra-ventricular
dyssynchrony, or both. Currently, there exists no gold standard measure of mechanical
dyssynchrony, but there have been several metrics developed for the purpose of
measuring MD, using various imaging modalities. These are discussed further in chapter
2.

It is logical to conclude that the presence of ED will cause MD, as an electrical delay can
cause a delay in the timing of physical contraction of the segment with respect to other
segments. However, studies have shown that this is not always the case as some patients
with ED do not have significant MD (and vice versa). One condition does not necessarily
lead to the other (7-9). A possible reason suggested by Kass (10) is that QRS duration
takes into account the depolarization of both ventricles, while delayed physical
contraction may be localized to part of a single ventricle. The author also indicates that
delayed signal propagation in the LV could be offset by rapid signal propagation in the
RV, producing a normal QRS even though significant MD is present in the LV (10).

The presence of inter-ventricular dyssynchrony impacts the heart’s physiology. For
example, in an LBBB patient, the delayed onset of LV contraction causes RV diastole
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and systole to precede that of the LV (11).

The increase in RV pressure during

contraction can reverse the typical transseptal pressure and cause movement of the interventricular septum into the LV, which will reduce the contribution of the septum to
ejecting blood during LV systole (11, 12).

Intra-ventricular dyssynchrony also negatively impacts the heart’s physiology.

The

uncoordinated contraction of various wall segments results in inefficient pumping. The
ventricular pressure is low when the early segments contract resulting in relatively little
blood ejection.

Conversely, the areas of late contraction are overburdened as they

compensate for the early wasted work. The end result is a reduction in ejection fraction
and an increase in ESV as less blood exits the LV during contraction (12, 13). A study by
Ghio et al. reported that no significant relation existed between inter- and intraventricular dyssynchrony (14).

1.3

Congestive Heart Failure (CHF)

Congestive heart failure is a serious medical condition in which the heart’s pumping
efficiency is severely reduced and therefore it is unable to circulate enough blood to meet
demand of the body. As discussed in the previous section, the presence of a significant
degree of dyssynchrony weakens the heart, and can lead to CHF.

Heart failure can occur in either the LV, RV, or both.

When there is substantial

dyssynchrony present, the heart attempts to regulate cardiac output and compensate for
the poor pumping efficiency by modifying factors such as heart rate and stroke volume.
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However, over time, this will weaken the heart further and the increased stress of onesided heart failure often leads to heart failure of the other ventricle. In certain cases, to
compensate for the lack of blood volume being ejected, the ventricle will gradually
increase in size so that a larger volume of blood is pumped out for a constant EF.
However, this dilation of the ventricle, known as dilated cardiomyopathy, weakens the
heart muscle further, eventually worsening the CHF.

In LV heart failure, blood is not ejected from the LV efficiently and gets backed up in the
pulmonary veins and the lung blood vessels. This leads to swelling and leaking of fluid
into the lungs, causing pulmonary edema (5, 15). In RV heart failure, poor RV pumping
causes blood to back up in the body’s venous system. This leads to fluid congestion and
swelling in the vascular system as well as in the extremities, such as ankles, feet and
fingers (5, 15). Other common symptoms of CHF are fatigue and shortness of breath.

A common chain of CHF incidence is that atherosclerosis (formation of plaque in
coronary arteries) leads to coronary heart disease.

As plaque builds up, the artery

narrows, reducing blood flow to the myocardium. The chronic lack of oxygen supply
(ischemia) may cause impaired contractile function.

A patient may also suffer a

myocardial infarction if a plaque ruptures and occludes an artery. This acute event
causes a lack of oxygen downstream of the occlusion and can lead to the death of
myocardial tissue which, if blood supply is not recovered rapidly enough, is permanent.
Consequently, scar tissue is formed; the heart weakens further and becomes impaired as
the scar tissue loses contractile function. Hibernating tissue may also be present in the
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myocardium and is similar to scar tissue except that the functionality and contractile
function of the hibernating tissue may be restored. The loss of viable tissue leads to
dyssynchrony, as previously described, and a lowered pumping efficiency, causing heart
failure.

In order to better categorize the severity of CHF and facilitate patient classification, the
New York Heart Association (NYHA) (16) established four stages of CHF. A table
summarizing the four different stages of the NYHA is provided below.

Table 1.1: Summary of the New York Heart Association heart failure classification (16)

NYHA Class Symptoms
I

No exercise limitations. Ordinary activity does not cause fatigue or
pain. (No symptoms)

II

Slight exercise limitations. Activity results in fatigue or chest pain.

III

Significant exercise limitation. Less than ordinary activity causes
fatigue or chest pain

IV

Unable to carry out exercise or activity without significant discomfort.
Symptoms may occur at rest

NYHA = New York Heart Association

Based on the World Health Organization’s International Classification of Diseases
version 10 (ICD-10), CHF (ICD-10 code I50) is one of the leading causes, behind only
ischemic disease, for both hospitalization and mortality among cardiovascular diseases
(17). In Canada, the latest data indicates that 2.2% of all hospitalizations classified CHF
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as the primary diagnosis (2005-2006), and that 1.8% of all deaths were due to CHF
(2009) (18).

CHF hospitalization rates increase significantly in age groups above 65 years,
considerably later than for ischemic heart disease hospitalizations which increase rapidly
in patients in age groups over 45 (17). This supports the notion that ischemic heart
disease is present years before congestive heart failure occurs.

Overall mortality rates for CHF have been decreasing since the year 2000 but not as
rapidly as other cardiovascular diseases, such as ischemic heart disease which have been
in decline since the 1970’s (17). This may be explained by the improved survival and
management of ischemic heart disease and myocardial infarction over the years which
have led to increased incidence of CHF as an end-stage outcome. The recent decline of
CHF mortality may be attributed to improved treatments such as optimal medical therapy
and cardiac resynchronization therapy.

1.3.1

Cardiac Resynchronization Therapy (CRT)

CRT is a surgical procedure in which an artificial pacemaker is implanted into a patient
in an attempt to resynchronize the patient’s heart. A pacemaker is a sophisticated small
battery powered device capable of sending out a current of electricity through the leads
attached to it. The latest generation of pacemakers possesses three wires which are
strategically attached to the LA, RV and LV respectively. The lead attached to the LA
senses when the heart’s sinoatrial node generates an impulse and relays the timing
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information to the pacemaker. Two separate electrical signals are then sent through the
other two leads following pre-programmed delays, which will initiate contraction of
myocardial tissue fused to the lead. The signal will then spread from that location
following regular conduction channels. By sending artificial signals, the pacemaker is
able to reduce the timing delays between (and within) the ventricles, caused by blockages
or other conduction abnormalities. CRT aims to improve on the timing of the physical
contraction, thus reducing MD, but has also been shown to reduce ED (1, 19).

CRT was officially approved by the United States Food and Drug Administration in 2001
but has been used since the 1990’s (12). CRT has been investigated in various CHF
populations to determine whether it produces clinical benefit and a summary of the major
CRT trials is given below.

The MUSTIC (20) and MIRACLE (19) trials conducted in the early 2000’s demonstrated
that patients with moderate to severe CHF (LVEF < 35%, QRS > 130 ms, NYHA class
III/IV, 6 minute walk test < 450 m) receiving CRT showed an improvement in quality of
life and exercise capabilities within a 6 month follow-up period. These findings were
confirmed by another large multicentre trial, CARE-HF (21, 22), who demonstrated that
CRT significantly improved quality of life, and also restored LV function and survival in
moderate to severe CHF populations. These studies provide substantial proof of the
clinical benefits of CRT in moderate to severe CHF patients.
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Further studies were designed to determine the benefits of CRT in less symptomatic
patients (NYHA class I or II) as well as the impact of adding CRT to an implantable
cardioverter defibrillator (ICD). The multicentre COMPANION study (23, 24) followed
patients for 12+ months to investigate, in a 3-arm study, the effects of optimal medical
therapy (OMT) alone, OMT+CRT, and OMT+CRT+ICD on a population of moderate to
severe CHF patients (LVEF <35%, QRS >120 ms, NYHA class III or IV). The study
demonstrated that CRT reduced mortality by 24% while CRT+ICD reduced the risk of
death by 36%, with respect to optimal medical therapy alone. In 2009, results from the
MADIT-CRT study (25, 26) found that in mild CHF patients (LVEF < 35%, QRS >130
ms, NYHA class I or II), CRT+ICD significantly reduced the risk of future heart failure
events in comparison to ICD alone.

However, the overall risk of death was not

significantly different between both groups. Finally, the RAFT study (2, 3), a large
multicentre trial designed in Canada, investigated the benefits of adding CRT to ICD and
OMT in mild to moderate CHF patients (LVEF <30%, QRS > 120 ms, NYHA II or III).
Published results of the RAFT study indicate there is a significant reduction in all-cause
death as well as hospitalization for subsequent heart failure events. These major CRT
studies provide conclusive evidence of the benefits of CRT in conjunction with an ICD in
moderate to severe as well as in less symptomatic patients.

Following the results of these large trials, the AHA and ACC updated the guidelines for
device-based therapies and appropriate use criteria. CRT for CHF patients received a
class I recommendation in patients with LVEF < 35%, sinus rhythm, LBBB, QRS > 150
ms, following guideline directed medical therapy NYHA class II (level of evidence: B) or
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NYHA III/IV (LOE: A) (27, 28). Class IIa recommendations were established if the
patient presented all the above criteria with exception of having a non-LBBB pattern
(LOE: A) or a QRS duration between 120-149 ms (LOE: B) (27).

Several other

appropriate use criteria were established in the report and are not listed here.

Similarly, the Canadian Cardiovascular Society (CCS) recently published 8
recommendations on the use of CRT based on the evidence of the CRT trials (29). One
major recommendation, categorized as strong recommendation, low-quality evidence, is
that the patient selection for receiving CRT is: LVEF <35%, QRS > 130 ms, LBBB,
NYHA class II-IV, sinus rhythm.

There is overwhelming evidence from large multicentre as well as smaller single studies
that CRT improves quality of life, reduces mortality and hospitalization rates and enables
reverse remodeling of the ventricle, re-establishing pumping efficiency, improving EF
and reducing ESV in many CHF recipients (2, 19, 20, 22, 24, 26, 30-32). However, several
studies have shown that a minimum of 20%, and possibly up to 50% of patients derive no
benefit following CRT (19, 33-35). The elevated rate of non-response is of great concern
not only to the patient for the risks and stress of surgery and whose condition may worsen
without appropriate therapy, but also for the elevated costs associated with CRT.

The variation in non-response percentages can be partly explained by the different
definitions of response used between studies. Non-response may be defined using hard
clinical

end-points

(death,

transplant),

soft-clinical

end-points

(subsequent
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hospitalizations), LV remodeling measurements (improvement in LVEF and/or LVESV)
and subjective capacity end-points (improvements in NYHA class or QOL score). Birnie
et al. have summarized the various definitions of response explored in a variety of studies
and remark that objective end-points are preferable to improve consistency between
studies and minimize the placebo effect that subjective end-points might sustain (33).
Hard clinical objective end-points are frequently observed in large multi-centre trials with
sufficient statistical power and long follow-up times, such as the COMPANION (24),
CARE-HF (22) , RAFT (2, 3) and MADIT-CRT (26) which defined primary end-points
either as death or subsequent hospitalization (all cause or cardiovascular). Yu et al. (36)
conducted a study to investigate how short-term LV reverse remodeling and subjective
capacity end points (NYHA class, QOL score and 6 minute walk test) relate to long-term
prognosis following CRT. An LVESV reduction of 10% or more was found to be a
strong predictor of long-term survival, while all subjective capacity end-points were not
strong predictors (36).

There are several theories why the non-responder rate is elevated. Firstly, the current
selection criteria for CRT, as outlined above, do not include any measure of MD despite
evidence that MD is a key component of response (37, 38). QRS is a measure of ED,
which often leads to MD, but MD may occur for other reasons and therefore a
comprehensive evaluation (quantification) of MD is needed. Selection of patients based
on an improved characterization and quantification of baseline mechanical dyssynchrony
may help improve CRT response rates (33, 39-42).
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Secondly, the placement of the ventricular lead near the site of latest activation is thought
to be crucial. Since CRT aims to reduce the timing delay in contraction, it is logical to
position a pacemaker lead at the location of greatest delay (43). Following typical
conduction systems, the greatest delay in the LV is often located in the posterolateral wall
and less often in the septal wall (44, 45). Several studies have investigated the impact of
the LV lead location and many have confirmed that LV MD and/or LV function
improved the most with ideal lead placement at the site of latest activation (33, 44, 46-49).
Other studies have determined that the location of the RV lead did not significantly affect
LV MD (46, 50).

Thirdly, the presence of scar tissue on the myocardium is associated with impaired wall
motion. The rationale is that fibrotic scar tissue cannot be resynchronized since it is
dead, and therefore no clinical benefit can arise from artificial pacing. Furthermore,
placing a pacemaker lead directly at the site of latest activation would be impractical if
that location is burdened with scar tissue. These are detailed further in section 2.2.

In summary, the heart is a complex organ with a unique dynamic interaction between the
electrical and mechanical physiology. It is believed that MD plays a significant role in
CHF and therefore, a way is needed to properly analyze and assess MD to better
understand CHF. Despite not being included in current selection criteria for CRT, it is
also believed that MD plays a significant role in CRT outcome. Non-invasive medical
imaging modalities that can qualify and more importantly, quantify cardiac function are
essential as they can help to determine cardiac abnormalities, scar, MD and the existing
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interaction between them and CRT. Various imaging modalities used to assess cardiac
function in CHF patients are addressed in chapter 2.
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Chapter 2
Imaging techniques for quantification of
dyssynchrony

Medical imaging is believed to have a role to play in the treatment of CHF and the use of
CRT. Non-invasive imaging can safely provide information on the quality of heart
function, the presence of scar, hibernating tissues, contraction abnormalities and
remodeling. It is not yet clear what the best method is for predicting response to CRT.
Several

imaging

modalities,

such

as

magnetic

resonance

imaging

(MRI),

echocardiography, planar scintigraphy and single photon emission computed tomography
(SPECT), have attempted to establish methods that provide a substantial improvement in
patient selection for CRT. SPECT RNA imaging is one possibility and is the focus of
this thesis. This chapter provides background on the physics of SPECT and also discusses
what the other imaging techniques have accomplished upon tackling the problem of CRT
non-response.
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2.1
2.1.1

Physics of SPECT
Gamma-ray emission

Nuclear medicine consists of three imaging modalities: planar scintigraphy, single photon
emission computed tomography and positron emission tomography (PET).

Nuclear

medicine relies on the emission of radiation from inside a body to be detected and
analyzed by external detectors.

As its name implies, SPECT utilizes the emission of photons to produce images. Photonemitting radionuclides possess an unstable nucleus that will release its excess energy in
the form of a gamma-ray. Often, the release of a gamma-ray is preceded by a beta
emission which leaves the nucleus in an excited state. If the half-life following the beta
decay is relatively long, the atom is called an isomer and is said to be in a metastable
state. A typical decay scheme for a beta decay and subsequent isomeric transition is
depicted below:

̅

,

(2.1)

where X the radioactive parent decays into Y* (the radioactive daughter in an excited
state), an electron (β-) and an anti-neutrino ( ̅ ). The radioactive daughter then releases a
gamma-ray (γ) to fall to a ground state, Y.
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As it travels, a gamma-ray photon is susceptible to interaction with its surrounding
medium via three processes: pair production, photoelectric effect and Compton
scattering.

Pair production occurs in the vicinity of an atom when the photon is converted into an
electron-positron pair. For this process to occur the photon energy must be greater than
1.022 MeV and so this interaction occurs significantly only at high gamma-ray energies.
In SPECT imaging, the radionuclides used typically emit photons with energy on the
order of hundreds of keV or less and thus pair production is not a factor.

The photoelectric effect occurs when the photon’s energy is completely transferred to a
nearby atom, thereby releasing an electron from the atom. The electron escapes with
energy of the incident photon minus the binding energy required to liberate the electron.
Photoelectrons will not contribute to the detected signal as they will likely not reach the
detector because the range of an electron in tissues is only a few millimeters.

Compton scattering occurs when a photon scatters upon collision with an electron. As
opposed to the photoelectric effect, only a part of the photon’s energy is transferred to the
electron and as such both the photon and electron are scattered in different directions in
order to satisfy conservation of momentum and energy laws.

Several instances of

Compton scattering may occur for a single photon. Many Compton scattered photons
will deflect away from the detector but some will still be detected with an incorrect
direction of incidence due to the scatter event. However, as will be discussed in section
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2.1.3.3, the number of Compton scatter events detected can be reduced based on the
lower energy signal that they will create.

2.1.2

Radiotracers

In SPECT imaging, a gamma-ray emitting radionuclide is bound, or tagged, to a desired
pharmaceutical compound, creating a radiotracer which is distributed inside the body,
following the physiological function of the compound. The radiotracer is chosen with the
purpose that the uptake of the compound accumulates in a desired localized region, such
as an organ, and the properties of the compound are undisturbed by the presence of the
radionuclide. The radiotracer emits gamma-rays but only a small fraction of them will
reach the detector due to the isotropic emission, attenuation and the inverse square law.

The choice of radionuclides for SPECT depends on several factors, such as, half-life,
emission energy, availability and cost as well as its ability to attach to a specific
compound.

There are several hundred radionuclides which can be used in nuclear

medicine, yet only a fraction of them are suitable for SPECT imaging (51). Table 2.1
below summarizes common SPECT radionuclides as well as their uses and properties.
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Table 2.1: Properties of common radionuclides used in SPECT imaging along with typical clinical
usage. Data obtained from Prince and Links (51).

Radionuclide

Half-life

Photon energy

Imaging usage

(hours)

(keV)

Technetium-99m

6.01

140

Heart, bone, kidney, lung

Gallium-67

79.2

92,184,296

Tumor, infection, inflammation

Indium-111

67.2

173,247

Infection, inflammation

Iodine-123

13.3

159

Thyroid, kidney

Iodine-131

193.0

364

Thyroid

Xenon-133

127.2

81

Lungs

Thallium-201

73

135,167

Myocardium

An ideal SPECT radiotracer must possess a relatively long half-life (minutes to hours) so
that there is enough activity present to produce a measurable signal following production,
injection, and duration of the acquisition. However, the radiotracer half-life must be
short enough so that a) sufficient counts are acquired in a reasonable time frame and b)
no significant amount of radioactivity remains in the patient for long periods following
the medical procedure.

The radiotracer emissions must ideally be a high yield monoenergetic gamma-ray so that
there is no mixture of particles detected which would reduce image quality. The energy
of the gamma-rays must be high enough to escape attenuation of the body, limiting
patient dose and maximizing the signal that reaches the detector. However, the energy
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must be low enough to ensure that the gamma-ray a) interacts with the detector and b)
does not penetrate the collimator septa (see section 2.1.3.1), blurring the image (52).

By far the most common radionuclide used in nuclear medicine is Technetium-99m, or
Tc-99m (52). The decay scheme of Tc-99m is given below.

Figure 2.1: Decay scheme of Technetium-99m. The parent isotope, Molybdenum-99, decays with a
yield of 88% via β- emission into Tc-99m, which then decays via gamm-ray (γ) emission (99%) to
another excited state. Finally, Tc-99m decays to Tc-99 either by gamma-ray emission (140.5 keV,
yield of 88.2%, or by internal conversion (IC) (11.8%). Decay scheme adapted from National
Nuclear Data Centre (53)

As discussed above, Tc-99m possesses an ideal half-life and gamma-ray energy for use in
nuclear medicine. Molybdenum-99 (Mo-99), the radioactive parent of Tc-99m, is a
fission product of U-235, possesses a half-life of 66 hours and decays via beta minus
emission with an 88% yield to Tc-99m (53) (Figure 2.1). There exist several compounds
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to which Tc-99m can be attached, depending on the desired physiological function to be
investigated. In cardiac imaging, Tc-99m can be bound to red blood cells (RBC) to
perform SPECT radionuclide angiography (RNA) (or SPECT gated blood pool imaging);
it is then possible to follow the circulation and accumulation of blood within a body, such
as in blood vessels and in the chambers of the heart. Other Tc-99m radiotracers can be
used in cardiac imaging for myocardial perfusion, thereby tracking the flow of blood in
the heart muscle.

In this thesis, images are created following the injection of Tc-99m labeled RBCs. There
are three common techniques currently used to label RBCs with Tc-99m; in-vitro, in-vivo
and modified in-vivo. In each technique, the RBCs are mixed with Sn2+ions prior to the
addition of

99m

TcO4- which enables the stannous compound to reduce the Tc-99m from

+7 to a lower oxidation state that is more reactive which will readily bind to RBCs with
high efficiency. In the in-vitro method (54), a blood sample is first extracted from the
patient and put in a centrifuge to separate the RBCs from the other blood constituents. A
few minutes later, the Sn2+ solution is added to the RBCs, followed later by the
introduction of the

99m

TcO4- solution.

The in-vitro technique provides very high

efficiency RBC labeling (>97%), but the procedure is time consuming and the required
equipment is not readily available in all clinics (54). In the in-vivo injection technique
(54), a stannous solution is first injected in the patient intravenously. After the stannous

solution has distributed in the blood, the 99mTcO4- solution is intravenously injected and is
allowed time to distribute, reduce and bind to RBCs. The labeling efficiency of the invivo method is lower than the in-vitro method (approximately 80-90%). Though the
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technique is simpler to implement, there is a significant amount of undesired radiotracer
uptake in extravascular bodies. The modified in-vivo technique, initially suggested by
Callahan (55), first introduces a stannous compound by intravenous injection. Following
a 20-30 minute period, a small blood sample is extracted from the patient where it is
mixed with the

99m

TcO4- solution for labeling. The radiotracer-labeled blood sample is

then re-injected into the body, where the radiotracer is given another 20-30 minutes to
distribute and metabolize in the body. The advantage of the modified in-vivo is that the
Tc-99m is given time to bind to RBCs in isolation before competing body compartments,
such as the gastric mucosa and thyroid, take up the radiotracer. The modified in-vivo
technique improves on the labeling efficiency of the in-vivo technique while remaining
relatively simple to perform. It is especially useful for reducing background activity and
ensuring maximal activity in the heart.

2.1.3

Gamma Camera

Once the radiotracer is injected and sufficient time is allowed for uptake, the patient will
be placed under an Anger gamma camera, as depicted in Figure 2.2.

The photons are

emitted isotropically and may undergo scatter or attenuation in the body before reaching
the Anger camera.

Therefore, only a small fraction reaches the detector. The Anger

camera consists of a lead collimator, a large scintillation crystal, an array of
photomultiplier tubes (PMT) and circuitry to analyze the position, pulse height and
timing of each detected event.
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Figure 2.2: Schematic diagram of an Anger camera (not to scale). The collimator system helps with
directionality as it absorbs all gamma-rays that are not perpendicular to the scintillation crystal.
The scintillator will absorb incident-gamma-rays and emit scintillation photons that will be interact
with the photomultiplier tube array and produce a measurable signal used to determine the pulse
height and location.

2.1.3.1

Collimator

A single lead septa separating each hole is approximately 30-40 mm in length, 0.20 mm
wide while the holes are 1-3 mm in width (51). Collectively, they span across the entire
underlying scintillation crystal (Figure 2.2) and work to allow only certain incident angle
photons (those not absorbed by the collimators) to reach the underlying scintillation
crystal. Usually, parallel hole collimators are used for which the holes are perpendicular
to the crystal.

Converging, diverging and pinhole collimators can also be used.
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Collimators limit the direction of travel of detected photons which ensures that they can
properly be traced back to the field of view.

2.1.3.2

Scintillation crystal

Incident photons that successfully travel through the collimator holes are incident upon a
scintillation crystal. The most commonly used type of scintillation crystal for photon
detection in nuclear medicine is a thallium-doped sodium iodide crystal (NaI(Tl)).
Dimensions of the crystal vary, but a thickness ranging from 5-25 mm, with the most
common thickness being 9 mm, and a rectangular surface of 40 X 50 cm are typical (51).
Thicker crystals will increase interaction probabilities, and thus efficiency, but provide
inferior spatial resolution.

A NaI(Tl) crystal is an inorganic scintillator that possesses excellent light output, a
relatively high density of 3.7 g/cm3 and a light decay time constant of 230 ns (52, 56, 57).
The relatively high density of NaI(Tl) ensures a high efficiency at stopping the incident
photons while the time constant represents the time required from absorption to
fluorescence which plays into the dead time of the system. In an inorganic crystal, the
electrons are located in bands separated by energy gaps. The uppermost bands are called
the valence band, which is generally full of weakly bound electrons, and the conduction
band, which is empty. Doping a NaI crystal with Thallium introduces impurities in the
crystal, which create activator energy states (traps) in the energy gap between the valence
and conduction bands in the crystal lattice. The incident gamma-ray photons interact
with the scintillator via Compton scattering and the photoelectric effect, causing
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electrons in the valence band of the crystal lattice to be raised to excited states, landing
either into traps or into the conduction band. The excited electrons then return to valence
band emitting a photon of wavelength of near-visible to visible light. Those returning to
the valence band from the conduction band are energetic enough to re-excite the crystal
and thus do not reach the PMTs. The electrons returning to the valence band from a trap
are said to be transparent to the crystal as they each release a photon whose energy is
below the amount needed to re-excite the crystal. These photons will then reach the
PMTs for conversion and amplification into an electrical signal.

A single incident

gamma-ray photon can produce several thousand scintillation photons.

2.1.3.3

Photomultiplier tubes (PMT)

An array of PMTs is positioned behind the scintillator to detect the scintillation photons.
Each PMT tube is comprised of a photocathode, a series of dynodes, each set at a
progressively higher voltage and an anode. Most photons incident on a PMT interact by
the photoelectric effect with the photocathode.

The liberated electrons are then

accelerated to the first dynode. Upon colliding with the dynode, the electron’s kinetic
energy is transferred liberating 3-6 additional electrons, amplifying the signal. These
electrons are accelerated to the next dynode and the signal is further amplified at each
subsequent dynode as this process is repeated until it reaches the anode where the final
pulse signal with a total amplification of 106-108 is recorded (51, 56). An array of PMTs
is necessary for two reasons. First, to detect photons across the full area of the scintillator
because the dimensions of a single PMT is significantly smaller than the scintillation
crystal. Second, with an array of PMTs, the several thousand scintillation photons
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produced by a single gamma-ray absorption are distributed over many PMTs. Thus the
PMTs can be used for event positioning logic as well as total pulse height measures. The
signals measured in each PMT can be summed in order to obtain a total signal, called a zpulse, which is proportional to the energy of the incident gamma-ray (equation 2.2).
Incident gamma-rays that were scattered in the body can be rejected if it is determined
that their z-pulse (i.e. energy of the incident photon) is outside a pre-set energy window.
Finally, the centre of mass of the PMT signals is calculated and used to determine the
position of the incident gamma-ray on the detector. Each accepted event produces a
relative X and Y position (equations 2.3 and 2.4), and a count of one is added to a 2dimensional histogram at that particular location. The gamma-ray is then determined to
have originated along the volume defined by the pixel size extending in a direction
parallel to the collimators.

∑

,

(2.2)

∑

,

(2.3)

∑

,

(2.4)

where Z is total pulse height, ak is the pulse height measured in the kth PMT and xk and yk
are the positions of the kth PMT.
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A single static 2D image is created by summing the counts over the course of the whole
scan.

However, if the activity distribution or concentration is expected to vary during

the course of the scan, a dynamic scan may be required.

Using advanced circuitry, the timing of an event, t, can be recorded along with its X, Y
and Z values. This is especially useful in cardiac imaging. Using the time interval
between subsequent R-waves of an ECG to denote a single heartbeat, it is possible to
divide one cardiac cycle into several gates, or time frames (Figure 2.3). During the first
time interval following an R-wave (gate 1), all events are recorded in a matrix. Once the
time interval for a single bin has elapsed, all events recorded are then assigned to a
second matrix representing gate 2. This process is repeated for the number of frames that
the cardiac cycle is divided into. Once the R-wave re-occurs on the ECG, data are once
again assigned to the first matrix, and the process repeats itself. This is known as a
multiple gated-acquisition (MUGA) and enables the production of images from each
individual time-interval or gate. From this time series of images it is also possible to
produce a cine movie of the beating heart. MUGA imaging is advantageous over static
frame imaging because the data will not be averaged over the cardiac cycle and
information about the changes in heart size or activity distribution during contraction and
relaxation can be obtained.
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Figure 2.3: Sample R-R wave electrocardiogram divided into 8 time bins, or gates.

2.1.4

SPECT Acquisitions

Tomography refers to the creation of a 3D image and, in the case of SPECT, to a 3D
image of the radiotracer distribution in the patient.

Up until now, all the physics

described have been limited to a single static Anger camera obtaining a single planar twodimensional image. In order to obtain a true SPECT acquisition, it is necessary to
acquire several projection images, which will then undergo reconstruction into several
transverse slices, producing a 3D image.

In SPECT systems, the hardware includes a

gantry designed to rotate the Anger camera, allowing acquisition of projections each at
different angles. Several SPECT systems also incorporate a second Anger camera, often
placed at a 90° orientation with respect to the first camera, to cut acquisition times in half
by acquiring two projections simultaneously. Each projection corresponds to a standard
planar image and is acquired for a fixed period of time to obtain sufficient counts. The
gantry is then rotated and a new projection is acquired.
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After all projections have been acquired (complete rotation of Anger cameras across
180°), the data are reconstructed into a collection of transverse slices image using filtered
backprojection or iterative reconstruction. The reconstructed image becomes a threedimensional representation of the activity distribution within the field of view. Many
different reconstruction algorithms have been developed and are available on commercial
SPECT camera systems. The details of image reconstruction are not the focus of this
thesis, but the interested reader will find good reviews in the following references (51,
58-60).

2.1.4.1

Cardiac Orientation

In cardiac imaging, the typical body reference axes (transverse, coronal, sagittal) are
reoriented to better represent the orientation of the heart inside the body. The volume is
re-oriented so that the LV long axis is defined by the longest dimension from LV apex to
central mitral valve plane (61, 62). This orientation helps with proper visualization of the
cardiac chambers and coronary blood flow (61). Slices obtained along the short axis
perpendicular to the LV long axis are called short axis (SA) slices (63).

Based on the

short axis reference view, slices cut in the vertical plane are defined as vertical long axis
(VLA) while slices in the horizontal plane, perpendicular to the septal wall between the
ventricles are along the horizontal long axis (HLA) (63).

A sample SPECT RNA

reconstructed image displayed in all 3 reference axes is shown in Figure 2.4.
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Figure 2.4: SPECT RNA reconstructed image at a) SA view, b) HLA view and c) VLA view at an
arbitrary slice. The HLA and VLA images were obtained by a cut through the center of the LV in
the SA. d) A schematic view of the HLA orientation along with the planes of the SA and VLA.
Image d) modified from image obtained from http://www.sciencekidz.co.nz/ (4)

In comparing the cardiac reference frame to the typical body frame, the SA is analogous
to the transverse plane in the body, while the HLA and VLA are analogous to the coronal
and sagittal planes respectively.

The LV of the heart is often depicted in polar map format, a two dimensional
representation of the LV (Figure 2.5) where the center of the polar map represents the LV
apex and the outer rings represent basal slices. Polar maps are often used for segmental
analysis of the LV.
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Figure 2.5: Sample 5-segment polar map representing a two dimensional view of the left ventricle,
from apex (middle) to the basal slices (outer rings). Ant = Anterior, Lat = Lateral, Inf = Inferior, Sep
= Septal and Apx = Apex.

2.2

RNA MD evaluation

As discussed in chapter 1, there is a need to establish quantifiable MD parameters to
better understand why certain patients do not respond to CRT, but also, ultimately, to
improve the patient selection criteria for CRT.

MD causes the poor pumping efficiency observed in CHF patients and can be expressed
by examining the physical contraction of the LV. This can be achieved by analyzing wall
motion.

The presence of abnormal wall motion will adversely affect the pumping

efficiency. Wall motion quantification can be achieved by Fourier analysis (FA) which
produces parameters to characterize MD.

RNA images the distribution of blood as a function of time within blood vessels and
chambers, such as the LV, facilitating wall motion tracking, thus making it an ideal
modality for FA purposes. SPECT RNA is superior to planar RNA as it allows the LV
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wall to be defined from many slices rather than a single planar view, increasing the
amount of data points available for FA. The 3D nature of SPECT RNA minimizes the
effects of shadowing due to overlapping structures that occurs with planar RNA.
Because the acquired data are divided over multiple projections, fewer gates are usually
recorded with SPECT RNA compared to planar RNA to obtain sufficient counting
statistics in a reasonable time frame. Chen et al. (64) have shown that performing FA on
data acquired at 8 gates could still resolve phase differences up to 5.6°.

2.2.1

Fourier Analysis

In FA, two possible wall motion analysis techniques are possible, time-distance (TD) and
time-activity (TA). Both techniques were evaluated by Lalonde et al. (65), and it was
determined that the TA method is superior to the TD method. In the TD method, the LV
wall position is directly tracked at each gate, and thus LV segmentation must be
performed at each gate.

This leads to very noisy estimates of motion because the

magnitude of movement during contraction is on the order of the pixel size, and therefore
measuring the actual displacement of the LV wall remains a challenge. In the TA
method, wall motion is indirectly measured by observing the change in counts in fixed
locations as the heart beats. Thus, it is only necessary to perform LV segmentation at a
single time-frame, usually at end-diastole. This reduces the chances of incorrect or
indistinct edge detection. In the TA method, partial volume averaging causes the counts
in a fixed region of interest (ROI) placed at the LV wall to vary proportionally as the LV
wall contracts. The TA method is usually preferred since it can better estimate sub-pixel
movement, with partial volume averaging.
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In order to establish MD parameters for SPECT evaluation, the traditional approach has
been to perform FA, which consists of approximating a time-activity curve (TAC) as a
combination of sinusoidal functions. It is described by Links et al. (66) and summarized
below. The general equation for a Kth Fourier harmonic is given in equations 2.5 to 2.7.
A first order (K=1) Fourier fit on a TAC, fits the data to a single sinusoidal curve,
described in equation 2.8, and the fitted parameters can be calculated to obtain both a
phase (P) (equation 2.9) and an amplitude parameter (A) (equation 2.10) representative of
the fitted TAC. A first order Fourier fit is typically used for FA as TACs are fit
reasonably well. A sample TAC and fit are shown in Figure 2.6 below. The first order
phase parameter represents the relative timing of the onset of contraction while the first
order amplitude is representative of the extent (magnitude) of contraction. To date, the
phase component has been extensively investigated for representing the homogeneity of
onset of contraction. This is referred to as phase analysis. Conversely, amplitude analysis
has been largely ignored.

∑
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where RK and IK represent the real and imaginary components of FK, f(t) is the pixel
count at gate t, while N represents the amount of gates and K is the order of the harmonic.
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Figure 2.6: Sample first order Fourier fit (blue curve) of actual measured counts (red circles)
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2.2.1.1

Phase Histogram

Several ROIs are typically used to segment the LV and thus several TACs can be
obtained, one for each ROI, making it possible to define statistical parameters for wall
motion analysis. A phase histogram, representing the phase distribution, can be plotted
for qualitative assessment of dyssynchrony as it depicts the various phase angles (time to
onset of contraction) occurring all around the LV wall. The phase histogram of a healthy
cardiac patient will produce a single narrow peak (Figure 2.7a) as the contraction of the
LV is homogeneous, while the phase histogram of a dyssynchrony patient will likely
show a broad distribution with one or more peaks (Figure 2.7b). Several statistical
parameters have been previously defined for use as MD parameters, such as phase
average (P_AVG), phase standard deviation (P_SD), phase-bandwidth (P_BW), phaseentropy (P_E) and synchrony (S). Phase average is not considered a relevant phase
analysis parameter as it has been shown that only severe abnormal wall motion produces
a perceptible phase change with respect to normal LV wall motion (67). The other FA
parameters are used and are described in greater detail in sections 2.2.1.2 to 2.2.1.5
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Figure 2.7: Sample phase histogram of a) a normal cardiac patient and b) a dyssynchrony patient.

2.2.1.2

Phase Standard Deviation (P_SD)

P_SD is defined as:

√ ∑

(

) ,

(2.11)

where N is the number of data points, and P_AVG is the average of the phase values, and
Pi is the phase value of the ith data point. P_SD represents the temporal dispersion of the
various phases in the LV and is expressed in degrees from 0 to 360.

P_SD can

equivalently be expressed in time units by dividing the phase value by (360° * heart rate).
The spread of the phase values corresponds to the uniformity of contraction timing within
the LV and is a standard measure of wall motion timing. A larger P_SD corresponds to
abnormal wall motion and thus greater MD.
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2.2.1.3

Phase Bandwidth (P_BW)

P_BW provides a similar measure of the spread of the data to P_SD.

The major

difference is that P_BW does not assume the data is normally distributed. It is defined as
the difference in the range of phase values which contains 95% of the data, as defined in
equation 2.12 below:

,

(2.12)

where Pi represents the phase value of ith percentile.

Under most circumstances P_BW is expected to strongly correlate with P_SD.

In

situations where a near-uniform or a multi-peak distribution is present, P_BW may
provide useful information.

2.2.1.4

Phase Entropy (P_E)

P_E, first proposed by O’Connell et al. (68), is based on the Shannon information
theorem and is defined in equation 2.13. P_E represents the uniformity of movement of
the LV and is described as the degree of disorder present in the data. The P_E value
ranges from 0 to 1, where 0 is representative of complete order and 1 denotes complete
disorder. Complete order is obtained when all phase values are located in a single bin,
suggesting that the probability of the next phase value to be placed in that bin is certain.
On the other hand, complete disorder is obtained when the phase values are uniformly
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distributed between all bins, indicating that a subsequent value could fall in any bin with
equal probability.

∑

,

(2.13)

where M is the total number of bins and Ui is the probability of a phase value being
placed in bin i. The probability, Ui, for each bin is the fraction of the total data points
located in the bin. Wassenaar et al. (69) determined that the ability of P_E to differentiate
between normal and dyssynchrony populations was insensitive to bin width. A bin width
of 1° was adopted for this study. A high degree of entropy is indicative of non-uniform
wall motion and represents increased MD. P_E may produce similar results to P_SD and
P_BW as they all are measures of a histogram shape, more specifically the histogram
spread. Of note, P_E is not affected by bin location (i.e. two high probability bins will
produce equal P_E whether adjacent or 180° apart), and therefore P_E will indicate a
lesser degree of MD for a multi-peak distribution than P_SD.

2.2.1.5

Synchrony (S)

Synchrony is a MD parameter first proposed by O`Connell et al. (68) based on both the
amplitude and phase parameter obtained from the first order Fourier fit. It represents a
normalized vector sum of all data points as described in equation 2.14.

|∑
∑
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,

(2.14)
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where Ai is the amplitude of the ithdata point and vi represents a vector of magnitude Ai
and direction given by the phase, Pi.

The denominator normalizes the vector sum

produced by the numerator to the maximum possible amplitude. Thus, S ranges from 0
to 1, where 0 is representative of complete dyssynchrony and 1 denotes complete
synchrony. Complete dyssynchrony occurs if the vector sum cancels out (i.e. isotropic
distribution or multiple peaks 180° apart), while complete synchrony occurs if all vectors
possess the same phase value.

2.2.1.6

Inter-ventricular dyssynchrony

Inter-ventricular dyssynchrony is usually represented by calculating the average phase
difference between the RV and LV. Some studies (70-72), but not all (73, 74), have
shown that inter-ventricular dyssynchrony is predictive of CRT response. It is possible
that the relative difference in timing of contraction between ventricles may provide some
insight into the issues of non-response to CRT, but it is believed that intra-ventricular
dyssynchrony is the major key factor in MD analysis. In this thesis, the focus is on intraventricular dyssynchrony analysis and measures of inter-ventricular dyssynchrony are not
explored.

2.2.2

SPECT RNA Software Analysis

In this study, in-house software developed and described by Lalonde et al. (65), was used
to perform LV segmentation and subsequent FA.

The user helps define the general

location of the LV by positioning a box around the LV in all orientations (SA, HLA,
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VLA). The software then proceeds automatically to resample the LV into 18 SA slices,
from apex to base, as well as approximate the center of mass (COM) of the LV. From the
COM, at each SA slice at end-diastole, the software searches radially outwards, at pre-set
angles, until the counts fall below a pre-defined threshold value with respect to the
maximum pixel count inside the LV, or until the search encounters a local minimum. In
either case, a marker is placed at that location to define the LV edge. In total, the LV
wall is marked by 568 points and each of these points is then used to create a rectangular
region of interest (ROI) 3 pixels long by 2 pixels wide. Each ROI is centered at the LV
wall and is rotated so that the long side is oriented towards the LV COM. The location of
each ROI is then fixed with respect to the camera field of view as the heart beats, and the
total counts in each frame is recorded and used to plot a TAC. An ROI larger than a pixel
enables the time-activity based method to be less sensitive to small variations in LV
segmentation. Each of the 568 TACs is then fit to a first Fourier harmonic for FA as
described above. Due to the semi-automatic nature of the segmentation algorithm, the
inter- and intra-patient reproducibility of FA parameters are excellent, producing Pearson
correlation coefficients of 0.96 or greater for both inter- and intra-observer variability
(65). The software was also validated by differentiating MD patients from normal cardiac

patients with a receiver operating characteristic (ROC) area under the curve (AUC) ≥
0.93 for P_SD, P_E and S (65). A brief overview of ROC analysis is given in section
2.2.3.

46

2.2.3

ROC Analysis

ROC analysis is a tool for evaluating the performance of a diagnostic test. The ROC
curve plots out the sensitivity of a test versus one minus its specificity as a function of the
test-value used to distinguish true (positive) from false (negative) test results.

For any

given cutoff test value, sensitivity is defined as the ratio of positive test results that have
correctly identified positive cases over the total number of actual positive cases.
Similarly, specificity is defined as the ratio of correctly identified negative test results
over the total number of actual negative cases.

The area under an ROC curve (AUC) is often used as a measure of the strength of the
test. Ideally, a test will produce perfect sensitivity and specificity and, therefore, will
produce an ROC AUC of 1. Conversely, a test with no predictive power will correctly
classify data in a binary system (positive or negative) 50% of the time producing an ROC
AUC of 0.5, and this ROC curve is known as the chance line. The ROC AUC is an
important parameter as it has been shown to correspond to the probability that the test
correctly classifies a patient (75).

For the interested reader, the following references by Zweig et al. (76) and Fawcett (77)
provide more detailed information on ROC analysis.

2.2.4

Dyssynchrony evaluation

Both planar and SPECT RNA studies have demonstrated that phase analysis parameters
could assess MD by characterizing abnormal cardiac (67, 78-81) patterns and be a
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predictor of cardiac events (74, 82). Other studies have also shown that phase analysis
could differentiate between normal and MD patients with high accuracy (65, 68, 69, 83).

Badhwar et al. (84) studied the correlation between improvement in NYHA class (pre- to
post-CRT and change (Δ) in LVEF, ΔP_SD, ΔP_E and ΔS assessed by planar RNA
following CRT in 46 CHF patients. The study showed that Δ P_E and Δ S correlated
best with clinical improvement (84). In the same study population, Botvinick et al. (73)
determined that a combination of baseline planar RNA P_E ≥ 0.69 and S ≤0.87 predicted
NYHA class improvement in 86% of patients. Baseline LVEF and P_SD did not predict
CRT outcome (73).

Badhwar et al. (85) investigated whether SPECT RNA and planar RNA produced
equivalent phase analysis parameters.

They determined that SPECT RNA values

produced statistically significantly greater values in P_E (p<0.01), P_SD (p≤0.05) and a
smaller value of S (p<0.01) compared to planar RNA (85). All these results indicate that
planar RNA may underestimate the severity of MD by analyzing data from a single
projection.

2.3

Other Imaging Modalities

Every imaging modality has investigated the problem of CRT non-response in an attempt
to better understand the underlying mechanisms. The majority of the imaging modalities
have mainly focused on establishing MD parameters, but some modalities, including
SPECT MPI, PET and MRI have also investigated the effect that the presence of LV scar
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may have on CRT response. For each relevant imaging modality, a summary of the
studies conducted concerning dyssynchrony and scar assessment is given below.

2.3.1

SPECT MPI

The underlying physics in SPECT perfusion imaging are identical to RNA imaging. The
major difference occurs from the radiotracers used, which are taken up in the blood
vessels (including the major coronary arteries that supply blood to the heart muscle itself.
Therefore, in MPI imaging, the distribution of radiotracer as a function of time permits
measurement of wall motion through the change in myocardial wall thickness. FA
analysis can then be performed on the data in an identical manner to RNA imaging.

It is possible to quantify scar with MPI techniques as reduced uptake of the radiotracer
(i.e. reduced or absent perfusion) in localized regions of the LV is indicative of fibrotic
scar tissue.

2.3.1.1

Dyssynchrony evaluation

The majority of SPECT MPI studies use the Emory Cardiac Toolbox (86) for wall motion
analysis. The software performs FA using the TA method and can output basic FA
parameters such as those described previously.

Trimble et al. (87) validated the

technique, demonstrating that FA parameters measure MD by showing that various phase
analysis parameters can differentiate between various dyssynchrony patient groups. The
study found that all phase analysis parameters investigated were able to differentiate
between normal cardiac patients, LBBB, RBBB, LV dysfunction (LVEF < 40%) and RV
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paced rhythms (87). Van Kriekinge et al. (88) also showed that both global (P_E, P_SD,
P_BW) and regional phase analysis (phase difference between septal and lateral wall)
parameters could successfully differentiate between normal cardiac patients and those
with LBBB.

Henneman et al. (89) investigated the ability of several phase analysis parameters to
predict response to CRT in a group of 42 severe CHF patients. In this population, P_SD
and P_BW produced good results and were significant predictors of response to CRT.
P_SD produced an ROC AUC of 0.78 and an optimal sensitivity and specificity of 74%
at a chosen cutoff value of 43°, while P_BW produced an ROC AUC of 0.78 and a 74%
sensitivity and specificity at a 135° cutoff (89). It is worth noting however, that patients
were classified as responders using a subjective end point (≥1 improvement in NYHA
class), which may not be a true measure of response, as was discussed in section 1.3.
Boogers et al. (90) produced similar results using a different software package, and
indicated that both P_SD and P_BW were able to predict CRT response (≥1 improvement
in NYHA class) in 40 CHF patients.

The study claimed a sensitivity/specificity

combination of 83%/81% for P_SD and P_BW at a cutoff of 19.6° and 72.5° (90).
Interestingly, the cutoff values varied considerably between the studies suggesting that
there may be significant variability between software packages.

2.3.1.2

Scar assessment

The impact that the extent of LV scar has on CRT response has been investigated in a
population of 190 ischemic cardiomyopathy CHF patients by Adelstein et al. (91).
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Results indicated that a greater extent of LV scar significantly reduced the chance of
event free survival (death, heart transplant, or necessary circulatory support) following
CRT (91). It was also shown that ischemic patients with low extent of LV scarring had
outcomes similar to non-ischemic patients (91). Ypenburg et al. (92) determined that a
direct relation exists between response to CRT (≥1 improvement in NYHA class) and the
extent of scar tissue. In a population of 51 ischemic patients, responders had significantly
lower scar scores compared to non-responders (10% vs. 25%, p<0.001).

SPECT MPI measures wall motion through the change in the myocardial wall thickness
as the heart beats. In regions of low perfusion, it is possible that the reconstructed heart
wall appears faint or is missing which can make it difficult to segment the LV. Thus
SPECT MPI may not be ideal for applications where proper LV segmentation is essential,
such as FA.

Nevertheless, recently, Cheung et al. (93) addressed this issue in a

simulation study and determined that FA could accurately measure phases in regions
where perfusion uptake was as low as 10% of uptake in normal regions.

2.3.2

Echocardiography

Echocardiography is an inexpensive and widely available imaging modality that presents
no ionizing radiation risks to the patients or staff. It is capable of imaging cardiac
anatomy as well as functionality with excellent temporal resolution.

The basis of

echocardiography consists of transmitting a sound wave into the body in the MHz range
using a transducer. In echocardiography, the waves target the cardiac system and will
reflect and scatter off of cardiac tissue surfaces. Echo strength and time from the
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emission to recapture of the sound wave represent some of the information obtained.
Echocardiography is a versatile imaging modality and several different acquisition
techniques are possible, such as A-mode, M-mode, B-mode, tissue Doppler imaging
(TDI) and speckle tracking.

2.3.2.1

Dyssynchrony evaluation

In A-mode, or amplitude mode, the transducer sends out repetitive pulses and plots the
signal amplitudes of the reflected waves as a function of time (proportional to depth), as
they are detected (51). M-mode, or motion mode, consists of stacking each A-mode
signal side-by side horizontally, while the vertical axis represents depth (51). Therefore,
each captured echo provides information on the reflection depth while the signal strength
is characterized by the brightness at that particular depth. A M-mode study by Pitzalis et
al. (94) investigated the time interval between the displacement of the septal and posterior
wall during contraction as a marker of dyssynchrony and obtained a sensitivity/specificity
combination of 100%/ 63% in a small single study for predicting outcome to CRT. A
recent study by Petrovic et al. (95) investigated over 40 echocardiographic and identified
two M-mode parameters, left ventricular stroke index and left ventricular fractional
shortening, as the best parameters for CRT response prediction (ROC AUC ≈ 0.70,
p≤0.05).

TDI enables the analysis of blood flow by using the Doppler Effect to determine the
velocity at which low-frequency, high-amplitude, tissue is moving (96, 97). It is also
possible to obtain total displacement by integrating velocity over time (97). TDI enables
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the measurement of important clinical variables which can be used for MD analysis such
as regional peak-systolic velocity and relative timing of contraction (12). Unlike TDI
which is limited to longitudinal motion analysis, speckle tracking can also measure
cardiac motion in radial and circumferential directions by following speckles over time
that appear due to the interaction of the sound waves and myocardial fibers (98). Several
small single centre echocardiographic studies have investigated the ability to predict
response to CRT using TDI derived parameters (99-106) or speckle tracking parameters
with good results (106-109). Of note, Bax et al. identified the time delay to reach peach
systolic velocity between the septal and lateral wall as a significant predictor of CRT
response (ΔLVESV > 15%) (99), producing 92 % sensitivity and specificity at a cutoff of
65 ms (100). Yu et al. (106) reported that the SD of time to peak myocardial contraction in
a 12 segment-model represented the best MD parameter for predicting reverse LV
remodeling (ΔLVESV > 15%) following CRT. Following the positive results of many
smaller single centre studies, the PROSPECT trial set out to investigate the ability of a
dozen pre-selected echocardiographic parameters, based on published literature, to
predict response to CRT in a large multicentre study (110). Results of the PROSPECT
study were not favorable as no single parameter produced ROC AUC results above 0.62
for predicting CRT outcome (34). The study also indicated that the majority of the
parameters produced moderate to high inter- and intra-observer variability leading to the
conclusion that no single echocardiographic parameter may be recommended for use for
CRT patient selection (34).
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2.3.3

Magnetic resonance imaging (MRI)

MRI consists of placing a patient in a strong magnetic field in order to align the magnetic
spins of all tissues in the body along the external field. Localized temporary magnetic
fields pulses produced by RF coils then proceed to alter the magnetization vector of the
affected tissues, causing it to precess around the main magnetic field as it returns to its
equilibrium position. Following this disturbance, the properties of various spin systems
such as transverse and longitudinal relaxation (i.e. dampening of the precession) times,
are measured as they are characteristic of various tissues.

Measurement of these

properties enables high resolution and high contrast anatomical imaging. MRI is noninvasive, and is considered a safe procedure with no side-effects.

2.3.3.1

Dyssynchrony evaluation

MRI is capable of three-dimensional cardiac motion analysis and as such can measure
LV dyssynchrony using tagging techniques (111) to define longitudinal, radial and
circumferential dyssynchrony or by velocity encoded techniques which allows for direct
wall motion measurements (112).

Few MRI studies have investigated solely

dyssynchrony parameters producing comparable results to other modalities using
echocardiography defined MD parameters (113, 114).

2.3.3.2

Scar Assessment

Several MRI studies have investigated the relation between non-response to CRT and the
presence of scar, as assessed by delayed enhancement (DE) MRI (115-119). In DE MRI,
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a gadolinium contrast agent is injected in the patient prior to scanning. The uptake of the
contrast agent has been shown to accumulate in areas of irreversible scar tissue, and can
therefore be used to quantify LV scar. In one study, Chalil et al. (116) found that the
presence of scar in the posterolateral wall in CRT recipients was associated with a poor
clinical outcome while in another study, Chalil et al. (117) determined that total LV scar
size greater than 33% was associated with suboptimal responses to CRT. In a small study
of 23 patients, White et al. (115) determined that a global LV scar cutoff of 15% provided
a sensitivity/specificity combination of 85%/90% while a septal scar cutoff of 40%
provided 100% sensitivity and specificity for predicting CRT outcome. Several other
studies indicated that combining a dyssynchrony marker with the presence of scar
improves the prediction of CRT outcome (120-123).

MRI has shown promise at predicting CRT outcome but unlike other modalities, is
expensive and not readily available in every clinic. Furthermore, MRI imaging is not
feasible in all patients, notably in follow-up CRT scans due to the metallic components of
the pacemaker device. Consequently, MRI may not be an ideal modality for CRT patient
selection.

2.3.4

Positron emission tomography (PET)

PET is a nuclear medicine technique similar in operation to SPECT but uses positron
emitting radionuclides, instead of gamma-ray emitting radionuclides, to bind to
radiotracers. This enables different compounds to be used and thus different functional
information to be assessed. Positrons are highly unstable particles which travel a limited
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range before annihilating with an electron to produce two co-linear gamma-rays of 511
keV each. Using a ring of detectors, the two gamma-rays are detected within a short-time
interval of each other. The coincident detection of the two gamma-rays enables a line of
response to be traced between the two detectors involved, which crosses the location
where the annihilation event occurred. The millions of counts detected in a scan allow
the machine to pinpoint the location of the radiotracer with good resolution.

2.3.4.1

Dyssynchrony evaluation

To date, limited work on dyssynchrony has been performed with PET. Pazhenkottil et al.
(124) performed phase analysis using the Emory Cardiac Toolbox on both FDG PET

scans and SPECT MPI scans of the same patients. A significant correlation existed
between FDG PET and SPECT MPI for evaluating P_SD (r=0.88, p<0.001) as well as
P_BW (r=0.88, p<0.001), while there was a 93% clinical agreement in identifying severe
LV dyssynchrony (patients with both P_BW > 135° and P_SD > 43°) between both
modalities. Uebleis et al. (125) investigated the ability of global FDG PET phase analysis
parameters P_SD, P_BW and P_E to predict response to CRT in a small 14 patient study.
Results indicated that only P_E was significantly different (p≤0.05) between responders
(N=7) and non-responders.

2.3.4.2

Scar Assessment

In the same study as described above, Uebleis et al. (125) also determined that LV scar
burden was significantly greater in non-responders than responders (p≤0.05). Using
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PET/CT hybrid imaging, the study also showed that the pacemaker LV lead was
positioned over non-viable myocardium in 4 patients; all non-responders (125).

Birnie et al. (1) investigated the impact of scar on CRT outcome in the PREDICT
population. Scar burden was evaluated using a 5 segment model and it was determined
that responders had significantly less lateral wall scar than non-responders (p<0.01).
Global and other segmental regions did not possess significantly different scar between
the two groups. The statistical significance remained when investigating the subgroups
of ischemic and non-ischemic cardiomyopathy patients. Lateral wall scar scores were
investigated for their ability to predict response to CRT in subgroups of ischemic (78%
sensitivity and 67% specificity) and non-ischemic etiology (69% sensitivity and 78%
specificity) (1). Results from this study were the first to demonstrate that a significant
relation exists between lateral wall scar and CRT response in an exclusively nonischemic population.

2.3.5

Summary of Imaging Modalities

In summary, all imaging modalities discussed have shown promising results at predicting
response to CRT by quantifying either MD or scar or both. However, no single modality
can be considered to be the gold standard as each present different drawbacks and none
have been able to show definitive and consistent positive results. The presence of LV
scar has been shown to cause adverse effects to CRT recipients and can be assessed by
MRI, PET and SPECT MPI. Several MD parameters have been developed across all
imaging modalities in order to better understand the mechanics behind the non-response
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to CRT. Echocardiography is widely available and is perhaps the most extensively used
modality for dyssynchrony evaluation but is highly operator dependent resulting in poor
reproducibility. MRI and PET remain mostly underdeveloped in dyssynchrony analysis.
FA is a simple technique employed by nuclear imaging modalities which helps to
quantify MD by analyzing wall motion. Several studies from planar RNA, SPECT RNA
and MPI have shown that FA is a reliable, reproducible technique that is ideally suited to
investigate MD. However, further development of novel parameters may be required to
improve MD assessment. SPECT RNA may be in the best position to further develop
wall motion analysis as it provides an accurate 3D representation of the heart’s chambers.

2.4

Quantifying dyssynchrony

Several parameters have been proposed and evaluated for MD quantification, yet no
single parameter has been widely adopted for clinical application.

In FA, several

parameters have been investigated (see section 2.2.1) and produced promising results at
quantifying MD and predicting CRT response. However, there are several unexplored
directions that are needed to better analyze wall motion.

Firstly, to date, mostly global FA parameters have been investigated for MD
quantification and the potential of segmental FA remains undetermined. Several scar
studies (described in section 2.3) have remarked that segmental LV analysis (i.e. lateral
wall) produced the best results for predicting response to CRT. Current global MD FA
parameters may be diluting significant results that segmental analysis may provide. There
is a need to investigate FA parameters in different LV segments. In this study, a 5
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segment model, as defined in 2.1.4.1 and Figure 2.5 is adopted to investigate segmental
analysis.

Secondly, FA parameters have almost exclusively focused on phase analysis, while
amplitude analysis been largely ignored despite being derived in the first order fit.
Synchrony is one of the few MD parameters that incorporates amplitude values and has
shown potential as a MD parameter (68, 73). This suggests that amplitude may provide
additional information and there is a need to investigate the value of amplitude
parameters obtained in first order FA.

Thirdly, the TACs analyzed in FA are not perfect sinusoidal curves and therefore a first
order Fourier fit that is commonly used in FA is not representative of the true shape of
the curve. This may lead to the loss of valuable information concerning wall motion. A
novel technique which analyzes the full shape of the TACs may provide additional
information not provided by FA. Cluster analysis techniques may offer advantages in
this regard and will be described further in chapter 5.

2.5

Study Populations

In this thesis, three patient populations are used for analysis: a normal cardiac population
and two diseased populations: PREDICT and RAFT.
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2.5.1

Normal cardiac population

The normal cardiac population consists of 50 subjects who have undergone SPECT RNA
scans for baseline cardiotoxicity assessment prior to undergoing chemotherapy. All 50
patients have normal electrical and mechanical cardiac function (LVEF > 50%, QRS<120
ms). This population is used in chapter 5 to define normal cardiac wall motion TACs.

2.5.2

PREDICT population

The “PET to assess reduction in end systolic volume following CRT” (PREDICT)
population (1) consists of 49 CHF patients selected for CRT (LVEF < 30%, QRS > 120
ms, NYHA class II or III) who were referred to the University of Ottawa Heart Institute
(UOHI). This group received both a planar and SPECT RNA scan, as well as PET
perfusion and viability scans prior to CRT. All patients underwent RNA scans 3 months
after CRT for functional improvement assessment. All patients filled written consent
forms and the PREDICT study was approved by the University of Ottawa Research
Ethics Board. It is used in chapter 3 to investigate the correlation between amplitude
parameters and the presence of scar. In chapter 4, the population is used to identify the
best phase and amplitude parameters which predict CRT outcome.

Finally, in chapter 5,

the PREDICT population serves to optimize the cluster analysis algorithm for CRT
prediction outcome.

2.5.3

RAFT Population

The Resynchronization–Defibrillation for Ambulatory Heart Failure Trial (RAFT)
population (2, 3) is a large, multi-centre study spearheaded by the UOHI, which enrolled
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nearly 1800 patients CHF patients with LVEF ≤30%, QRS≥120ms, NYHA class II/III.
The study is randomized trial which investigated the benefits, if any, of adding CRT to an
ICD in mild to moderate CHF patients. A sub-population (N=214) of the RAFT group
underwent SPECT RNA scans prior to undergoing surgery for an ICD or ICD and CRT.
This population is used in chapter 4 to further evaluate the best predictive parameters
identified by the PREDICT population.

2.6

Objective and Hypothesis

The goal of this research is to enhance the quantification of cardiac wall motion using
novel SPECT RNA methodologies for improved mechanical dyssynchrony evaluation of
patients. Using the baseline scans of patients selected for CRT, the following hypotheses
will be tested:

An improvement in the assessment of mechanical dyssynchrony will help predict the
outcome of CRT patients alone.

The incorporation of segmental mechanical

dyssynchrony parameters will provide valuable information that may be lost or
diminished in single, global dyssynchrony parameters.

Novel amplitude based

parameters obtained from FA will correlate with scar and provide valuable information
that may be used as a surrogate for predicting CRT response. Lastly, cluster analysis will
provide a novel way to assess mechanical dyssynchrony patterns which may improve on
existing FA techniques to predict CRT response because it includes the full shape of the
TACs in its analysis.
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Chapter 3
Evaluation of the correlation between scar
and amplitude

3.1

Introduction

Myocardial scar size in the lateral wall has been shown to be predictive of CRT response
(1). It has not been previously verified whether FA parameters and scar values are
independent or if there exists a degree of interrelation between them. Scar is associated
with weakened contractile function which impairs regional LV wall motion. A reduction
in the magnitude of contraction in a scarred segment may cause a reduction in the
corresponding amplitude values derived from FA. Thus the size of the myocardial region
with abnormal amplitude, as obtained from FA, may correlate with scar size and could
serve as a surrogate to scar size for predicting CRT response. The two main objectives of
this study were to determine whether novel amplitude parameters could serve as a
surrogate marker for scar in predicting response to CRT and, secondly, to determine the
correlation between amplitude in the lateral wall as assessed by SPECT RNA and lateral
wall scar as assessed by FDG PET imaging.
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3.2

Material and Methods

3.2.1

Patients

The PREDICT population (section 2.5.2) was used for this analysis which included 49
patients (LV ejection fraction (LVEF) < 30%, QRS > 120 ms, New York Heart
Association (NYHA) class II or III) who underwent baseline PET scans as well as a
SPECT RNA scan prior to pacemaker implantation. Of the 49 patients, 39 had left
bundle branch block (LBBB) and 10 were diagnosed with another non-specific LV intraventricular conduction delay.

The patient population was further stratified into subgroups of ischemic (n=27) and nonischemic (n=22) etiology as follows. Patients with a history of myocardial infarction and
evidence of coronary disease (at least 1 stenosis ≥ 70% in at least 2 major arteries) were
classified as ischemic. Patients without history of infarction or coronary disease were
classified non-ischemic (1, 126).

3.2.2
3.2.2.1

Scar / Amplitude Data Acquisition
PET Imaging

Each patient underwent both a Rubidium-82 PET perfusion scan and a F-18
fluorodeoxyglucose (FDG) viability PET scan under resting conditions. PET studies
were performed on a Discovery Rx PET/CT scanner (GE Healthcare) following our
standard clinical protocols (127-130). Briefly, a low-dose CT transmission scan was
performed first for attenuation correction.

Intravenous doses of approximately 10
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MBq/kg of Rb-82 and 5 MBq/kg F-18 FDG were then administered for the perfusion (8
min) and viability (30 min) scans respectively.

3.2.2.1.1

PET Analysis

Both PET scans were used in conjunction to assess the extent of scar in the LV, following
methods established in our lab (128, 131). Transverse images were reconstructed using
Fourier rebinning and filtered back projection with 12 mm Hann window of the Ramp
filter, and then analyzed automatically by the FlowQuant© software (127, 128, 132, 133)
(University of Ottawa Heart Institute). In brief, the LV was sampled into a polar map
with 460 sectors. Following the automatic normalization and scaling process (127, 128),
each sector was assigned a perfusion value equal to its percentage of maximum uptake.
Any sector with less than 80% normalized perfusion and less than 80% normalized FDG
uptake was considered to have scar (127, 128). Scar size was defined as the number of
sectors (expressed as a percent of the LV) which fit these criteria.

For each scar sector, a scar score was calculated (equation 3.1) by subtracting the
normalized FDG (or perfusion value, whichever is greater) from the maximum
normalized perfusion value, (i.e. 1 – FDG) (128). Total scar score was calculated by
summing the scar scores across all the sectors in the desired segment, dividing by the
number of sectors and multiplying by 100 to obtain a percent score.

( )

∑

(

)

(3.1)
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where FDGi is the normalized uptake of FDG in the ith sector and n is the number of
polar map sectors in the lateral wall. The lateral wall was defined based on a 5 segment
heart model, as shown in Figure 2.5.

3.2.2.2

RNA Imaging

Prior to the RNA scan, patients were administered 1417 ± 212 MBq of Tc-pertechnetate
using a modified in vivo red blood cell labeling method (see section 2.1.2). A planar
RNA scan was acquired at the 45° left anterior oblique orientation and electrocardiogram
(ECG)-gated into 24 time frames. SPECT RNA imaging was then performed using a
dual head gamma camera (90° orientation) with low energy high resolution collimator
(CardiaL gamma camera (GE Healthcare)).

Counts were recorded at 60 different

projections for 25 seconds per projection over a span of 180° and were ECG-gated to 8
time frames.

The SPECT data were reconstructed into transverse slices using filtered back projection.
Images were smoothed using a fifth order 3D Butterworth filter (0.35 Nyquist frequency
cutoff), reoriented to short axis slices and resized from 64 X 64 to 128 X 128 using cubicspline interpolation for a final pixel size of 3.44 mm X 3.44 mm X 6.88 mm.
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3.2.2.2.1

SPECT RNA Fourier Analysis

SPECT RNA data were analyzed using in-house FA software described in section 2.2.2.
For each patient, all FA amplitude values were normalized to the patient’s maximum
amplitude. This reduced the inter-patient variability by minimizing the effect of factors
such as the amount of activity administered and allowed for more accurate comparisons
between patients.

For this analysis, an amplitude size and an amplitude score parameter were developed
analogous to scar size and scar score definitions. A sector was defined as abnormal if its
normalized amplitude was less than a certain threshold. To determine the amplitude
threshold which would produce the best prediction of CRT response, cut-off values from
10% to 90% in increments of 1% were investigated.

Abnormal amplitude size

(AmpSize) was defined as the number of sectors, expressed as a percentage, which had
abnormal amplitude values.

For each abnormal sector, an abnormal amplitude score (equation 3.2) was calculated by
subtracting the sector’s normalized amplitude value from 1, (i.e. 1 – amplitude). Total
abnormal amplitude score (AmpScore) was calculated by summing the amplitude scores
across all the sectors in the lateral wall, dividing by the number of sectors and
multiplying by 100 to obtain a percent score.

( )

∑

(

)

,

(3.2)
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where amplitudei is the normalized amplitude in the ith segment and n is the number of
sectors in the lateral wall. The lateral wall was defined based on a 5 segment heart
model, as shown in Figure 2.5.

3.2.3

CRT Response

Response to CRT was based on reverse remodeling of the left ventricle assessed at a 3month post-implant follow-up. At the 3 month follow-up, both planar and SPECT RNA
scans were acquired following the same protocols used for the pre-implant acquisitions.
The pre-defined response criteria were either an improvement in LVEF ≥ 5% and/or a
reduction (improvement) in LV end-systolic volume (LVESV) by 10% or more (1, 36).
Planar RNA data were used to calculate LV ejection fraction as well as end-systolic and
end-diastolic volumes using FUGA (FUnctional Gated Analysis) software from Hermes
Medical Solutions. LV segmentation was performed automatically by FUGA software
using a second order derivative technique established by Forrester et al. (134) in which
the segmented LV region of interest (ROI) obtained at end-diastole was fixed across each
frame. The total counts in the ROI obtained at end-diastolic and end-systolic frames are
individually corrected for background counts and then used to calculate the LV ejection
fraction.

End-systolic and end-diastolic volumes were then calculated using the

technique defined by Massardo (135).

3.2.4

Data Analysis

A Pearson correlation coefficient (r) was used to determine the correlation between
AmpSize and scar size, as well as AmpScore and scar score, in the lateral wall. A
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Wilcoxon rank sum test was used to determine if any significant differences existed
between the means of two sample data sets. This test was performed on the whole
population as well as in the two subgroups: ischemic and non-ischemic. A Fisher exact
test was used for comparisons of categorical variables and a Fisher z-transform was used
to compare the Pearson correlation coefficients. A p-value of ≤ 0.05 was considered
statistically significant for all tests.

ROC AUC values were computed using ROCKIT software (University of Chicago, IL) to
determine the ability of FA parameters to predict response to CRT. Cut-off values were
chosen so that the specificity would be similar to those presented in the Birnie paper (1)
for scar size. Sensitivity, specificity and cut-off value were reported for each parameter.

3.3
3.3.1

Results
Patients

Of the 49 patients analyzed, 31 (63%) were identified as responders compared to 18 nonresponders. In the ischemic subgroup (N= 27), 18 (65%) were responders, whereas in the
non-ischemic subgroup (N = 22), 13 (59%) were identified as responders.
Patient demographics stratified by responder status and divided in sub-groups of ischemic
and non-ischemic etiology are shown in Table 3.1 and Table 3.2. None of the baseline
variables were significantly different (p>0.05) between responders and non-responders in
any group.
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Table 3.1 Patient demographics for the PREDICT population stratified by responder status

Responders

Non-Responders

N

31

18

Age

68 ± 9

67 ± 10

LVEF (%)

21 ± 7

23 ± 8

LVESV (mL)

232 ± 77

231 ± 136

QRS duration (ms)

172 ± 25

162 ± 27

Gender (M/F)

24/7

17/1

NYHA Class (II/III)

10/21

3/15

ΔEF (%)

10 ± 9

*

-1 ± 5

ΔESV (%)

-30 ± 23

*

11 ± 26

LVEF = left ventricular ejection fraction; LVESV = left ventricular
end-systolic volume; NYHA = New York Heart Association; * denotes
p≤0.05 between responders and non-responder.
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Table 3.2: Patient demographics stratified by ischemic etiology and responder status

Ischemic population

Non-Ischemic population

Responders

Non-Resp.

N

18

9

13

9

Age

73 ± 7

70 ± 8

62 ± 8

64 ± 11

LVEF (%)

20 ± 6

25 ± 5

22 ± 8

21 ± 11

LVESV (mL)

227 ± 68

186 ± 51

239 ± 90

278 ± 179

QRS duration (ms)

173 ± 25

154 ± 30

169 ± 25

171 ± 22

Gender (M/F)

17/1

9/0

7/6

8/1

NYHA Class (II/III)

6/12

3/6

4/9

0/9

ΔEF (%)

7±7

*

3 ± 11

14 ± 10

*

-2 ± 6

-22 ± 23

*

20 ± 35

-39 ± 21

*

20 ± 35

ΔESV (%)

Responders

Non-Resp.

LVEF = left ventricular ejection fraction; LVESV = left ventricular end-systolic volume; NYHA = New
York Heart Association; * denotes p≤0.05 between responders and non-responders in each population.
For all other variables, p > 0.05 between responders and non-responders(Non-Resp) in same population.

3.3.2

Scar vs. Amplitude Correlation

Correlation results between lateral wall scar and amplitude size are shown in Table 3.3
and Figure 3.1, whereas correlation between lateral wall scar and amplitude score are
shown in Table 3.4 and Figure 3.2.
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Figure 3.1: Correlation between lateral AmpSize and lateral wall scar size for: A) ischemic
responders, B) ischemic non-responders, C) non-ischemic responders and D) non-ischemic nonresponders

Table 3.3: Correlation coefficient between AmpSize and scar size in the lateral wall

Population

r

Population

r

Ischemics

0.64*

Ischemic Responders

0.52*

Ischemic Non-Responders

0.77*

Non-Ischemic Responders

0.07

Non-Ischemic Non-Responders

0.56

Non-Ischemics

Whole

0.36

0.51*

* statistically significant (p≤0.05)

71

Figure 3.2: Correlation between lateral AmpScore and lateral wall scar score for: A) ischemic
responders, B) ischemic non-responders, C) non-ischemic responders and D) non-ischemic nonresponders

Table 3.4: Correlation coefficient between AmpScore and scar score in the lateral wall

Population

r

Population

Ischemic

0.55* Ischemic Responders
Ischemic Non-Responders

Non-Ischemic

0.47* Non-Ischemic Responders
Non-Ischemic Non-Responders

Whole

r
0.38
0.72*
0.08
0.68*

0.50*

* statistically significant (p≤0.05)
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Lateral wall AmpSize and AmpScore showed a significant positive correlation (p≤0.05)
with lateral wall scar size (r = 0.51) and lateral wall scar score (r = 0.50), respectively, in
the whole patient cohort. In both cases, the correlation was further strengthened in the
ischemic sub-population (r = 0.64 and r = 0.55) for AmpSize and AmpScore respectively
(p≤0.05).

All subset combinations of ischemia/non-ischemia and responders/non-responders
showed positive correlation between lateral wall AmpSize and lateral wall scar size,
though only ischemic responders and ischemic non-responder sub-groups were
significant (p≤0.05). The correlation between AmpScore and scar score was significant
(p≤0.05) in the ischemic non-responder group as well as in the non-ischemic nonresponder sub-group.

3.3.3

CRT Response

An amplitude threshold of 41% was determined to give the best AmpSize and AmpScore
results for ROC analysis. All amplitude-based results presented in this study were
obtained using a 41% cutoff. Table 3.5 shows ROC AUC, and the chosen sensitivity and
specificity for AmpSize, AmpScar, scar size and scar score in the lateral wall. ROC
AUC results indicated that scar-based parameters were predictive of CRT outcome
(p≤0.05).

Scar-based parameters tended to produce greater ROC AUC values than amplitude-based
parameters but the differences were not statistically significant in any of the groups (p >
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0.05). ROC AUC values for both scar and amplitude were greater in the ischemic group
for all parameters. Amplitude based parameters had a sensitivity of 83% and specificity
of 67% in the ischemic population, while scar size had a sensitivity of 78% and
specificity of 67%, and scar score had 72% sensitivity and 67% specificity at the chosen
cutoff values. Figure 3.3 compares the ROC curves of amplitude and scar the ischemic
population. However, in the non-ischemic population, scar size results suggest improved
performance over the other amplitude parameters, producing a sensitivity of 69% and
specificity of 78%.

Table 3.5: Lateral wall ROC area under the curve values for CRT response prediction for AmpSize,
AmpScore, scar size and scar score for each group. Comparable sensitivity, specificity and cut-off
values are also presented. Scar size data previously published by Birnie et al. (1).

Population

Amp Size

Amp Score

Scar Size

Scar Score

Whole Population
AUC

0.60 ± 0.08

0.60 ± 0.08

0.72 ± 0.07*

0.78 ± 0.07*

Sensitivity (%)

77

77

74

77

Specificity (%)

56

56

56

56

Cut-off

29.0%

19.0%

19.0%

5.6%

Ischemic Population
AUC

0.68 ± 0.11

0.67 ± 0.11

0.75 ± 0.10*

0.83 ± 0.08*

Sensitivity (%)

83

83

78

72

Specificity (%)

67

67

67

67

Cut-off

25.0%

19.0%

31.2%

8.4%

74

Non-Ischemic Population
AUC

0.56 ± 0.13

0.58 ± 0.12

0.75 ± 0.10*

0.78 ± 0.10*

Sensitivity (%)

54

54

69

62

Specificity (%)

56

56

78

67

Cut-off

12.5%

10.0%

7.0%

2.0%

AUC , area under the curve; * ROC AUC values statistically significantly (p ≤ 0.05)

Figure 3.3: ROC Curves for a) Scar size and AmpSize and b) Scar Score and AmpScore in the lateral
wall for the ischemic population. ROC AUC values for AmpSize and AmpScore were 0.67 and 0.68
respectively (p=ns) while ROC AUC values of 0.75 and 0.83 (p≤0.05) were obtained for scar size and
score respectively. None of the AUC values were significantly different from each other (p>0.05)

3.4

Discussion

A moderate positive correlation was observed between lateral wall amplitude based
parameters obtained from SPECT RNA FA and the corresponding lateral wall scar
parameters as assessed from perfusion and FDG PET scans. By definition, scar size and
AmpSize were binary evaluators of scar, identifying sectors of low perfusion/viability or
low amplitude (i.e. extent or spread of abnormal values), but they did not provide
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information on the severity of the abnormality in those regions. On the other hand, scar
score and AmpScore indicated the total amount of perfusion/viability or amplitude
present (i.e. severity of the abnormal value) in the lateral wall, but provided no
information on the size of the region affected.

Both AmpSize and AmpScore produced similar correlation coefficients with respect to
scar size and scar score which were not statistically different (p>0.05) from one another.
Although there is considerable variability in individual sector scores, once the total score
sum is obtained from all sectors in the lateral wall, there exists a strong correlation
between score and size for both amplitude and scar based parameters. This suggests that
the average score per sector is relatively constant across patients.

To separate normal from abnormal normalized amplitude, a range of cut-off values
between 10 and 90% were investigated.

It was determined that a cut-off of 41%

produced the largest ROC AUC for predicting response to CRT in the PREDICT
population for the AmpSize and AmpScore metrics. In another population, a different
abnormal amplitude threshold value may provide improved ROC AUC results as the size
of the PREDICT population was relatively small and thus may not represent the general
population. Nevertheless, the ROC AUC values were not very sensitive to the choice of
cut-off as similar AUC values were found for a wide range of cut-off values.
Additionally, changing the threshold cut-off value of AmpSize and AmpScore may also
impact the correlation with scar parameters. However, the impact is believed to be
minimal as the direct correlation of the normalized amplitude (without using any cut-off
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values) to the scar–based parameters varied little from the ones presented in Tables 3.3
and 3.4. The correlation differences were all less than 0.06 and none were significant.

Using lateral wall scar size as a measure of scar, a correlation coefficient of r = 0.51 was
observed when comparing to lateral wall AmpSize.

This correlation was further

strengthened when investigating the ischemic population exclusively (r=0.64) but was not
significant in the non-ischemic population (r=0.36).

It was expected that ischemia

would induce necrosis in myocardial tissue which would be observed as scar and
decreased contractility, leading to reduced wall motion and thus greater AmpSize.
Ischemic patients presented a greater range of wall motion abnormalities relative to nonischemic patients which may have helped improve correlation coefficients. Furthermore,
scar formation in ischemic cardiomyopathy patients is characteristically transmural scar,
whereas for non-ischemic cardiomyopathy patients the mechanism of scar formation is
not as clear and is often restricted to the epicardium and midwall (136-138). These
differences in scar formation and location could explain differences in significance of the
correlation values between the two sub-groups. With scar score and AmpScore, where the
severity of scar or amplitude reduction is included in the metric, the results are similar for
the two sub-populations. The correlation in the lateral wall was found to be significant in
both sub-populations: r=0.55 in the ischemic population and r=0.47 in the non-ischemic
population.

The moderate correlation results suggest that there is some independence between the
two metrics, and that factors other than scar impact LV contraction amplitude. This is
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also demonstrated by the wide spread of amplitude values observed in patients with low
scar sizes, as shown in Figure 3.1.

Non-ischemic cardiomyopathy patients form a heterogeneous group in which heart
failure can be attributed to a variety of causes that can affect the myocardium differently.
This may cause greater variability in the magnitude of contraction of the LV unrelated to
the presence of scar.

Furthermore, the different location and mechanisms of scar

formation due to the various types of non-ischemic cardiomyopathy may also affect the
contraction of the heart differently. Both of these factors might alter the correlation
between amplitude and scar in non-ischemic populations.

Lateral wall scar score produced the greatest ROC AUCs of all parameters: 0.78 in the
whole population, 0.83 and 0.78 in the ischemic and non-ischemic populations
respectively (p≤0.05 compared to chance).

Previously, our group identified that lateral

wall scar size was shown to be predictive of CRT outcome (p≤0.05) in this same study
population, and ROC values were found to be 0.72, 0.75 and 0.75 in the whole, ischemic
and non-ischemic populations respectively (1). In all cases, values below the cutoff
denoted the responder group, indicating that CRT recipients are more likely to respond if
they have a low amount of lateral wall scar or a low lateral wall AmpSize/AmpScore
value (i.e. patient possesses normal amplitude).

While ROC AUC values for AmpSize and AmpScore did not achieve statistical
significance (p>0.05) with respect to chance, ROC AUC and the optimal values of
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sensitivity and specificity were not significantly different (p>0.05) in both the whole
population and ischemic population groups from those of scar size and scar score.
Furthermore, AmpSize and AmpScore successfully identified 3 responders and 1 nonresponder that both scar based

parameters incorrectly identified in the ischemic

population whereas scar size correctly identified 2 responders and 1 non-responder in
contrast to AmpSize and AmpScore. This fact, combined with similar ROC results and
the only moderate correlation results of amplitude-based parameters versus scar-based
parameters in the ischemic population suggest that amplitude-based parameters may be
imperfect surrogate markers of scar but may provide additional complementary
information to scar-based parameters for detecting CRT response.

Responders had significantly less lateral wall scar than non-responders and all patients
(N=9) without lateral wall scar were responders. Furthermore, 16 of the 20 patients with
lateral scar less than 10% were responders, confirming that a lack of scar or minimal scar
is highly indicative of response. However, the variability of lateral wall amplitude values
observed in these same low scar patients was large, as observed in Figure 3.1 and Figure
3.2, causing a large overlap of lateral wall AmpSize (AmpScore) values between the
responder and non-responder groups and reducing the statistical significance of lateral
wall amplitude parameters as a predictor of CRT. As can be observed in Figure 3.3 for
the ischemic population, at low scar values (~<12%), scar size (score) provides excellent
specificity, but due to the large variability in amplitude values for patients who possess
low scar, the ROC curve for AmpSize (AmpScore) performed considerably worst. For
higher scar values (>12%), both amplitude based and scar based parameters performed
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equivalently.

This explains the smaller ROC AUC values reported for lateral wall

AmpSize and AmpScore despite the equivalence of the selected sensitivity and
specificity values with respect to scar size and score.

A limitation of the study is that the polar maps were generated independently for the PET
and SPECT RNA scans and thus may not have been perfectly aligned. A misregistration
could cause some amplitude values to be assigned to a different segment than the scar
value of that sector. However, the polar maps were split into 5 large segments and
misregistration of a few sectors would have limited impact on total value measured in the
lateral wall. Furthermore, the cutoff values of 80% normalized perfusion and 80%
normalized FDG uptake, used to denote the presence of scar, are specific to our
institution. Different cutoff values are possible and the effect of varying these values is
unclear and is beyond the scope of this study.

A further limitation of the SPECT RNA FA is that the ROI’s positioned around the LV
wall are fixed as the LV beats.

Consequently, all types of cardiac wall motion

(contraction, rotation, longitudinal motion) will affect the counts recorded in an ROI.
However, global translation and rotation of the LV wall may be independent of regional
scar. For example, it is possible for a section of the LV to not be contracting due to
presence of scar, but for the counts in a fixed ROI to change due to a translation of the
LV. Further investigation is warranted to establish the magnitude of effect that rotational
and translational heart motion have on measured amplitudes.
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The relatively small population size limited the statistical power for determining
significant differences in amplitude between responders and non-responders, especially
when subdividing into ischemic and non-ischemic groups. However, the population size
was sufficiently large to establish a correlation between amplitude and scar in most subgroups.

This study is the first to examine the correlation between scar and magnitude of
contraction as assessed by amplitude analysis. In the ischemic population, amplitude
based parameters provided similar sensitivity and specificity to that determined using
scar values.

However the correlation was only moderate and different specific

responders / non-responders were identified with the two metrics. This suggests that
amplitude should be further developed and utilized in FA to better quantify mechanical
dyssynchrony, and consequently predict CRT outcome. Three MRI studies have reported
that adding a dyssynchrony marker provides incremental information to scar for the
prediction of CRT response (120, 123, 139). A recent SPECT myocardial perfusion
imaging study showed that combining mechanical dyssynchrony, myocardial scar and
site of latest activation resulted in a positive predictive value of >90% for identifying
CRT responders (140).

All of these results suggest that a combination of several

parameters may be required to be able to significantly improve the ability to predict
response to CRT. Further investigation is warranted to determine if a combination of
scar size and a mechanical dyssynchrony FA parameter may improve patient selection for
CRT.
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3.5

Conclusion

Lateral wall amplitude based parameters obtained from SPECT RNA FA produced an
overall accuracy in predicting CRT response in ischemic patients that was not
significantly different to that predicted by PET lateral wall scar parameters.

A

significant correlation existed between amplitude size and scar size in the lateral wall but
an r=0.51 (r=0.64 for ischemic patients) suggested that amplitude may provide
complementary information to scar for identifying CRT responders.
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Chapter 4
Development of novel FA parameters

4.1

Introduction

In the previous chapter, AmpSize and AmpScore were evaluated exclusively in the lateral
wall for their ability to predict CRT response. That evaluation showed promising results
and so in this chapter, the investigation of segmental wall-motion analysis was expanded
to include all of the 5 segments. As discussed previously, amplitude has not been
investigated to the same extent as phase-based parameters and could potentially provide
valuable information on MD. Therefore, several novel amplitude-based FA parameters
were developed and evaluated for their ability to predict response to CRT.

The

amplitude-based parameters were compared to established phase-based FA parameters in
the context of a small study population (PREDICT). The most promising candidates for
both phase- and amplitude-based parameters were then carried forward for evaluation in a
larger blinded study (RAFT) to assess their respective abilities to predict response to
CRT therapy.

Two potential confounding factors were identified as part of the previous study (chapter
3): global cardiac motion and the count drop-out in the latter time-bins due to variable R83

R ECG gating intervals. Novel methods to incorporate compensation for these factors
and thereby assess their impact were also included in the studies presented in this chapter.

4.2
4.2.1

Materials and Methods
Patients

The PREDICT study (section 2.5.2) was used to identify FA parameters that have the
potential to predict response to CRT. A total of 49 patients were evaluated and a total of
27 patients were classified as ischemic, as established in chapter 3.

The RAFT study (section 2.5.3) was used to validate selected FA parameters, identified
by the PREDICT population, that were significantly different between responder and
non-responder groups. A total of 214 CHF patients (LVEF ≤30%, QRS≥120ms, NYHA
class II/III) in the RAFT study received SPECT RNA scans. Of these, 103 were placed
in the ICD control arm and 111 received both an ICD and CRT. The majority of the
analysis focused on the ICD+CRT group because the main objective was to better
understand why some CRT recipients do not respond.

4.2.2

SPECT RNA data acquisition

The imaging acquisition protocol used was identical, with the exception of temporal
resolution, in both the RAFT and PREDICT studies and was detailed in the previous
chapter (see section 3.2.2.2).
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Each SPECT RNA scan obtained for the PREDICT population was ECG gated into 8
time frames. In the RAFT population, the SPECT RNA scans of 168 patients were gated
into 8 time frames while the RR interval was divided into 16 gates for the 46 remaining
patients.

4.2.2.1

Compensation for count drop-off

Gating artifacts can occur in SPECT RNA images and a common artifact is for the last
gates in the cycle to contain abnormally low count densities with respect to the other
gates.

Images are acquired by summing over several hundred cardiac cycles, thus

variations in the heart beat (R-R interval) during the course of a scan can cause the data
acquisition during the latter gates to be truncated prematurely. As long as the R-R
interval is within the pre-defined accepted beat window range, the counts from the
cardiac cycle will be included. The shorter duration of the last gates causes a reduction in
the counts acquired, creating a lower intensity image in that gate.

The presence of low-count gates affects the shape of a TAC which will in turn affect the
accuracy of the first order Fourier fit.

Only one study has investigated the impact of

gating artifacts on FA and they determined that the presence of low count gates caused an
underestimation of P_SD (141). To compensate for this effect, all SPECT RNA patient
scans in our study were verified for low count density gating artifacts by determining the
total counts at each gate.

All gates with intensity less than 90% of the patient’s

maximum intensity gate were scaled up to 90% while severely low count gates under
60% of maximum intensity were dropped. In patients with gating artifacts present, FA
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parameters before and after implementation of the gating correction were compared to
determine if the differences were significant.

4.2.2.2

Translation correction

To compensate for global translation of the heart during cardiac contraction, a
modification was made to the LV segmentation algorithm of the SPECT RNA analysis
code described in 2.2.2. As was discussed previously, in each of the 18 resampled slices,
the LV COM is used at the end-diastolic gate as a starting point for the LV segmentation.
Each of the 568 ROI’s defining the LV were then fixed as the heart beats. To correct for
translation, first, the LV COM coordinates were calculated at each gate of every slice.
Second, at each gate, t, a single COM value was retained from all the slices by
determining the median COM. Third, at each gate, t, the distance between the median
LV COM and the end-diastolic (gate 1) COM was calculated (Equation 4.1). Fourth, all
the ROIs across all slices at gate t were shifted by the rounded integer difference in COM
(Equation 4.2).

(

)

(

),

(4.1)

where x and y are Cartesian coordinates of the zth SA slice at gate t.

(

) ,

(4.2)

where i represents the ith ROI at slice z and gate t.
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For example, if there were 36 ROI’s positioned around the LV at the 3rd gate of the 5th
slice, each of the 36 ROI’s were shifted by the same amount, based on the COM
difference between the 1st gate and the 3rd gate.

A TAC was created for each of the 568 ROIs based on the total counts as a function of
time. Since the ROI’s may have shifted at any or all gates, the TAC shape will differ
from the original non-translated TAC, affecting subsequent FA analysis. In order to
directly evaluate the effects of translation and eliminate variability, patient data were
analyzed with and without translation correction in a single step.

4.2.3

FA analysis

Using the PREDICT population, 7 different FA parameters were investigated for their
ability to predict CRT as a global value and also for each segment in a 5 segment model.
Thus, a total of 42 parameters were investigated. Of the 7 parameters, 4 have been
previously described in 2.2.1 : P_SD, P_BW, P_E and S. The remaining 3 were novel
parameters based on amplitude analysis. They were defined analogous to phase-based
parameters and are described below. As discussed in chapter 3, all amplitude values were
normalized to a patient’s maximum amplitude to reduce inter-patient variability.

4.2.3.1

Amplitude Average (A_AVG)

A_AVG is a straightforward but novel FA parameter that is easily calculated by
determining the average of all amplitude values in a region (global or segmental). Since
the values are normalized for each patient, this value is relative, which indicates that if
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the whole segment of interest is contracting poorly, the A_AVG will appear normal. This
is true of all amplitude-based parameters. However, without normalization, inter-patient
variability would be too great, making it difficult to detect patients with abnormal
amplitude.

4.2.3.2

Amplitude Standard Deviation (A_SD)

A_SD, defined below in equation 4.3, is analogous to P_SD (Equation 2.11):

√ ∑

(

) ,

(4.3)

where N is the number of data points in the segment. A large A_SD value indicates a
wide range of magnitude of contraction exists within the various locations in a segment.
Therefore, a larger A_SD value represents an increase in MD.

A_BW was not

investigated as it is similar in definition to A_SD and phase-analysis results have not
shown a large difference between P_SD and P_BW (87, 89, 90, 125).

4.2.3.3

Amplitude Entropy (A_E)

The equation used to calculate A_E is analogous to P_E (Equation 2.13) and is repeated
below for convenience (equation 4.4). A_E values range from 0 (complete order) to 1
(complete disorder) and a high degree of entropy is indicative of non-uniform wall
motion and represents increased MD.
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However, the probability, U(A), is based on the amplitude distribution instead of the
phase distribution.
∑

( )

( )

,

(4.4)

where M is the total number of bins and U(A)i is the probability of an amplitude value
being placed in bin i. The probability, U(A)i, for each bin is the fraction of the total data
points located in the bin. P_E was shown to be largely insensitive to bin size and thus bin
size for A_E calculations was arbitrarily chosen to be 0.01.

4.2.4

CRT response

Response to CRT in the PREDICT population was defined as an improvement in LVEF
> 5% and/or reduction in LVESV > 10% following the procedure outline in section 3.2.3.
For the larger RAFT population, CRT response was based on having no adverse
outcome, defined as subsequent hospitalization or death. Time to event was also recorded
to allow for advanced statistical analysis. For this analysis, hospitalization and death
were individually investigated as non-response criteria but a hospitalization and/or death
combination outcome was also considered.

4.2.5

Data Analysis

Paired or unpaired Wilcoxon rank sum tests were used, where appropriate, to identify
significant differences between two continuous variables. A Fisher exact test was used
for categorical variables. Translation corrected parameters p-values were compared to
non-translation corrected parameters p-values to determine if any parameters gained or
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lost statistical significance. ROC analysis was performed on select FA parameters in the
PREDICT and RAFT population and ROC AUC values were compared using a z-score
test. Youden’s index was used to determine the cutoff value of optimal sensitivity and
specificity. In all cases, a p-value of 0.05 or less was considered significant.

4.3
4.3.1

Results
Patients

The demographics of the PREDICT population have been given previously in Table 3.1.
Using the pre-defined CRT response criteria, there were 31 responders (63%) and 18
non-responders in the whole population. None of the baseline demographic variables
presented significant differences between responders and non-responders.

Of the 214 RAFT patients with SPECT RNA data, 103 were assigned to the ICD only
group, while 111 received both an ICD and CRT. The patient demographics for the
RAFT population receiving both ICD and CRT are given in Table 4.1 below. For both
CRT non-response criteria, CHF hospitalization and death, there were 85 responders
(77%) and 26 non-responders. In the death or CHF hospitalization combination group,
69 (62%) were identified as responders, while 42 had suffered at least 1 of the adverse
outcomes. QRS duration was greater (p=0.04) in responders in the CHF hospitalization
outcome group, but not in the other outcome groups while in the death outcome group,
age was a significant predictor of death (p=0.02). In both the death and combination
group, patients with a pre-implant NYHA class of II had significantly better chance of
response than class III patients (p<0.01). No other baseline variables were significant.
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Table 4.1: Patient demographics for the RAFT ICD+CRT population stratified by responder for
various outcomes.

p-value

N

Non-Response criteria: CHF Hospitalization
Responder
Non-responder
85
26

Age

66.4 ± 9.4

63.5 ± 9.5

0.12

LVEF (%)

21.7 ± 5.5

24.0 ± 4.7

0.06

QRS duration (ms)

162.3 ± 25.0

151.8 ± 29.1

0.04

Gender (M/F)

71/14

23/3

0.76

NYHA Class (II/III)

67/18

19/7

0.60
p-value

N

Non-Response criteria: Death
Responder
Non-Responder
85
26

Age

64.6 ± 9.5

69.5 ± 8.3

0.02

LVEF (%)

22.2 ± 5.2

22.2 ± 5.9

0.92

QRS duration (ms)

159.6 ± 25.6

160.7 ± 28.9

0.95

Gender (M/F)

73/12

21/5

0.54

NYHA Class (II/III)

73/12

13/13

<0.001

N

Non-Response criteria: Death or CHF hospitalization
Responder
Non-responder
69
42

p-value

Age

65.5 ± 9.5

66.2 ± 9.5

0.73

LVEF (%)

21.8 ± 5.4

22.8 ± 5.3

0.36

QRS duration (ms)

162.1 ± 25.0

156.1 ± 28.0

0.17

Gender (M/F)

58/11

36/6

1.00

NYHA Class (II/III)

60/9

26/16

0.004
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4.3.2
4.3.2.1

SPECT RNA data acquisition
Gating correction

In the PREDICT population, none of the patients met the criteria to require rescaling of
count intensities. In total, 17 RAFT patients had at least 1 gate rescaled and 4 patients had
a single gate dropped.

All patients’ scans that required rescaling and/or gate drops

received a 16 gate ECG gated scan. Sample total normalized count curves as a function
of gate are given in Figure 4.1 below.

Figure 4.1: Normalized counts as a function of gate for a normal curve (green), a mildly abnormal
curve requiring rescaling (yellow) and a severely abnormal curve requiring a drop gate and rescaling
(red). The dashed lines represent the threshold cut-offs before rescaling (yellow) and drop gate (red)
occur
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The low counts obtained in the late gates of some patients caused irregular TAC shapes
and affected FA parameters. All phase-based parameters as well as S produced a lower
MD value following rescaling/dropping while amplitude-based parameters produced a
higher MD value, though not all values were significant (Table 4.2).

Each gate of a

gated SPECT acquisition image was expected to acquire approximately the same total
counts; therefore a significantly lower count total must be corrected to allow for accurate
analysis of the TAC shape. Once corrected, the affected TACs followed a more
traditional wall motion curve shape. All patient studies affected by gating artifacts were
corrected for the analysis presented in this chapter.

Table 4.2: Impact of gating artifacts corrections on FA parameters

Without gating correction

With gating correction

p-value

P_SD

60 ± 23

53 ± 18

0.05

P_BW

213 ± 76

211 ± 83

0.94

P_E

0.79 ± 0.06

0.78 ± 0.06

0.01

S

0.67 ± 0.24

0.80 ± 0.16

<0.001

A_AVG

0.37 ± 0.05

0.35 ± 0.04

0.09

A_SD

0.20 ± 0.03

0.21 ± 0.03

0.06

A_E

0.71 ± 0.03

0.72 ± 0.02

0.31

93

4.3.2.2

Translation correction

On average, applying translation correction caused a shift in the negative x-axis of a SA
slice (towards the RV) of 1 pixel (3.44 mm), and approximately 0.5 pixels in the positive
y-axis.

The average shift as a function of gate is depicted in Figure 4.2 below:

Figure 4.2: Average SA translation in the x-axis (top) and y-axis (bottom) as a function of gate
number after applying translation correction

Applying translation correction had a significant impact on S, A_SD and A_E as shown
in Table 4.3. With the exception of A_SD, all FA parameters decreased in MD in the
septal wall while increasing in MD in the lateral wall.

Boxplots comparing the

differences between septal and lateral wall differences of 4 FA parameters are shown in
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Figure 4.3 while Figure 4.4 depicts the typical change in TACs due to translation
correction applied in the septal and lateral wall.

Table 4.3: Impact of translation correction on FA parameters

Without translation

With translation

p-value

P_SD

59 ± 20

56 ± 19

0.82

P_BW

230 ± 79

233 ± 79

0.71

P_E

0.78 ± 0.05

0.77 ± 0.06

0.17

S

0.81 ± 0.13

0.77 ± 0.17

0.003

A_AVG

0.41 ± 0.07

0.40 ± 0.07

0.37

A_SD

0.24 ± 0.03

0.20 ± 0.02

<0.001

A_E

0.73 ± 0.02

0.72 ± 0.02

<0.001

Figure 4.3: Change in septal and lateral wall a) S and P_SD and b) A_AVG and A_SD, after applying
translation correction. S value was multiplied by 100 for display purposes. Sep = septal, Lat =
lateral. The red line represents the median value while the top and bottom box lines are the 1 st and
3rd quartiles.

95

Figure 4.4: Typical change in TAC shape following translation correction in the a) septal wall and b)
lateral wall.

4.3.2.3

PREDICT CRT analysis

All global FA parameters did not produce significant differences (p>0.05) between CRT
responders and non-responders in the whole population, or in sub-populations of
ischemia and non-ischemia. Similarly, in segmental analysis, no FA parameter was
found to be significantly different (p>0.05) between CRT responders and non-responders
in the apex, anterior, inferior and lateral walls. In the previous chapter, different lateral
wall amplitude parameters analogous to scar size and score (AmpSize and AmpScore)
were investigated and found to produce ROC AUCs of 0.68 but these were not
significantly different than chance (p>0.05).

In septal wall FA, significant differences were obtained in the ischemic population
between responder and non-responder groups in some FA parameters, as observed in
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Table 4.4. However, the significance was not preserved in the non-ischemic population
and the whole population for any FA parameter.

Table 4.4: Septal wall FA parameters differences between responders and non-responders to CRT in
the ischemic PREDICT population.

4.3.2.3.1

Responder (N=17)

Non-responder (N=9)

p-value

P_SD

74 ± 35

58 ± 37

0.39

P_BW

242 ± 105

207 ± 102

0.55

P_E

0.69 ± 0.03

0.66 ± 0.04

0.05

S

0.64 ± 0.24

0.84 ± 0.13

0.02

A_AVG

0.19 ± 0.06

0.25 ± 0.08

0.05

A_SD

0.10 ± 0.02

0.14 ± 0.05

0.01

A_E

0.65 ± 0.02

0.65 ± 0.02

0.98

Impact of Translation Correction on prediction of CRT response

Table 4.5 shows the change in p-values from Table 4.4 when applying translation
correction to the patient data. Septal wall A_AVG and A_SD are no longer statistically
significant (p>0.05).
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Table 4.5: p-values of various septal wall FA parameters between CRT responders and nonresponders in the ischemic population

P_SD P_BW

P_E

S

A_AVG A_SD

A_E

No Translation

0.39

0.55

0.05

0.02

0.05

0.01

0.98

With Translation

0.21

0.42

0.02

0.02

0.18

0.07

0.72

In the non-ischemic population, both septal P_E and septal A_AVG became statistically
significant (p≤0.05) with the implementation of translation correction. No other global
or segmental FA parameters achieved or lost statistical significance with the inclusion of
translation correction in any sub-population.

Despite significantly changing the values of FA parameters, translation correction did not
significantly affect the ability of the vast majority of FA parameters to predict response to
CRT. Translation correction had a negative impact on two significant FA variables,
septal A_AVG and septal A_SD, and thus was not implemented further.

The four septal wall FA parameters that provided significant differences between CRT
responder and non-responder populations were further evaluated using ROC analysis.
The results are given in Figure 4.5 and Table 4.6 below. Septal S produced the best ROC
AUC of 0.78 and was the only parameter to be statistically significant compared to an
AUC of 0.50 (chance line) (p≤0.05). However, none of the four FA parameters analyzed
produced significantly different ROC AUC results compared to one another (p>0.05).
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Figure 4.5: ROC curves for the PREDICT ischemic population for a) septal P_E, b) Septal S, c)
septal A_AVG and d) septal A_SD.
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Table 4.6: ROC AUC values for the PREDICT ischemic population using the best identified FA
parameters

Septal P_E

Septal S

Septal A_AVG

Septal A_SD

AUC

0.69 ± 0.11

0.78 ± 0.09*

0.71 ± 0.10

0.70 ± 0.10

Sensitivity (%)

100

59

100

100

Specificity (%)

33

89

44

56

Cut-off

0.63

0.75

0.30

0.13

AUC , area under the curve; * ROC AUC values statistically significantly (p ≤ 0.05)

4.3.2.4

RAFT CRT prediction

Following the PREDICT analysis, 8 parameters were selected for further analysis with
the RAFT population: global S, global P_E, global P_SD, septal S, septal A_AVG,
septal A_SD, lateral A_AVG and lateral A_SD. Table 4.7 compares the means of the
chosen FA parameters between CRT responder and non-responder groups in the ICD and
CRT RAFT population.
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Table 4.7: Comparison of pre-selected FA parameters means between responders and nonresponders to CRT in the RAFT ICD and CRT population.

Non-Response criteria: CHF Hospitalization
Responder (N=85)

Non-responder (N=26)

p-value

Global P_SD

52 ± 16

43 ± 17

0.01

Global P_E

0.75 ± 0.05

0.77 ± 0.05

0.09

Global S

0.83 ± 0.12

0.88 ± 0.09

0.05

Septal S

0.70 ± 0.24

0.76 ± 0.22

0.16

Septal A_AVG

0.21 ± 0.08

0.21 ± 0.07

0.47

Septal A_SD

0.11 ± 0.05

0.11 ± 0.04

0.88

Lateral A_AVG

0.53 ± 0.12

0.54 ± 0.10

0.87

Lateral A_SD

0.18 ± 0.03

0.17 ± 0.03

0.37

Non-Response criteria: Death
Responder (N=85)

Non-responder (N=26)

p-value

Global P_SD

50 ± 15

48 ± 21

0.44

Global P_E

0.76 ± 0.05

0.76 ± 0.06

0.93

Global S

0.84 ± 0.11

0.84 ± 0.12

0.66

Septal S

0.71 ± 0.23

0.73 ± 0.25

0.44

Septal A_AVG

0.20 ± 0.07

0.23 ± 0.09

0.08

Septal A_SD

0.11 ± 0.04

0.13 ± 0.05

0.01

Lateral A_AVG

0.54 ± 0.11

0.50 ± 0.13

0.17

Lateral A_SD

0.18 ± 0.03

0.18 ± 0.03

0.89

Non-Response criteria: Death or CHF hospitalization
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Responder (N=69)

Non-responder (N=42)

p-value

Global P_SD

52 ± 15

46 ± 19

0.05

Global P_E

0.77 ± 0.05

0.75 ± 0.05

0.14

Global S

0.83 ± 0.11

0.86 ± 0.11

0.09

Septal S

0.69 ± 0.24

0.74 ± 0.22

0.24

Septal A_AVG

0.20 ± 0.07

0.22 ± 0.09

0.13

Septal A_SD

0.11 ± 0.04

0.12 ± 0.04

0.08

Lateral A_AVG

0.54 ± 0.12

0.52 ± 0.11

0.22

Lateral A_SD

0.18 ± 0.03

0.17 ± 0.03

0.33

Results varied considerably by response criteria. In the CHF hospitalization outcome
analysis, global parameters (P_SD and S) were the only parameters significantly different
between responders and non-responders (p=0.01 and 0.05 respectively). Using death as
an outcome analysis, septal A_SD was the only significant parameter (p=0.05) (the pvalue for septal A_AVG was 0.08). In the combination death or CHF hospitalization
outcome analysis, global P_SD was the only statistically significant parameter (p=0.05).
The three FA parameters that provided significant differences between populations and
septal A_AVG were further evaluated by ROC analysis. These results are shown in
Table 4.9 and Figure 4.6.

Each parameter was also analyzed using a Cox proportional hazard model. The analysis
was repeated by adjusting for each variable individually in the model as well as for each
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of the three outcomes but no variable produced significant results. A further interaction
test revealed that septal A_AVG and to a lesser extent septal A_SD (Table 4.8), produced
significantly different results between the ICD group and the ICD and CRT group for
death.

Table 4.8: Comparison of responder septal A_AVG and septal A_SD values in the ICD and
ICD+CRT RAFT population using death as non-response criteria.

ICD (N=103)

ICD/CRT (N=111)

p-value

Median (Q1,Q5)

Median (Q1,Q5)

Septal A_AVG

0.20 (0.15,0.25)

0.19 (0.16,0.25)

0.05

Septal A_SD

0.11 (0.08,0.14)

0.10 (0.08,0.13)

0.08
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Figure 4.6: ROC curves for the RAFT ICD+CRT population for a) septal A_AVG, b) Septal A_SD
using death as non-response criteria and, c) global S and d) global P_SD using CHF hospitalization
as non-response criteria.
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Table 4.9: ROC AUC values for the RAFT ICD+CRT population using the best identified FA
parameters

Septal A_AVG

Septal A_SD

Global S

Global P_SD

ROC AUC

0.61 ± 0.07

0.66 ± 0.06*

0.63 ± 0.06*

0.66 ± 0.06*

Sensitivity (%)

65

69

69

54

Specificity (%)

62

66

61

76

Cut-off

0.20

0.11

0.88

39

AUC , area under the curve; * ROC AUC values statistically significantly (p ≤ 0.05)

Septal A_SD, global S and global P_SD yielded ROC AUC values significantly better
than 0.50 (chance line).

4.4

Discussion

In the RAFT population, class II CHF patients presented an improved chance of survival
over class III CHF patients. This is not a surprise as patients with worst CHF may
already be too damaged to be resynchronized. Furthermore, if reverse remodeling does
not occur, then death is more likely in class III since symptoms are more progressed than
in class II. It may be useful to pursue analysis stratifying further by NYHA class to
determine the rates of non-response vary between these populations.

Gating correction was implemented in 17 patients from the RAFT study, all of which
underwent SPECT RNA scans ECG-gated to 16 frames. Thresholds of 60% of maximum
activity for dropping a gate and 90% for rescaling were used in the study. Various cutoff
values were not investigated to determine optimal cut-offs though the values chosen
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appeared to adequately restore TACs to realistic shapes. Table 4.2 showed that P_SD,
P_E and S were significantly affected by gating correction. Furthermore, phase based
parameters tended to overestimate MD without gating correction while amplitude-based
underestimated MD. For amplitude, this may be explained by the fact that low counts in
the final gates fell below the end-systolic counts causing a greater spread of counts
between the maximum and minimum, artificially increasing A_AVG (reducing MD). In
the case of phase overestimating MD, it is possible that without correction, the minima of
the sinusoidal fit was placed incorrectly near the last gates due to low counts while in
other cases when the low gate counts did not dip below the end-systolic time frame
(typically near a middle gate), then the minima of the fitted curve correctly passed
through end-systole. When both scenarios occurred, a greater dispersion of P_AVG was
observed and thus an increase in P_SD occurred. Interestingly, Ludwig et al. (141)
reported that gating artifacts caused P_SD to be underestimated, which is in direct
contrast to results obtained in this study. It is unclear why the results are contradictory,
but the two studies differed considerably. In the Ludwig et al. study (141), different
threshold values were used for rescaling and gates were never dropped. Furthermore,
gating atifacts were induced by LV pacing and FA was performed on SPECT MPI scans,
measuring change in myocardial wall thickening rather than blood pool activity.

Whereas gating artifacts are false variations in the counts that must be corrected,
translational motion is an intrinsic part of the heart’s motion and it was unclear whether
or not it is beneficial to correct for it. Results showed that on average the LV moved in
towards the septum by about 3.5 mm. To a lesser extent, the LV also moved anteriorly,
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on average about 1.8 mm during contraction. It is important to note that translation
correction was not implemented on a sub-pixel level, but rather the ROIs were shifted by
integer values, where necessary, at each gate. This may have reduced the accuracy of the
translated TAC shape.

The maximum impact of translation occurred near the end-

systolic gates (Figure 4.2) and was on the order of a single pixel shift. Thus, gates
outside of end-systole may not have been translated due to rounding. This is evidenced
in Figure 4.4 which shows the impact of applying the translation correction on a typical
TAC, where only gates 3 and 4 were translated. It can be qualitatively observed from
Figure 4.4 that amplitude values obtained from FA will be affected with the current
translation correction algorithm and that, the true shape of the TAC may not be
accurately depicted. In a different methodology, such as cluster analysis (chapter 5),
where the full shape of the TAC is analyzed, a discrete translation correction may cause a
loss of information. This is not believed to be as large an issue for FA because the fitting
process forces a sinusoidal fit through the data. Without implementation of a translation
correction algorithm, the ROIs remained fixed during contraction even if translation
occurred. In a heart that shifted towards the septum, an increase in counts acquired at
end-systole was observed as the ROIs placed around the septal wall were now located
inside the LV. Therefore, smaller FA amplitudes values were observed in septal TACs.
By implementing a translation correction, the difference between the maximum and
minimum increased as observed in Figure 4.4. As the LV moved towards the septum, the
ROIs positioned on the lateral wall recorded less counts as the heart contracted, as the
ROIs moved outside the LV, causing the opposite effect observed in septal TAC.
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Correcting for translational motion had a significant impact on several FA parameters,
notably S, A_SD and A_E (p<0.01).

Amplitude based FA parameters presented

significant differences because translation correction affected the counts acquired, mostly
near end-systole, but the relative timing of the contraction (phase) likely did not change.
This can be qualitatively observed in Figure 4.4.

In segmental analysis septal FA

parameters and lateral FA parameters behaved differently once the translation correction
was applied (see Figure 4.3) due to the differences outlined previously.

Prior to evaluating the impact of translation correction on predicting CRT response, the
original methodology was evaluated. Using the PREDICT population, a total of 42 FA
parameters were tested to determine the best at predicting response to CRT. Similar to
the results from chapter 3, no FA parameters were found to be predictive of response in
the whole population. As shown in Table 4.4, significant differences occurred only with
septal FA in the ischemic population. Of the 7 septal FA parameters, P_E, S, A_AVG
and A_SD presented significant differences between CRT responder and non-responders
groups (p≤0.05). Of note, 3 of the 4 parameters included amplitude in the calculation,
which suggests that amplitude is a useful MD parameter.

The same analysis was then performed with the inclusion of the translation correction
algorithm. In the vast majority of cases, no changes in statistical significance occurred
for any FA parameter. In the ischemic population, two parameters, septal A_AVG and
septal A_SD, were negatively impacted, losing significance. However, septal A_AVG
became a significant predictor of response in the non-ischemic population. No other
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significant changes were observed in any population.

These results indicate that

correcting for translation LV wall motion has little impact on FA. However, the fact that
A_AVG and A_SD were no longer significant predictors suggests that the extent of
translation of the LV may be providing useful information and that it should be not
corrected for. Thus, translation correction was not implemented further.

During contraction, it is also possible for the heart to rotate and this would also affect the
counts recorded in a fixed ROI. No rotation correction algorithm was applied to the data
in this study. Using SPECT RNA FA techniques, wall motion was assessed through the
change in counts recorded in the ventricle as the heart contracts and there is no
quantifiable means of directly measuring rotation and its impact on the ROI counts.
Based on the minor impact translation correction had on FA, it is not expected that a
rotation correction algorithm would impact FA significantly but it was not possible to
verify this with the data.

The four parameters that were significant predictors of response to CRT were evaluated
using ROC analysis. While septal S was the only parameter to produce a statistically
significant ROC AUC value, it was not statistically superior to the other parameters
which all showed similar ROC AUC results around 0.70. Based on these results, septal
S, septal A_AVG and septal A_SD were selected for analysis in the RAFT population.
As discussed previously, the lateral wall has been cited as being the critical LV segment
for CRT response, notably in scar studies (see section 2.3), and thus, lateral wall A_AVG
and lateral A_SD were included for analysis with the RAFT population. Finally, global
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P_SD, global P_E and global S were also included in this study as they are commonly
found FA parameters in the literature, making them a good comparison point.

In the RAFT population, three different non-response criteria were considered: death,
CHF hospitalization and combination death and/or CHF hospitalization. Results varied
between the three outcomes criteria (Table 4.7). In the CHF hospitalization group,
significant differences existed between CRT responders and non-responders for global
P_SD and global S only. This was not expected as global FA parameters had not shown
any predictive ability previously. In the death outcome analysis, only septal A_SD was
significant (p=0.01) between groups while in the combination outcome group, global
P_SD was the only FA parameter to retain significance (p=0.05). Septal S was no longer
significant in any outcome group despite producing the best results in PREDICT
population. ROC analysis was performed on the four parameters that indicated the
greatest ability to predict response to CRT. The ROC AUC values tended to be smaller
(0.61 to 0.66) than those obtained in the PREDICT ischemic population 0.70 to 0.78), but
the differences were not significant (p>0.05). However, septal A_SD, global S and
global P_SD all produced results significantly better than chance (p≤0.05). Optimal
sensitivity and specificity were 69% and 66% respectively for septal A_SD and 54%/
76% for global P_SD.

It is not clear why global FA parameters fared better at predicting CHF hospitalization
while septal FA parameters were significant predictors of death. It is also of note that
both FA parameters that predicted CHF hospitalization included the phase component
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while only amplitude factored in predicting death. These results suggest that a patient
with CHF needed a certain degree of global phase dispersion before CRT is beneficial,
perhaps so that there were enough dyssynchronous regions to be resynchronized by the
pacemaker. Otherwise, these patients did not improve and eventually returned to the
hospital with similar or worsening symptoms. Amplitude, or extent of contraction, in the
septal wall was key to survival, suggesting that if too many regions of the septal wall
were poorly contracting, it was too late, and death is likely. Results have shown that
translation of the LV affects the TAC, especially in the septal and lateral wall and it was
previously discussed that translational wall motion reduced the significance of septal
A_AVG and septal A_SD in the PREDICT population. This may indicate that magnitude
of translation played a part in non-response (notably death) and that septal amplitude
parameters were picking up on this effect since translational motion was not corrected
for.

Of note, the FA parameters that achieved significance in the PREDICT population
matched up better with RAFT results using death as the outcome rather than CHF
hospitalization. The PREDICT response outcome was based on LV reverse remodeling
which suggests that a lack of remodeling following CRT is an indicator of death and
could be used to intervene in CRT recipients before it is too late.

Further analysis was undertaken to compare the ICD and ICD+CRT populations. A Cox
proportional hazards model indicated that septal A_AVG showed significant interaction
with CRT for predicting death.

Those that survived with a CRT had lower septal
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A_AVG values on average, indicating that CRT offers a clinical benefit to patients with
high MD.

In other words, using death as the outcome, the ICD+CRT group had

increased survival odds at higher MD values, as assessed by septal A_AVG, than in the
ICD group.

A limitation of this study was that segmental analysis was performed on a 5 segment
model.

Implementing a 9 or standard 17 segment LV model may improve the

localization of MD and thus help improve the ability of FA parameters at predicting CRT
response. The impact of smaller LV regions to improve the ability of CRT response
warrants further investigation.

Although it has been reported in other studies as providing an increased discrimination
between response and non-response, the potential of combining two or more FA
parameters to provide additional information was not considered in this study and
remains a possible future investigation.

4.5

Conclusion

New and previously defined global and segmental FA parameters were analyzed to
determine the best FA parameters to predict response to CRT. Septal amplitude-based
parameters (A_AVG, A_SD) produced the best results for predicting death while global
P_SD and S were the best for predicting CHF hospitalization. ROC analysis of these
variables produced modest but significant results of sensitivity and specificity of 69% and
66% for septal A_SD and 54% and 76% for global P_SD respectively. A translational
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wall motion correction algorithm was tested but was not considered beneficial as the
ability of FA parameters to predict response to CRT did not improve in the majority of
cases, while losing significance in septal A_AVG and A_SD.
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Chapter 5
Development of cluster analysis

5.1

Introduction

Results from the previous chapter suggested that despite producing good results for
predicting CRT response, FA may be limited in its potential at predicting CRT outcome.
This may be due to the fact that by extracting only one or at most two parameters from a
first order Fourier fit, FA is losing valuable information from the TAC.

A new wall motion analysis technique may be needed to provide additional information
relating to mechanical dyssynchrony that is not supplied by FA. Other SPECT studies
have identified this disadvantage and have attempted different approaches to FA for
assessing dyssynchrony (142-144). In this chapter, we propose adapting an existing
technique, cluster analysis, to directly evaluate the TAC with the aim of improving the
assessment of quantification of mechanical dyssynchrony.

Cluster analysis is a data analysis technique which classifies objects into groups, or
clusters, based on the comparison criteria. Jain et al. (145) and Du et al. (146) provide
good overviews of different clustering methods, such as k-means and fuzzy clustering
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algorithms. One application of cluster analysis is pattern recognition which has led to
applications in medical imaging.

Several PET studies (147-149) have used cluster

analysis to improve the signal-to-noise ratio (147). In dynamic PET imaging, for each
voxel in an image, an uptake TAC is created and assigned to a cluster group based on its
tissue kinetics. The PET image can then be segmented by creating ROIs based on cluster
groups and physical proximity of the voxels, enabling automatic acquisition of
physiological parameters. Similarly in functional MRI analysis, cluster analysis has been
used to identify and group different tissue activation levels in order to segment the data
based on their activation levels (150-152).

In this chapter, the cluster analysis method is adapted to quantify mechanical
dyssynchrony from cardiac TACs. Cluster algorithms were developed and optimized to
differentiate normal (synchronous) TACs from dyssynchronous TACs, which may lead to
a better understanding of dyssynchrony patterns.

Cluster analysis was then used to

determine its ability to predict CRT response using cluster size and score metrics.
Results were compared to SPECT RNA FA and PET scar analysis methods.

5.2
5.2.1

Materials and Methods
Patients

Evaluation of the clustering approach to TAC classification was done retrospectively. A
database of normal cardiac subjects (see section 2.5.1) was used to define normal wall
motion TACs and then the clustering method was tested on an abnormal group of heart
failure patients (the PREDICT population) (1) (see section 2.5.2).
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As discussed previously, the PREDICT population consisted of 49 patients who qualified
for pacemaker implantation based on CRT selection criteria (LVEF < 30%, QRS > 120
ms, New York Heart Association (NYHA) class II or III) and who received both a planar
and SPECT RNA scan, as well as PET perfusion and viability scans prior to the CRT
surgery.

Of the 49 patients, 27 (60%) were diagnosed with ischemic cardiomyopathy defined as
having a history of myocardial infarction and severe stenosis (≥ 70% in at least 2 major
arteries). The remaining 22 (40%) patients presented with no history of infarction or
coronary disease and so were diagnosed with non-ischemic cardiomyopathy (1, 126).

5.2.2

SPECT RNA Data Acquisition

The imaging acquisition protocol used for the PREDICT study and the normal cardiac
database follow the standard clinical UOHI protocol and is outlined in section 3.2.2.2.

In-house software developed for SPECT RNA FA (see section 2.2.2) was adapted to
assess each patient with both FA and cluster analysis.

In brief, a semi-automated

algorithm segmented the myocardial LV wall into 568 ROIs based on 18 linearly
interpolated SA slices from LV apex to base. The locations of the ROIs were fixed and
568 TACs were produced from the total counts in each of the ROIs over the 8 gates of the
SPECT RNA image series. From there, the algorithms for FA (see section 2.2.1) and
cluster analysis (outlined below) differed.
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5.2.3

Cluster analysis

5.2.3.1

TAC normalization

Each TAC was normalized to account for variability in absolute count levels caused by
differences in total attenuation or activity administered. Three different normalization
techniques were compared in 50 normal subjects to select the method which minimized
the inter- and intra-subject variability. The three techniques were global, segmental, and
individual normalization.

Global normalization used all 568 TACs of a patient to calculate a single average count
value. Each data point on each of the 568 TACs was then divided by this single average
count value to produce a normalized value.

This approach reduced inter-subject

variability but maintained intra-subject variation.

Segmental normalization divided the heart into 5 segments: inferior, anterior, septal,
lateral and apical (Figure 2.5). Five different average count values were created by
taking the averages of all TACs located in each separate segment. A TAC located in a
particular segment was then normalized to the average count value of its respective
segment.

This approach reduced overall segmental variations but maintained local

variability.
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For individual normalization, each TAC was normalized to its own count average. This
approach minimized intra-subject TAC variation. A sample individual normalization is
shown in Figure 5.1.

Figure 5.1: Two sample unnormalized TACs (left) are each normalized to their own average (dashed
line) to produce two individually normalized curves (right). G1 represents gate 1, G2 = gate 2, etc.

5.2.3.2

Development of a normal subject database

A database of 50 normal cardiac subjects was analyzed to establish global and segmental
reference TACs. For the global reference TAC, the 568 normalized TACs of each
individual subject were averaged at each of the 8 time frames to create a single global
TAC.

The global TACs from the 50 subjects were averaged to create a single mean

global TAC (and standard deviation) representing a normal LV cardiac wall motion TAC.

For the 5 segmental reference TACs, all the normalized TACs within a segment of an
individual subject were averaged to create that subject’s 5 mean segmental TACs. This
was repeated for each normal subject. A single mean (and standard deviation) TAC was
created for each of the 5 segments by averaging the mean TACs of the 50 normal subjects
within a segment.
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5.2.3.3

K-means

For cluster analysis, the 568 TACs were individually normalized and exported to a data
file for further analysis using MATLAB software. The patient data were analyzed using
two different automated cluster techniques: K-means and normal average.

The K-means approach proceeded as a two-step algorithm. In the first step, the algorithm
randomly selected 2 observations as starting points for 2 different clusters and began the
first iteration. At each iteration, every observation was placed in the cluster that is closest
to it. At the end of the iteration, the mean of each cluster was recalculated. This new
mean then served as the starting point for the next iteration’s clusters, where all
observations were reassigned. This continued for 100 iterations (default setting) or until
the mean of the clusters remained unchanged, whichever occurred first.

The mean

clusters of the final iteration served as starting points for the second step of the algorithm,
where there was a single pass through all observations. Each observation, one-by-one,
was assigned to the closest cluster and the mean of a cluster was immediately
recalculated once an observation was assigned.

For this analysis, a single TAC represented an observation, and each observation was
assigned to the cluster which minimized the Euclidian distance between the cluster mean
and the observation. For each patient, the size of the cluster with the smallest number of
members was used as a measure of LV dyssynchrony.

119

5.2.3.4

Normal Average

Unlike the K-means algorithm, the normal average algorithm did not use its own patient
data as a basis for its clusters, but rather used a pre-defined mean TAC obtained from the
database of subjects with normal cardiac function. A mean normal global TAC and 5
segmental TACs were defined using the normal population (section 5.2.3.2).

In

segmental analysis, for example, a septal TAC was compared to the mean normal septal
TAC only. Briefly, if a TAC was sufficiently different from the pre-defined ‘normal’
TAC, it was placed in an ‘abnormal’ or dyssynchronous cluster; otherwise it was placed
in the ‘normal’ cluster. To facilitate comparison, each data point on a TAC was directly
compared to the equivalent data point on the reference normal TAC. If a data point was
outside an acceptable range of the reference point, it was considered an outlier. Once
sufficient data points on a single TAC were deemed outliers, the TAC was placed in the
appropriate abnormal cluster; otherwise it was placed in the normal cluster.

For normal average cluster analysis, several input metrics were varied in order to
determine optimal settings:
1. Standard deviation (σ) was used to determine if a data point was within the
acceptable range of the reference mean normal data point. A threshold of 1σ, 2σ
and 3σ were considered for the analysis.
2. The number of clusters was chosen to be either 2 or 5. In the 5-cluster analysis,
clusters were defined as in Table 5.1 below and a score of 0-4 was assigned to
each observation based on the degree of abnormality as described in the third row
of Table 5.1.
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Table 5.1: Corresponding score per number of outlier data points in a TAC for each cluster group

# Outliers

0

1

2

3

4 or more

Assigned score

0

1

2

3

4

3. For the 2-cluster group, the threshold number of outlier data points required
before a TAC was assigned to the abnormal cluster was varied from 1 to 3.

In order to determine optimal settings, all combinations of metrics were investigated.
The percent of all observations classified in the abnormal cluster was used as a
measure of LV dyssynchrony for 2 cluster analysis. For 5-cluster analysis, the total
score, expressed as a percentage of total possible score, was used as a marker of
dyssynchrony.

5.2.4

CRT response

Patients were re-evaluated 3 months after CRT surgery for functional improvement.
Patients were characterized as responders if ejection fraction improved by at least 5% or
end-systolic volume was reduced by at least 10% with respect to their baseline scan. The
protocol has been previously described in section 3.2.3.

5.2.5

Data Analysis

Inter-subject variability curves were calculated by determining the standard deviation of
the 50 mean normal TACs at each data point. To determine intra-subject variability, the
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standard deviation of all 568 TACs of a single patient was first calculated at each data
point. Then, the average of all standard deviation values across all patients was found for
each data point. Both, inter- and intra-subject variability curves were then expressed as a
percentage of the mean reference curve value. This process was performed for all three
normalization techniques to determine the method that produced the least variability.

Cluster analysis results were then compared to the best results obtained from PET scar
size analysis results (chapter 3) and SPECT RNA FA results (chapter 4).

ROC curves were created for each combination of cluster analysis metrics investigated.
ROC AUC values were calculated for each parameter combination investigated. A
Cohen’s kappa value (κ) was calculated as a measure of concordance with the results of
the follow-up RNA exam and was used to determine optimal operating point on an ROC
curve and to compare optimal sensitivity and specificity combinations between curves. A
Wilcoxon rank sum test was used to determine if significant differences existed between
population means while a Fisher exact test was used for comparison of categorical
variables. A p-value of 0.05 or less was considered statistically significant for all tests.

5.3
5.3.1

Results
Patients

A total of 48 patients were successfully analyzed using cluster analysis, FA and scar size
analysis. One patient was excluded due to poor SPECT RNA image quality. 30 (63%)
patients were identified as responders while 18 (37%) were non-responders. Patient
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demographics for all 48 patients, stratified by responder status, are given in Table 5.2
alongside demographics for the normal subject database.

Table 5.2: Patient demographics for the normal population, CRT responder and non-responder
groups.

Normals

Responders

Non-Responders

(N = 50)

(N = 30)

(N = 18)

Age

57 ± 16

68 ± 9

67 ± 10

LVEF (%)

61 ± 7%*

21 ± 7

23 ± 8

LVESV (mL)

41 ± 11*

232 ± 77

231 ± 136

QRS duration (ms)

88 ± 10*

172 ± 25

162 ± 27

Gender (M/F)

31/19

23/7

17/1

NYHA Class (II/III)

n/a

10/21

3/15

LVEF = left ventricular ejection fraction; LVESV = left ventricular end-systolic volume;
NYHA = New York Heart Association; *p ≤0.05 between normal and both responder and
non-responder groups. p > 0.05 for all variables between responder and non-responder groups

5.3.2

SPECT RNA Cluster Analysis

Cluster analysis results using both the normal average and K-means algorithm were
analyzed for the entire 48 patient population as well as separately for ischemic and nonischemic cardiomyopathy subgroups. All combinations were evaluated globally as well
as in all 5 polar map segments.
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5.3.2.1

TAC normalization

The inter- and intra-subject variability curves for each normalization technique are
presented in Figure 5.2 and summarized in Table 5.3. The values in Table 5.3 represent
the standard deviations averaged over the 8 time frames.

All three normalization

techniques provided similar inter-subject variability but individual normalization
produced the least intra-patient variability, averaging 15%.

Table 5.3: Intra- and inter- subject variability of the 3 different
normalization techniques, averaged over the 8 time frames.

Global

Segmental

Individual

Intra-subject variation

34%

25%

15%

Inter-subject variation

11%

12%

12%

Figure 5.2: Inter- and intra-subject variability at each gate for the 3 different normalization
techniques.
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5.3.2.2

K-means

Table 5.4 summarizes ROC AUC results of cluster analysis using the K-means algorithm.
The largest ROC AUC s (~0.70) occurred in the septal wall. Near identical values of
septal wall ROC AUC s were reported in the different sub-populations.

Table 5.4: Global and segmental ROC AUC values for all populations using the K-means algorithm

5.3.2.3

Global

Septal

Lateral

All

0.51 ± 0.09

0.70 ± 0.08

0.61 ± 0.09

Ischemic

0.55 ± 0.12

0.71 ± 0.10

0.68 ± 0.12

Non-ischemic

0.61 ± 0.13

0.69 ± 0.11

0.50 ± 0.13

Normal Average

The best ROC AUC results were found using the septal wall for all population subgroups.
The whole population and the ischemic sub-group achieved their largest AUCs using the
µ±2σ outlier threshold while the non-ischemic population produced best results using the
µ±3σ outlier threshold. The best results for each population are presented in Table 5.5.
An optimal sensitivity of 94% and 67% specificity was obtained for the “3 or more
outliers before abnormal observation” at a cutoff of 52% of the TACs classified as
abnormal in the ischemic population.
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Table 5.5: Best cluster analysis ROC AUC results for all populations. Best results for each
population were obtained in the septal wall.

Number Clusters

2

Num. Outliers Accepted

2+

3+

Septal Wall- All Patients

0.61 ± 0.08

0.67 ± 0.08 0.64 ± 0.08 0.64 ± 0.08

Septal Wall – Ischemic

0.78 ± 0.09

0.81 ± 0.08 0.75 ± 0.10 0.82 ± 0.08

Septal Wall – Non-Ischemic

0.53 ± 0.13

0.67 ± 0.12 0.65 ± 0.12 0.55 ± 0.13

5.3.3

5
4+

Scoring

SPECT RNA FA

ROC AUC results for various FA parameters were previously calculated in the previous
chapter (see section 4.3). The best results were obtained with septal S in the ischemic
population where an AUC of 0.78 and an optimal sensitivity of 59% with 89% specificity
was reported.

5.3.4

PET scar size analysis

The results from Birnie et al. (1) indicated that lateral wall scar size was predictive of
CRT outcome in both ischemic and non-ischemic cardiomyopathy subsets of the
PREDICT population. For ischemic patients, the ROC AUC was found to be 0.73 ± 0.10
with an optimal sensitivity/specificity of 76%/67% at a cut-off scar size of 31.2%. For
non-ischemic patients, the ROC AUC was 0.75 ± 0.10 with an optimal operating point of
69% sensitivity and 78% specificity at a scar size cut-off of 5.6%.
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5.3.5

Data Analysis

The best ROC curves obtained from cluster analysis (µ±2σ outlier threshold, 2 clusters,
3+ number of outliers for abnormal observation), FA (septal S), and lateral wall scar size
are shown in Figure 5.3 for the ischemic population. Cluster analysis ROC AUC
(0.82±0.08) was not significantly greater than either FA analysis (0.78±0.09; p=0.74) or
scar size analysis (0.73±0.10; p=0.48). At optimal operating points, cluster analysis
concordance results (κ = 0.64±0.16) suggested an improved concordance in the ischemic
group over SPECT RNA FA (κ = 0.41±0.19, p=0.35 vs. cluster analysis) and PET scar
size analysis (κ = 0.42±0.18; p=0.37 vs. cluster analysis), but the sample size was not
large enough to show a significant difference.

Figure 5.3: Comparison of ROC curves for the best results from cluster analysis, FA (septal
synchrony), and lateral wall scar size. The optimal cluster classification was with 2 clusters and an
abnormal TAC requiring >=3 point at >= 2 standard deviations from normal.
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5.4

Discussion

In this study, a cluster analysis methodology was developed, and optimal settings for
cluster analysis were determined. First, a database of 50 normal subjects was used to
establish normal cardiac TACs representing normal cardiac contraction patterns. It was
determined that any TAC sufficiently different from these normal reference curves would
be identified as abnormal wall motion and thus labeled an abnormal curve. However, to
properly compare TACs between patients, it was necessary to normalize the data. Three
techniques, global, segmental and individual, were defined and investigated in order to
minimize both the inter- and intra-subject variation. Unexpectedly, the inter-subject
variability was insensitive to the normalization technique as it remained relatively
constant (11-12%), indicating that the mean TAC of each patient did not vary much with
respect to another when varying normalization technique. However, as expected, the
intra-subject variability improved considerably from 34% for global, to 25% for
segmental to 15% for individual normalization. Following individual normalization,
several metrics affecting the classification of a TAC were varied to determine the best
combination for CRT outcome prediction.

The K-means clustering algorithm produced ROC AUC results of approximately 0.70 in
the septal wall for all populations. ROC AUC results were 0.61 or lower in the global
analysis and in the lateral wall (with the exception of the ischemic population). The
poorer performance compared to the normal-average approach may be due to the nature
of the automatic clustering process. With automatic clustering, it was impossible to pre-
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define which cluster represents the normal (or abnormal) cluster, and as such the smallest
cluster in size was taken as the abnormal cluster. The greater the size of the smallest
cluster, the more variability was present in the observations, suggesting more
dyssynchrony. This works if one assumed that the majority of the LV is contracting
synchronously. If this was not the case, the smallest cluster actually represented the
small fraction that was contracting normally. In addition, the algorithm always separated
observations into separate clusters even in the presence of minimal differences. No
mechanism was implemented to alter the number of clusters or unify clusters presenting
minimal differences.

For example, all the observations of a patient with complete

synchrony (or dyssynchrony) would still be forced into 2 clusters but not be meaningful
as the classification would be based on noise. A potential solution would be to evaluate
the final mean difference in the two clusters’ centroids for the purpose of potentially
unifying them if the difference was small enough. Deciding on a threshold difference for
unification and subsequently classifying the unified cluster as normal or abnormal
requires an independent measure of variability and ‘normality’. This approach would
thus end as something similar to the normal database approach.

The Euclidian distance was used as comparison for K-means algorithm.

Another

comparison metric may have produced better results, but exploration of this was not
pursued in favor of evaluating the normal database alternative.

Clustering with a normal database produced a variety of results depending on the choice
of parameters, though most ROC AUCs differences were not significant. There was a
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general trend that clustering with a normal database approach produced better results than
K-means. In the majority of cases, accepting a 2σ range around the mean TAC as normal
produced the best results. Specifically, in the ischemic population, septal wall cluster
analysis produced ROC AUC values ranging from 0.78 to 0.82. Results using the 1σ
range included too many TACs into the abnormal cluster not allowing enough freedom
for the natural variations between and within patients. Results at 3σ, on the other hand,
provided too large a margin of uncertainty and the majority of patients had a 0%
dyssynchrony value. Further refinement of the threshold to a value between 2σ and 3σ
might yield additional small improvements in AUC and is a direction that may be
pursued in the future. It was expected that a scoring system might produce better results
as it would be possible to account for a greater impact of severely dyssynchronous
sectors. This was not the case as results varied little between the 5 cluster scoring system
and the 2 cluster size metric. Varying the number of outliers accepted before a TAC was
classified as abnormal had a minor effect on the results.

While keeping other metrics

constant, the ROC AUC values in the majority of cases varied by 0.06 or less when
varying the number of outliers accepted for a normal observation from 1 to 2 to 3. Only
the septal wall analysis of the non-ischemic population using a µ±3σ outlier threshold
produced a greater difference than 0.06 between ROC AUC values for a different number
of outlier metrics (0.14). None of the differences between the ROC AUC values were
significantly different at the 95% confidence level. Concordance scores were also not
significantly different in these comparisons (p>0.05).

Despite the results not being

statistically significant, 3 or more outliers before abnormal classification was chosen as
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the optimal metric setting since the concordance and ROC AUC tended to be equal or
greater to the other possible combinations.

The major advantage of cluster analysis over FA is that it does not overgeneralize results
by performing a first-order Fourier fit to a TAC, forcing a sinusoidal shape on the TAC.
From this fit, only 2 parameters are extracted: phase and amplitude. Any abnormality in
the shape of the curve is lost or only partially preserved and this likely affects a
mechanical dyssynchrony patient more where abnormal contractions patterns are more
prevalent. The retention of this additional information through the clustering approach
may be an explanation for the improved performance observed.

Cluster analysis algorithms produced ROC AUC results for predicting CRT outcome on
par with both SPECT RNA FA and PET scar size analysis. Cluster analysis provided
more information on curve shape than FA and therefore it is not surprising that ROC
AUC results tended to be greater, though not significantly different (p>0.05), than FA for
predicting CRT outcome.

Furthermore, when observing optimal sensitivity and

specificity values (Figure 5.3), cluster analysis of the septal wall in ischemic patients
produced excellent sensitivity and specificity of 94% and 67% respectively. This value
outperformed the best ROC AUC of any FA result (71%/67%) and scar analysis
(76%/67%) also in the ischemic population. However, due to a relatively small sample
size the superior concordance of cluster analysis was not significantly different from
either FA or scar analysis (p>0.05).
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In the ischemic population, cluster analysis successfully identified 4 responders and 1
non-responder that both scar size analysis and FA did not. Conversely, only 2 patients
with scar size analysis and 1 with FA were properly identified but misclassified by cluster
analysis. Interestingly, in scar size analysis, the lateral wall produced all significant
results whereas in cluster analysis, the septal wall produced the best results. These
observations suggest that different information is being used by cluster analysis and scar
size analysis to assess the dyssynchrony of patients and that they may be partially
complementary parameters in predicting CRT outcome.

In the majority of all clustering algorithms as well as in FA, septal wall analysis
outperformed both global analysis and lateral wall analysis. This was a bit surprising as
the majority of studies (92, 116, 139) which have previously investigated CRT outcome
using segmental analysis have reported that the lateral wall was the key segment that
produced significant results. However, these studies used scar metrics to predict CRT
outcome.

The inferior results of global parameters suggest that some valuable

information may be diluted by encompassing all values in a single global parameter.

A current limitation of cluster analysis is that the normal reference database is defined
using an 8 gate SPECT RNA patient database. This limited the analysis of SPECT RNA
data to patients with 8 gate scans. A normal subject database of 16 gate SPECT RNA
data is required to properly analyze 16 gate SPECT patient data using cluster analysis. In
addition, 16 or potentially 24 gates would better define the shape of the TAC curve and
possibly do a better job of capturing this information. Increasing the number of gates
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will, however, increase the noise in the measurements which may degrade the quality of
the information. Assessing the net benefit of increasing temporal resolution to 16 or 24
frames is a direction for future investigation.

Segmental analysis was limited to a 5 segment model. Increasing to a 9 or 17 segment
model may provide improved accuracy of the normal reference TACs in each segment,
but this would likely increase noise as the number of sectors per segment would be
significantly decreased. It would possibly avoid the dilution in signal which can occur
when averaging over an extended region and allow identification of smaller regions of
abnormality. The clinical importance of identifying these smaller regions and optimal
segment size needed for prediction of CRT response will require further investigation.

5.5

Conclusion

SPECT RNA cluster analysis algorithms were successfully developed and optimal
settings for predicting CRT outcome were defined in a small test population. Cluster
analysis produced an ROC AUC value and optimal sensitivity/specificity values that
were at least equivalent to those from both FA and scar size. With cluster analysis, the
septal wall segment produced the most predictive results, whereas the lateral wall
provided the best information for scar size assessment suggesting that cluster analysis and
scar size analysis may be partly complementary and thus provide additional information
when used in conjunction.
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Chapter 6
Discussion

In this thesis, new methodologies were developed and validated using SPECT RNA to
improve the quantification of MD with the ultimate goal of improving the ability of
SPECT RNA to predict response to CRT. In chapter 3 FA amplitude values were
compared to LV scar size in the lateral wall and it was determined that moderate but
significant correlations existed between amplitude based parameters and scar. In chapter
4, novel MD parameters based on the amplitude component derived from FA were
developed and evaluated alongside pre-established FA parameters for their ability at
predicting CRT response. Results from the study indicated that septal wall A_SD, global
S and global P_SD significantly predicted CRT response. Finally, in chapter 5, a novel
methodology called cluster analysis was developed and optimized to evaluate its ability
as an MD parameter to predict response to CRT and determine if it could improve on
existing FA results. Similar to chapter 4, significant results occurred in the septal wall
for predicting response to CRT. The results of cluster analysis were then compared to the
best results obtained from FA (septal S) and PET scar size in the same population.
Despite producing a greater ROC AUC and an improved sensitivity and specificity
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operating point, cluster analysis was not significantly better than lateral wall scar size or
septal S (p>0.05).

In this thesis, novel SPECT RNA methodologies provided improved quantification of
MD in CHF patients. For the first time, the septal wall was shown to be a key segment
in predicting response to CRT in both FA amplitude analysis and cluster analysis. This is
different from prevailing thought and is contrary to several scar studies which showed
that lateral wall was the important segment (1, 92, 116, 122) These results suggest that
the septal wall should be a consideration in further wall motion analysis.

It was shown that FA amplitude-based parameters, alone or in conjunction with phase
values (synchrony) are significant predictors of CRT response, equivalent to both phasebased FA parameters values and scar size.

However, the moderate correlation of

amplitude with scar indicated that other factors influence amplitude and that it is not a
suitable surrogate marker of scar.

Furthermore, phase values were associated with

hospitalization outcomes while amplitude MD parameters were predictive of death. This
unexpected result suggests that the different mechanisms of progression of CHF may
affect FA amplitude and phase values differently.

Using the full shape of the TAC, cluster analysis assessed MD patterns and successfully
discriminated between normal and abnormal wall motion curves.

This novel

methodology produced results that suggested improved performance over scar and FA for
the prediction of CRT response, but the difference was not significant.
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The statistically significant ROC AUC results obtained in this thesis for predicting CRT
response ranged from 0.66 to 0.82. These modest AUC values suggest that a single MD
parameter may not be sufficient to predict CRT with high accuracy. However, several of
the parameters investigated in this thesis may be partially complementary.

Although

summary measures, such as the total number of correctly identified responder patients,
were largely equivalent between the different MD parameters, the specific patients
identified were not identical. This suggests that a combination of MD parameters might
produce incremental improvement over single parameters alone.

6.1

Limitations and future directions

A limitation of this thesis is that it did not investigate any multivariate models that
combine FA parameters, cluster analysis and/or scar metrics. This is the next step that
should be performed in this research to determine if a significant improvement in the
prediction of CRT response can be achieved.

The patient populations used in this thesis were relatively small which limited the power
of the statistical tests performed. Larger patient populations would help minimize the
standard deviation in populations and help determine if differences observed between
groups or MD parameters are real. However, large patient populations who have
undergone SPECT RNA are not often readily available. In the multicenter RAFT study,
1798 patients were enrolled but only 214 obtained SPECT RNA scans.
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Results in this thesis have indicated a benefit to performing LV segmental analysis. In
this thesis, segmental analysis was performed on a 5 segment model. Smaller region
sizes may help with the localization of MD sectors possibly at the cost of increased noise.
Various sizes of LV segments, such as 9 or 17 segment models could be investigated to
determine optimal region size. This could help improve the ability of FA parameters at
predicting CRT response and warrants further investigation.

Cluster analysis, which produced the best individual ROC result, is currently limited to
analysis of patients who underwent SPECT RNA scans ECG-gated to 8 gates. Increasing
the number of gates would permit better sampling of the wall motion curve shape but
potentially increases the noise of the image. Employing new dedicated cardiac SPECT
cameras would offer an increase in sensitivity over traditional systems which would help
reduce noise. To increase the sampling rate, a normal patient database of 16 or 24 gates
would be required to develop the normal cardiac wall motion curves. Improved temporal
resolution may provide better information and new insights into wall-motion
abnormalities.

Inherent limitations exist when developing a diagnostic tool for predicting response to
CRT. The intervention itself is not perfect and pacemaker leads may not be positioned at
ideal sites as outlined in section 1.3.1. The CRT response criteria can vary from study to
study and can create significantly different responder and non-responder populations.
Both these factors affect the perceived ability of MD to predict response. Exclusion of
patients with improper lead placements may improve the ability of the novel SPECT
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RNA diagnostic tool to predict response to CRT.

Information on location of lead

placement was not available in the patient populations used in this thesis.

A SPECT RNA tool that allows the quantification of novel MD parameters was
developed and produced promising results at understanding the problem of non-response.
Further clinical evaluations, such as a prospective study using the novel MD parameters
established in this thesis, could provide additional insight on the relationship between
MD and CRT non-response.

Another possible direction for this research is to identify other possible applications
where MD quantification may provide further diagnostic assistance. SPECT RNA scans
are often used to qualitatively assess the cardiotoxicity of chemotherapy patients. A
quantitative evaluation of MD to assess changes in MD may provide earlier assessment
of cardiotoxicity than current methods of ΔLVEF and visual assessment, allowing for
quicker intervention. Other potential applications may include improving the evaluation
of various arrhythmias such as ventricular tachycardia, aneurysms and any other cardiac
conditions where abnormal contraction patterns may be present.
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6.2

Conclusion

Novel MD parameters were successfully developed and optimized and were shown to be
statistically significant for predicting response to CRT. Amplitude-based FA parameters
correlated only moderately with scar but were nonetheless predictors of CRT response
equivalent to existing FA parameters and scar analysis results. Cluster analysis produced
the best individual results for predicting response to CRT, but the results were not
significantly better than FA or scar analysis. This suggests that cluster analysis may be
the most promising method for MD quantification and predicting response to CRT.
Regional analysis of the septal wall was the only segment to provide significant results in
both FA and cluster analysis outperforming other regional segments as well as global MD
parameters.
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Appendix A
Copyright Permission

Copyright permission was obtained for Figure 1.3 and is provided on the next page. All
other figures presented in this thesis were the author’s original work or were obtained
from the public domain.
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