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Abstract

This dissertation research aims to develop and evaluate methods for noninvasive
cardiac imaging of activation sequence and activation recovery interval (ARI), and
localization of ventricular arrhythmias. It includes (1) developing a novel imaging method
(SSF, Spatial gradient Sparse in Frequency domain) for the reconstruction of activation
sequences in ventricular arrhythmias, (2) developing ARI imaging technique to reconstruct
the ARI maps in premature ventricular contraction (PVC) patients from body surface
potential maps, (3) proposing a CNN-based (convolutional-neural-network-based) method
to localize origins of PVCs from 12-lead electrocardiography (ECG).

SSF is implemented in the frequency domain, and the activation time was encoded
in the phase information of the solution. The performance of SSF was evaluated in
computer simulation and a swine model with myocardial infarction. SSF is the first
noninvasive imaging method reported that could reconstruct the reentry circuit in 3-

dimensional space. SSF achieved better performance with less computational time.

ARI imaging reconstructed 3D ARI maps in ventricles, which were compared with
the endocardial ARI maps from CARTO recordings. From the analysis of 100 PVC beats
in ten patients, the results suggest that it could serve as an alternative of evaluating global
dispersion of ventricular repolarization and could guide ablation procedure in PVC patients.

The CNN-based method consists of two CNNs (Segment CNN and Epi-Endo
CNN). The inputs are from 12-lead ECG. The origins of PVC are localized by calculating
the weighted center of gravity of classification returned by the CNNs. It was evaluated in
computer simulation and in 90 PVC beats from nine patients. The results demonstrate the
capability and merits of the proposed method for localization of PVC. This work suggests
a new approach for cardiac source localization of origins of arrhythmias using only the 12-
lead ECG by means of CNN.
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Chapter 1

Introduction

1.1 Overview

Sudden cardiac death (SCD) is a leading cause of death worldwide. According to
the 2013 statistics report from the American Heart Association, the incidence of out-of-
hospital cardiac arrest is 359,400 cases with a survival rate of 9.5% and the incidence of
in-hospital cardiac arrest is 209,000 cases with a survival rate of 23.9%. A majority of SCD
cases are caused by ventricular arrhythmias and especially by ventricular fibrillation. To
treat ventricular arrhythmias, catheter ablation procedures usually require extensive
invasive electrophysiological mapping to determine the arrhythmogenic substrate, and thus
put patients in the electrophysiology laboratory for prolonged periods. Therefore, cardiac
electrical imaging technique is a promising approach in noninvasively reconstructing
activation sequences or action potentials of the whole heart. By detecting the earliest
activated location, it allows the physicians to know the potential area of ablation before
inserting a catheter into the heart, which improves the effectiveness and efficiency of
catheter ablation and reduces the overall procedure time. By reconstructing action
potentials, it could identify regions with low potentials and estimate the extent of
myocardial infarction. By reconstructing the activation sequences, it helps in understanding

the mechanism of ventricular arrhythmias.

Dispersion of ventricular repolarization due to abnormal activation contributes to
the susceptibility to cardiac arrhythmias. Studies have shown the relationship between
inhomogeneity of ventricular repolarization and enhanced ventricular arrhythmia
vulnerability. Activation recovery interval (ARI) has been used to understand the
properties of ventricular repolarization. It has the advantage of being able to be extracted
from multiple, simultaneously recorded electrograms and reflecting the dynamics and
spatial characteristics of repolarization.

The 12-lead ECG has been widely used as a diagnostic test for cardiac arrhythmias

since its invention. It is the most accessible noninvasive data and it can be recorded rapidly



with a portable equipment for a long time using a Holter monitor. Neural network is well
known for recognizing patterns and classification. The accuracy can be higher than 90%
given ample training samples. The combination of these two would have the advantage of
data being easily collected, analysis quickly finished and relatively good accuracy obtained.

1.2 Motivation

Our group has conceptualized and pioneered a novel approach for a noninvasive 3-
dimensional cardiac electrical imaging (3DCEI) technique. This physical-model-based
approach images the cardiac electrical activities throughout the myocardium based on
equivalent-current-density distributions without an electrophysiological assumption.
Computer simulation and animal studies have demonstrated the capability of this approach
for imaging activation sequences throughout the ventricular myocardium. However, a few
questions remain to be answered: Can this method be applied to a reentrant ventricular
tachycardia, whose underlying mechanism is completely different from the arrhythmias so
far? If so, it needs to be demonstrated; if not, is there a method that could reconstruct the
activation sequence of a reentrant ventricular tachycardia? Can this method reconstruct the
activation-recovery-interval (ARI) distribution in ventricles other than the activation
sequence? For treating arrhythmias, localization of the earliest activated site is important
for ablation procedure. In addition to cardiac electrical imaging, can we facilitate the

process of localization using other techniques?

All of these questions need to be solved and the answers to these questions
contribute to the completeness of 3DCEI. In the past 4 years, we have made considerable
progress by developing and implementing a new algorithm to reconstruct the activation
sequence of reentrant ventricular tachycardia, by developing and applying 3D ARI imaging

and by using convolutional neural networks for the localization of ventricular arrhythmias.

1.3 The Organization of this Thesis

This thesis covers some research outcomes we have achieved in noninvasive

cardiac electrical imaging and localization of ventricular arrhythmias.

Chapter 2 provides the necessary background knowledge related to this thesis. It

covers the introduction to cardiac electrophysiology, ventricular arrhythmias,
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electrocardiography (ECG) and body surface potential mapping. Then a brief review of
clinical mapping techniques and noninvasive imaging techniques is given. Finally,
technical details supporting all the projects of this dissertation research are illustrated to
avoid repetitions. This includes forward modeling of cardiac electrical imaging, computer
simulation on a realistic anisotropic ventricle model and statistical analysis methods of

evaluating performance.

Chapter 3 is a comprehensive study on imaging activation sequences of ventricular
arrhythmias by formulating the inverse problem in frequency domain and applying a spatial
gradient sparse constraint. To our knowledge, this method is the first one that could
reconstruct the activation sequence of a global reentrant ventricular tachycardia. Computer

simulation and animal studies were done to evaluate and validate the method.

Chapter 4 demonstrates the capability of 3-dimensional cardiac electrical imaging
(3DCEI) in reconstructing the activation-recovery-interval (ARI) distribution in ventricles.
Reconstructed ARI distributions were evaluated with the extracted ARI distributions from

CARTO system in ten patients.

Chapter 5 introduces a novel method to localize the origins of premature ventricular
contraction (PVC) by applying convolutional neural networks to 12-lead ECG. The
performance of this method was evaluated under different noise levels and a variety of
heart registration errors. Moreover, it was applied to nine PVVC patients and obtained a good

average localization error around 11 mm.

Chapter 6 summarizes major contributions of the present dissertation research and

provides recommendations for future works.

The references and publication list are at the end.



Chapter 2

Background

2.1 Cardiac Electrical Activity

The normal electrical conduction in the heart allows the heart to contract and pump
blood to all the organs regularly. Within one cardiac cycle, the electrical impulse generated
by the sinoatrial node (SA node) is first propagated to the whole atria and then to the
atrioventricular node (AV node), which is located in the interatrial septum. From AV node,
the impulse is further conducted through the left and right bundle of His to the respective
Purkinje fibers, the endocardium of the apex and finally to the ventricular epicardium. [1]
This ordered conduction system in the heart initiates a depolarization wave front that

spreads through the myocardium tissues.

The cardiac electrical activity is the result of electrochemical reactions of excitable
myocardium cells. [2] A myocardial cell has a negative membrane potential when at rest.
If a stimulation is above the threshold, the ion channel will open and allow the ions flow
in or out of the membrane. The inflow of sodium ions cause depolarization and the
membrane potential will increase dramatically from -90 mV to 0 mV. The repolarization
phase is a result of the outflow of potassium ions, and the membrane potential will first
decrease slowly and then decrease to the resting potential. This membrane potential change

is called action potential.

2.2 Ventricular Arrhythmias

Ventricular arrhythmias are defined as abnormal heart rhythms (arrhythmias) that
originate from the lower chambers of the heart (ventricles). The abnormal heart rhythms
can be either a very slow heart rate (bradycardia, <60 bpm) or a very fast heart rate
(tachycardia, >100 bpm). Sustained ventricular arrhythmias—ventricular tachycardia (VT)
and ventricular fibrillation (VF)—are the arrhythmias that last longer than 30 seconds
without self-termination and they are the predominant causes of morbidity and sudden
cardiac death. Based on the duration, morphology of QRS complexes and clinical

characteristics, ventricular arrhythmias could be classified into different categories. [3]
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Ventricular tachycardia is one category that covers most classifications and it can be
broadly divided into two subcategories depending on the presence or absence of structural
heart disease. [4] Focal and reentry are two main mechanisms underlying VT. Idiopathic
VT is usually observed in patients without structural heart disease and most of them have
a focal origin such as in outflow tracts. [5] For patients with structural heart disease, the

most common mechanism of VT is scar-related reentry. [6]

A premature ventricular contraction (PVC) is a type of ectopic beat, in which the
heart beat is initiated by an ectopic pacemaker in the ventricles. It is one of the most
common ventricular arrhythmias and its prevalence is associated with many factors, such
as age, sex, race, and the presence of heart disease. The prevalence of PVC is >6% among
15,792 adults (aged 45-65 years) from the US based on a 2-minute ECG in a large cross-
sectional analysis. [7] If not treated in time, the condition of PVC may degenerate into
other ventricular arrhythmias such as ventricular tachycardia (VT) and ventricular

fibrillation (VF) and finally lead to sudden cardiac death.

Reentry is defined as the electrical circuit looping back upon itself. Reentry happens
because of either an anatomical obstacle in the heart with a structural heart disease or a
functional conduction block in a normal heart. Myocardial infarction is a type of
anatomical obstacles that could generate a reentry because of the excitable gap produced
by the tissues in the infarction area. Within the infarction zone, tissues are either electrically
unexcitable or with low conduction velocities. This prolongs the time for an excitation
wave to propagate once around the circuit (the revolution time). Moreover, once the

revolution time exceeds the refractory period along the circuit, the reentry could maintain.

2.3 Electrocardiography and Body Surface Potential Mapping

Considering the heart as an electrical source, the electrical potentials generated by
the electrical activity of the heart could propagate through the torso and reach the body
surface. If we put electrodes over the body surface, the electrocardiogram (ECG) will be
obtained. The 12-lead ECG system is the most popular and widely used noninvasive
detection of the cardiac electrical activity in the clinical setting. It is constituted of three

bipolar limb leads (lead I to lead Ill), six unipolar precordial leads (lead V1 to V6) with



reference to the Wilson’s Central Terminal, and three segmented unipolar leads (aVR, aVL,

and aVF). The waveforms of ECG could give lots of diagnostic information.

It is noted that ECG may not be adequate since the characteristic signals of some
cardiac disease arise in the region not covered by 12-lead ECG system. Body surface
potential mapping [8] is developed for recording ECG signals over the body surface to get
an instant-by-instant spatial distribution of ECG signals. Many experimental and clinical
studies have shown that body surface potential mapping has a higher diagnostic power and
be more informative. [9]-[11] However, it still doesn’t provide the direct information of
electrical activities within the heart. In addition, the smearing effect of heart-torso volume
conductor [12] makes many electrophysiological events undistinguishable on the body

surface that could be observed on the epicardium or within the myocardium.

2.4 Clinical Mapping Techniques

Therapeutic options to treat ventricular arrhythmias include antiarrhythmic drugs,
implantable cardioverter-defibrillators (ICDs) and catheter ablation. While antiarrhythmic
drugs suffer from the disappointing efficacy and adverse side effects and ICDs are painful
and reduce patients’ quality of life, catheter ablation emerged as the most common
technique nowadays because of its simplicity and safety. Radiofrequency catheter ablation
[13] is a minimally invasive procedure that by delivering energy to the sections of the heart
who are prone to producing arrhythmias, the arrhythmias are terminated and the patient is
treated.

Before applying radiofrequency in the arrhythmogenic area, different endocardial
mapping techniques have been used to identify the target of ablation depending on the
mechanism of the arrhythmia. For focal VVTs, the target of ablation is the point with the
earliest activation. Activation mapping techniques such as CARTO® (Biosense Webster,
Diamond Bar, CA, USA) and NavX® (Endocardial Solutions, St. Jude Medical Inc., St.
Paul, MN, USA) can create a three-dimensional (3D) activation time colored map by
assigning an activation time to each measured location sequentially. Simultaneous
activation mapping could be done by the EnSite® non-contact mapping system
(Endocardial Solutions, St. Jude Medical Inc., St. Paul, MN, USA). This system utilizes a
multi-electrode array to record electrical signals from multiple sites. For reentrant VTs,

6



entrainment mapping is usually considered as a supplement to activation mapping because
it is limited when clinical VTs cannot be induced or are hemodynamically unstable. For
scar-related VTs, substrate mapping is useful in determining the anatomical substrates that
could lead to VTs by creating a 3D amplitude map of local electrogram potentials. Regions
with low potentials (<1.5 mV) are considered pathological. [14], [15] Pace mapping could
be applied to both focal VTs and reentrant VTs. By comparing the morphology of clinical
VTs with that produced by stimulating at a site during sinus rhythm, it is able to locate the
origin of a focal VT or any point within the slow-conduction zone in a scar-related VT. It
is considered less precise than activation mapping for focal VTs but can serve as a

supplement to substrate mapping to delineate a possible isthmus zone.

2.5 Noninvasive Imaging Techniques

The aforementioned endocardial mapping techniques are invasive and limited by
their covering area, which makes cardiac electrical imaging technique a promising
approach in noninvasively reconstructing activation sequences or action potentials of the
whole heart. Noninvasive cardiac electrical imaging is important and significant for
understanding the mechanisms of cardiac electrophysiology and for guiding therapeutic
treatments of cardiac disorders. By detecting the earliest activated location, it allows the
physicians to know the potential area of ablation before inserting a catheter into the heart,
which improves the effectiveness and efficiency of catheter ablation and reduces the
overall procedure time. By reconstructing action potentials, it could identify regions with
low potentials and estimate the extent of myocardial infarction. By reconstructing the

activation sequences, it helps in understanding the mechanism of ventricular arrhythmias.

Noninvasive cardiac electrical imaging involves solving the inverse problem of
electrocardiography. In the past years, the work in this field can be classified based on
different aspects. (1) The input could be body surface potentials [16]-[50] or endocardial
potentials. [51], [52] Using body surface potentials as input is predominant because of a
larger covering area with more electrodes. Using endocardial potentials does not belong to
noninvasive cardiac electrical imaging technique by a narrower definition. (2) The source
model could be a single moving dipole model [17], [23], [33] or equivalent distributed
dipole model. [18], [21], [26], [49] Equivalent distributed dipole model was used since the

7



computational power increased dramatically in the past decade. (3) The solution space
could be two-dimensional [16], [18], [21], [24], [25], [27], [36], [44] or three-dimensional.
[28]-[30], [32], [34], [35], [37]-[43], [45]-[50] Imaging cardiac activities in 3D space or
throughout the myocardium is more desirable since cardiac electrical propagation is
inhomogeneous and varies across the myocardium. (4) The information to formulate a
constraint in order to deal with the ill-posed property of the inverse problem could be
physiological knowledge [20], [34] or physical knowledge. [18], [26], [49] Physiological
knowledge such as the prior knowledge of cardiac electrical activity, fiber orientation and
statistical knowledge from body surface potentials could help a lot in solving the inverse
problem and achieving a global optimum. But it is also limited by incorporating into the
physiological knowledge when the state of the heart is complicated or could not be
evaluated accurately. Physical knowledge includes the geometry of the heart and the
physical relationship between cardiac sources and body surface electrodes. It is robust in
the sense of its applicability. However, when it requires to identify the extent of infarction
or slow-conduction zone, physiological-knowledge-based approach [28], [35], [39], [48]
has less limitations than the physical-knowledge-based approach. [50] (5) The unit of
solution could be time (activation sequence) [21], [26], [27] or potential (endocardial or
epicardial potential [16], [18], [44]and transmural potential [29], [34], [38]) Activation
sequence directly locates the earliest activated site which has the minimal value in the
solution and reflects electrical propagation pathways of ventricular arrhythmias. On the
other hand, more parameters could be derived from the reconstructed potentials and usually
the amplitude of the potential is a marker for identifying infarction or slow-conduction
zone. (6) The norm of the constraint could be L2-norm [18], [26], [44], L1-norm [45], [49]
or a norm in between. [41] L2-norm is based on the minimization of energy resulting from
the consensus that a stable state usually possesses the least energy. L1-norm is usually
associated with sparsity. Sparsity could appear either in space or in time depending on
which property is pursued. To solve the inverse problem, a problem with L2-norm
constraints is easy to solve and is guaranteed with a global optimum. However, a problem
with L1-norm or other norms is hard to find an optimum and requires some special

algorithms to search the solution space and find a solution. The solution will be smooth if



it is L2-norm, and sparse if it is L1-norm. A norm between 1 and 2 will result in a

smoothness in between these two.

2.6 Forward Modeling of Cardiac Electrical Imaging

Based on the bi-domain theory [53]-[55], the discrete cellular architecture can be
represented by a macroscopic continuum model which consists of two domains: the
intracellular and extracellular domain. These two domains are connected by
transmembrane currents flowing in between across a theoretical membrane with no
thickness. Assuming a quasi-static condition, the electrical field within the volume

conductor is governed by:
V-[(Gi + GVD] =V - (=G;V D) (21)

where G; and G, are intracellular and extracellular conductivity tensors respectively, @, is
the extracellular potential and @,,, is the transmembrane potential. If we define equivalent

current density to be J,, = —G;V®,,, then the above equation can be rewritten as:
V- [(Gi + G VD] = V- Jq (2.2)

Thus, j,, can be the equivalent cardiac sources for generating cardiac electrical
activities. To model the distributed current sources, the whole ventricular myocardium is
discretized into N grid points. An orthogonal triple dipole is placed at each grid point to

represent local vector field with an arbitrary direction.

According to the analytical derivation [56], at any time, the electrical potential at a
given point on the torso surface is a linear superimposition of all the potential fields
generated by cardiac sources at that time. By applying BEM theory after the tessellation of
relevant surfaces (torso, lungs and epicardium), this linear relationship is also reflected in

the discrete matrix equation:
By (t) = LJ(t) (2.3)

where @, (t) is a Mx1 vector of body surface potentials at M electrode positions at time t

and J(t) is a 3Nx1 vector of the equivalent current density at N source locations at time t.



L is an Mx3N transfer matrix with the lead field between one electrode and one cardiac

source is a 1x3 vector.

So formulating an equation that builds a relationship between source activities and
measured signals is called the forward modeling. And given measured signals and the
transfer matrix, finding a solution that both approximates the measured signals after being
multiplied with the transfer matrix — minimize the difference between the left side and the
right side of Eq. (2.3) — and satisfies some physiological (or physical) constraints
depending on which desirable properties to pursue is called solving the inverse problem.
Forward modeling and solving the inverse problem are associated closely and interact with
each other. In some cases, the former determines what algorithm to use in the latter. And
in other cases, pursuing one property in the constraint will require a different forward
modeling. These two concepts are not limited to the cardiac electrical imaging field, and

they belong to a general field of source imaging.

2.7 Computer Simulation on a Realistic Anisotropic Ventricle Model

A cellular automaton heart model simulated the ventricular excitation. As described
in the paper by He et al. [22], heart geometry was constructed from CT images of a human
subject and discretized into around 38,000 cellular units with a side length of 1.5 mm. Then
a generalized ventricle conduction anisotropy was incorporated into the model. The
myocardial fiber orientations rotated counterclockwise over 120° from the outermost layer
(epicardium, -60°) to the innermost layer (endocardium, +60°) with equivalent increment
between the consecutive layers. The conduction velocity along the fiber was 0.6 m/s, and
0.2 m/s transverse to the fiber, respectively. In addition, the longitude intracellular
conductivity was set as 0.3 S/m and the transverse intracellular conductivity was 0.075 S/m,
respectively. The action potential and the vector of local fiber orientation were set
individually over all the ventricular cellular units. The equivalent current-dipole density of
each unit was computed as the product of the myocardial conductivity tensor and the spatial
gradient of instantaneous transmembrane potential. Each dipole has three orthogonal
components. Finally, cellular units were further grouped into 3,887 dipoles according to
their segment number. To simulate a single-site pacing, a dipole is chosen to be the starting

point of a cardiac electrical propagation in the heart. This is a single beat activation model
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and the time resolution of the generated current density is one millisecond. This ventricle
current-dipole model was used previously in the simulation study of a 3-dimensional
cardiac imaging technique [26], [49]. It will be used for the computer simulation in this
thesis.

2.8 Statistical Analysis

To evaluate the performance of an imaging technique for the reconstruction of
activation sequence in the heart, three parameters are usually calculated. The correlation
coefficient (CC) and relative error (RE) were computed to quantify the agreement of the
overall activation pattern. Localization error (LE) was computed to evaluate the targeting
performance of the proposed method. CC, RE and LE are defined as:

CC = Yi(AT;—AT)-(MT;—MT)
 JXi(AT—AT)2[3(MT;—MT)?

_ |Xi(AT;—MT;)?
RE = /—ZiMTiz (2.5)

LE = ||51 - SM” (2-6)

(2.4)

where AT; and MT; represent the imaged and measured (or simulated) activation time at i*"
cardiac source, AT and MT are the average of the two sequences, and S, and S,, are the
spatial locations of imaged and measured earliest (or latest) activation time sites
respectively.
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Chapter 3

Noninvasive Activation Imaging of Ventricular Arrhythmias

(Focal and Reentry)

3.1 Introduction

As discussed in Section 2.1, ventricular arrhythmias are classified into different
categories from a variety of perspectives. Here, we look at ventricular arrhythmias from
another angle and classify ventricular arrhythmias into two categories based on its
periodicity. Referring to the international consensus document on VT/VF ablation [57], a
periodic arrhythmia can be non-sustained VT or sustained VT (Duration Classification),
can be monomorphic VT, an episode from multiple monomorphic VT, a segment of
pleomorphic VT or ventricular flutter (Morphology of QRS complexes Classification), and
can be clinical VT, incessant VT, repetitive monomorphic VT or an episode of VT storm
(Clinical Characteristics Classification). A periodic arrhythmia covers both focal VT and
scar-related reentry regarding the underlying mechanism of VT. The common property we
are looking for is a relatively stable VT originating from the same origin or generated by
the same reentrant circuit. The body surface ECGs of periodic arrhythmias listed above can
be the direct input to our proposed novel imaging algorithm. We will show later that ECGs
of VT as short as 2-3 seconds could produce satisfying results given the heart rate is high
enough to produce an adequate frequency resolution in a myocardial infarction swine

model.

On the other hand, VTs with dynamically changing QRS configurations and VF,
which has a very chaotic morphology, are aperiodic and cannot be the direct input to our
imaging algorithm. This is understandable since we lose the time resolution by formulating
and solving the problem in the frequency domain. The more stable, the better. The proposed
imaging algorithm cannot be applied to premature ventricular complexes (PVC) at first
thought because the presence of an isolated complex. However, by concatenating the same
PVC beat multiple times, we could obtain an artificial VT train. Concatenation is applicable

to other single beats that are extracted from VTs. We applied concatenation when we tested
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the algorithm via computer simulation. Since concatenation is feasible, we could make a
final claim that our proposed novel imaging algorithm cannot be applied when the VTs are
generated by continuing changing reentrant circuits or when VF occurs. Given the low
incidences of the above cases, our proposed imaging algorithm will be able to reconstruct

activation sequences in a majority of ventricular arrhythmias.

On a higher level, reconstructing activation sequences by cardiac electrical imaging
technique is a type of source imaging. In the heart, source imaging aims to find the site
with the earliest activation time. In the brain, source imaging aims to locate the region that
initiates brain activities such as epilepsy. Brain activities are divided into different
frequency bands, so that a method taking into multiple dimensions (space, time or
frequency) will produce better results. To combine time and frequency, short-time Fourier
transform (STFT) is incorporated into the inverse problem. [58] And recently, STOUT
(spatiotemporal unifying tomography) [59] was proposed which combined space, time and
frequency. Besides combinations of different dimensions, solving the inverse problem
totally in the frequency domain [60], [61] allows us to focus on a specific frequency band.
The linear relationship between sources and electrodes still holds after the Fourier
transformation on both sides. The real and imaginary parts were solved independently by
using a weighted minimum norm approach. Source strength was estimated afterwards. In
the heart, most works formulated and solved the inverse problem in the time domain.
Recently, a temporal-sparse algorithm [49] was proposed to take the time dimension into
consideration and achieved a better temporal resolution. However, to our knowledge, there
does not exist any method that solves the cardiac inverse problem totally in the frequency

domain.

Thus, we proposed a physical-knowledge-based method on projected edge dipole
model (derived from equivalent distributed dipole model) to reconstruct activation
sequences for periodic arrhythmias from body surface potentials noninvasively. Based on
the above discussion, the imaging approach we proposed—SSF (Spatial gradient Sparse in
the Frequency domain)—is novel in five folds. (1) It takes the complex number after
Fourier transform as a whole and solves real and imaginary parts together. (2) It imposes a
weighted gradient sparsity in space as the constraint. (3) The activation time is related with
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the phase (calculated from real and imaginary parts of the solution). There is no need to
apply peak criteria [26] in the time course to determine the activation time for each source.
(4) A projected edge dipole model derived from the distributed rotating dipole model is
developed to make the proposed algorithm feasible. (5) This is the first time that a 3D
reentrant circuit throughout the ventricles could be reconstructed noninvasively by an
imaging method. Among the current invasive mapping techniques, although Ensite® could
record signals from multiple sites in the reentrant VT, it is limited by the number of the
electrodes and their total covering area in one chamber of the ventricles.

3.2 Methods

3.2.1 Equivalent Current Density on Edge in a Tetrahedron Model

We have introduced the forward modeling on a distributed current dipole model in
Section 2.4, and an orthogonal triple dipole represents the local vector field of equivalent
current density with an arbitrary direction. When a periodic cardiac activity occurs, a
myocardial cell is activated periodically. Its transmembrane potential fluctuates in a given
frequency and so does the magnitude of equivalent current density. To incorporate this
periodicity into our imaging scheme, constraining directly on the magnitude of an
orthogonal triple dipole would give rise to the complexity of solving the inverse problem
and limit the possible transformation that could be applied to the formulation. Therefore,
we propose a new tetrahedron model with each edge center representing the equivalent

current density.

A Delaunay triangulation transformed the N distributed dipoles into tetrahedrons.
The long edges that connect two dipoles farther than the threshold were detected and
deleted since their centers were not confined to the ventricular myocardium. The threshold
was estimated by calculating distances between each dipole and all the other dipoles. After
removing tetrahedrons with long edges, the edges that do not belong to any remaining
tetrahedrons were further deleted. Therefore, a clean tetrahedron model was created and it
was plotted for a manual check that there was no cavity in the model; otherwise, a looser
threshold would be chosen to generate a new tetrahedron model.
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Since the edge centers serve as the new current sources, the transfer matrix needs
to be updated as well. For the k" edge that connects i** dipole and j* dipole, the lead

field between this edge and m*" body surface electrode is defined as:

- Lmi - Lm'
Lemk:(ek'm+ek' d )/2 (31)

|Lm]|

where Le,,; is the edge lead field between mt" electrode and k" edge, é, is the spatial
vector between two dipoles, L,,,; is a 1 x 3 vector of the dipole lead field between mt"
electrode and i** dipole and L,,; is the dipole lead field between m* electrode and ;"
dipole. Because the absolute value of vector projection is used, the direction of &, does not

matter and Le,,,, IS @ non-negative value.
For a tetrahedron model, rewrite Eq. (3.1) as:
® = LgJg (3.2)

where & is an M x 1 vector of body surface potentials at M electrodes, Jzis aK x 1
vector of equivalent current density at K edge centers, and Lg is an M X K transfer matrix
for tetrahedron model.

3.2.2 Forward Modeling and Spatial Gradient Sparse in Frequency Domain

A periodic signal is characterized by its main oscillating frequency and phase in the
frequency domain. When the ventricular myocardium is activated in sequence, there is a
time delay in the time domain and a phase shift in the frequency domain. Based on the
linearity of Eq. (3.2) and time shift property of Fourier transform, Eq. (3.2) can be
transformed into the frequency domain and the phase of each edge current source

corresponds to its activation time.
Expand Eq. (3.2):

@ (t) Le,,Je,(t—t)+Le,Je,(t—t,)+---+Le Je, (t—ty)
$() | Le,,Je,(t—t)+Le,,Je,(t—-t,)+---+Le, Je, (t—t,)

oy (1) Ley, . Je (t—t)+Ley, ,Je,(t—t,)+---+Ley,  Je,(t—ty) (3.3)
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Apply Fourier transform to Eq. (3.3) and substitute into the main oscillating

frequency wy:

(Fa(@)] | Lel,lFJel(wo)e_f'“’tl + LelyzFJez(a)o)e“'_“’tz +oo+ Loy Fu (wo)e“'_‘”‘K ]
Fya () Le, Fri (@) + Le, ,F oy (05)e 7 + oo+ Le,  Frye (@)™

_F¢M (a’o)_ _LeM ,1|:Je1(a)o)eijwtl +Ley ,Fy, (a’o)eﬂ.wt2 +-+ Ley  Frx (a’o)eimK 1 (34)

Thus, in the frequency domain, Eq. (3.2) is expressed as:
Fg(wo) = LEF]E(CUO) (3.9)

where F(w,) is an M X 1 complex vector and F;_(w,) is a K X 1 complex vector.

Because we only care for the main oscillating frequency in the heart, w, is omitted in the
following equations and it is determined by detecting the frequency with the maximum

power in the power spectrum except the direct current component.

Suppose we extract amplitude and phase from the main frequency wy, in the time

Je,(t-1)

domain can be expressed as A;cos(wot — t;), and its Fourier transform will be:

F;,,(wo) = F{A; cos(wot — t))}(wg) = {e /@0t '%Ai[5(w —wg) +6(w +

wo)]H(wp) = e Tt -~ A; = ¢TI0~ 4, (3.6)
Phase ¢; = wot; « t; foralli=1---K (3.7)

From Eqg. (3.7), the phase of the complex vector F;_(w,) is proportional to the time

delay in the activation sequence.

Starting from the earliest activated site to the latest activated site, the time delay t;
ranges from 0 to T (cycle length of the periodic cardiac activity), and the phase shift is
from 0 to 2. In MATLAB, the phase is constrained to the range from —r to w. Because of
MATLAB convention, the actual phase shift is from 0 to —m, then © to 0, and this
corresponds to the original phase shift range of 0 to 2 w. Hence, the sudden change between

—n and 7 always exists. In 3-dimensional space, this results in a spatial gradient sparse of

16



phase in the myocardium, which could be utilized as a constraint in the reconstruction of

activation time.

3.2.3 Weighted Spatial Gradient Sparse Reconstruction

Eqg. (3.5) formulates a forward problem that connects distributed edge current
sources with body surface potentials in the frequency domain. Given body surface
measurements and the lead field, solving the equivalent current density cannot be done by
a direct matrix inversion because this is a highly ill-posed problem. Regularization needs
to be added to obtain a unique and stable solution, and the constraint terms are usually
based on the physiological property of the heart [19], [34] or the physical property of the
cardiac model. [26], [49] Solution that achieves the minimum energy is considered as
feasible and stable; hence it is widely used in cardiac electrical imaging. [18], [27] In our

proposed method, a weighted spatial gradient sparse is applied:

B, = argmin(lLefs, — Rl + 2IWGR, D @9
E

1
Wiy =——=forallk=1--K (3.9
JEF 1 LG
Gk,k=1+T,Gk,j={0j¢R k,j=1--K (3.10)

W is a depth weighting matrix to balance the deep sources in the heart model, G is
a numerical first order gradient matrix, R is a set including all the neighboring current
sources’ indices and r is the number of elements in set R. Neighboring sources are
determined by calculating spatial distances between one source and all the other sources
and sorting them in an ascending order. A is the regularization parameter which can be
determined by L-curve method. [62], [63] r determines how wide the smooth region will
be in the final solution, and A balances between the residual term and the spatial sparse
term. They are both data-driven. For the noisy data, a small r and A will be very sensitive
to the noise. Therefore, a larger  and A is desirable for experimental data and a smaller r
and A is suitable for simulation data. The range of them is usually from 1 to 10. Also, r

should not be too large to lose the sparse property in the solution.
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It is worthy of noticing that the spatial gradient sparse constraint is applied to F;,
which is a complex vector, not to the phase of F;_. This is because the mathematical
expression of phase is nonlinear and will render the problem to a non-convex problem. A
non-convex problem is hard to solve and requires special algorithms to deal with. Therefore,
the current formulation Eqg. (3.8) to (3.10) formulates a convex constrained problem, which
can be solved with CVX, a MATLAB package, specialized in solving convex programs.
[64] When F)_ is obtained, phase is easy to calculate. In addition, according to the above
discussion, after flipping the phase from 0 to — « and & to 0 to the range of 0 to 2 =, the
activation time is computed by multiplying the cycle length T divided by 2 © and the 3D

activation sequence of the reentrant circuit is reconstructed.

3.2.4 Computer Simulation of Focal Ventricular Tachycardia

To simulate a focal VT train, single-site pacing simulation on a realistic anisotropic
ventricle model was used (as described in Section 2.5). A tetrahedron model was built upon
this dipole model, and the equivalent current density on each edge was calculated, similar
as in Eq. (3.1), by a spatial projection of the two dipoles’ components that are connected
with this edge. In total, 12 pacing sites were selected based on the anatomical structure of
the ventricles, namely in basal posterior (BP), basal septum (BS), basal left wall (BLW),
basal right wall (BRW), basal anterior (BA), middle septum (MS), middle posterior (MP),
middle left wall (MLW), middle right wall (MRW), middle anterior (MA), apical anterior
(AA) and apical posterior (AP). For each single-site pacing simulation, the time courses of
all the current density on edge were plotted to determine the beginning and ending time of
a single-beat activation. The time segment of the activation was extracted and concatenated
100 times to form a chain. The whole series of current density were filtered by a zero-phase
bandpass filter between 1 Hz and 10 Hz. Since VT is defined as with a heart rate higher
than 120 bpm, we did down sampling to the filtered current density to represent a similar

heart rate.

The boundary element model of a heart-torso model was built by using a
commercial software (Curry 6.0, Neuroscan, North Carolina, USA) based on the torso and
lungs segmented from a standard high-resolution male torso MRI images (ViP V2.0 IT’IS

Foundation, Zirich, Switzerland). Two hundred and eight body surface electrodes recorded
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from a human subject were placed on the front and back of body surface, and were
registered with the heart-torso model. The lead field between dipoles and electrodes was
transformed to the lead field between edge sources and electrodes by Eq. (3.1). The body
surface potentials of a focal VT train were generated by multiplying the train of current
density with the lead field.

Gaussian white noise of various SNR levels (5, 10, 20 and 40 dB) were added to
the forward calculated body surface potentials to simulate ECG signals collected in a
clinical setting. Then we applied Fourier transform to the final simulated body surface
potentials of a focal VT train to calculate the power across different frequencies, and the
main oscillating frequency was determined by detecting the frequency with the maximum
power except direct current component. Eg. (3.8) to (3.10) were employed to solve the
inverse problem in the frequency domain and the activation sequence was reconstructed

accordingly. The schematic diagram of computer simulation is presented in Fig. 1.

Tetrahedron Model Dipole Projected to Focal VT Train of One Edge Source
e Edge Source

2 o o N

©

Dipole Amplitude

»

Dipole 2

Dipole 1 Edge Source

1
0
[]

I h
: :

3
Frequency (Hz)

Detect Main Frequency Focal VT Train of Body Surface Potentials

Figure 1 Schematic diagram of computer simulation of focal ventricular tachycardia. VT =
ventricular tachycardia.

3.2.5 Application to Reentrant Ventricular Tachycardia in a Swine Model
To apply the proposed method to reentrant VT, four female pigs were studied under

a protocol for simultaneous body surface potential mapping and 3D intracardiac mapping.
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[65], [66] The study protocol was approved by the Institutional Animal Care and Use
Committee at University of Alabama at Birmingham. The study flowchart is shown in Fig.2.
Left anterior descending (LAD) artery occlusion was done 2 months and a week before the
mapping study and the occlusion time duration was 150 minutes. Therefore, this is a late
myocardial infarction swine model. After a month, the enchocardiography study was
performed to assess the states of the pigs. Then one week before the mapping study,
anatomical MRI and delay-enhanced MRI images were obtained to construct the swine
heart-torso model and for the identification of myocardial fibrosis regions respectively
(Panel B in Fig. 3).

[LAD artery occlusion [ Drug preparation ]
90 min
1 month 1
1 [ Make incision ]
[ Echocardiography study ] ] 35 min
1 1 month [ Balloon up J
150 min
Anatomical and Delay- l’
enhanced MRI [ Ba"°°i‘ down ]
10 min
1 1 week [ Close incision ]
Experiment

Figure 2 Swine study flowchart. CT = computational tomography, LAD = left anterior descending,

MRI = magnetic resonance imaging.

On the day of mapping, 128 body surface electrodes were first placed on the front
chest and back of the pig to record body-surface potentials at a sampling rate of 1 kHz. The
locations of body surface electrodes were digitized using an electromagnetic 3D digitizer
(Fastrak, Polhemus Inc., Colchester, VT, USA). Then the catheter was inserted for pacing.
After several minutes of signal recording with adequate signal quality, the heart was
exposed via median sternotomy. Up to 70 transmural plunge-needle electrodes were
inserted into the left ventricle, the right ventricle and the septum. Each plunge-needle
electrode contains 3 to 6 unipolar channels with an inter-channel distance of 1 mm. The
number of channels that each plunge-needle electrode contained was recorded in a
notebook. The plunge-needle electrodes were more densely placed near the myocardial

infarction substrates. We sutured the chest, thus the unipolar electrograms were recorded
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simultaneously with body surface potentials in a closed-chest condition (Panel D in Fig. 3).
Rapid single-site pacing and burst pacing was done to induce reentrant VT in the swine

heart.

After the mapping study, the heart was excised with all the plunge-needle electrodes
and pressure perfused in formalin for at least 12 hours. Then the heart was flushed under
water and used for digitization of plunge-needles. Each plunge-needle was replaced by a
color-coded tubing (Panel G in Fig. 3). We digitized the root and the tip of each tube to get

an accurate location and direction of each plunge-needle.

The ventricle geometry and torso were segmented from anatomical MRI images by
a commercial software (Curry 6.0, Neuroscan, North Carolina, USA) and the body surface
electrodes were registered to the torso surface based on several anatomical landmarks
(Panel C in Fig.3). The BEM model was built to relate body surface electrodes with
distributed cardiac sources. A long segment of body surface potentials with sustained
reentrant VT (Panel E in Fig.3) was used for imaging the reentrant circuit. Principle
Component Analysis (PCA) was used for extracting the main components with SNR higher
than 1 and for further filtering signals after a bandpass filter of 1 and 30 Hz. Finally, a 3D

activation sequence was reconstructed by the proposed method (Panel F in Fig. 3).

Since intracardiac mapping results were used for the validation and served as a
golden standard of the activation sequence, intracardiac electrograms of several stable
reentrant VT beats were analyzed. After bandpass filtering the unipolar signals, the first
derivative was calculated for each channel. The time with the maximum negative first
derivative was detected as the activation time automatically. By combining the activation
time with the positions of plunge-needle electrodes, the 3D activation time map of a
reentrant VT beat was constructed (Panel H in Fig. 3). Finally, the plunge-needle electrodes
were registered with the ventricle model and the activation time was interpolated spatially

to the ventricle model to obtain a 3D intracardiac activation time map (Panel | in Fig. 3).
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Figure 3 Schematic diagram of swine study. A: experimental animal. B: Anatomical and delay-

enhanced MRI for the construction of heart-torso model and the identification of infarction area. C:
Heart-torso model with body surface electrodes registered with the body surface. D: Simultaneous
body surface recording and intracardiac recording. E: BSPM, the recorded body surface potential
maps. F: Imaging results by using the proposed imaging method. G: Excised heart with color-coded
tubing replacing plunge-needle electrodes. H: Pick up activation from each unipolar channel. I

Interpolated intracardiac activation time map.

3.2.6 Statistical Analysis

As described in Section 2.6, three parameters were calculated: CC, RE and LE. For
computer simulation of focal VT, the evaluation was made between the simulated
activation sequence and the imaging activation sequence. In the time domain, we have
proposed two methods to localize the origins of PVC or focal VT before: one was based
on the weighted minimum norm (WMN) [26]; the other introduced temporal sparse into
the formulation. [49] Considering the computational effort, we compared the imaging
performance of the proposed method with that of the WMN on the same edge source model.

For the WMN method, a single focal VT beat was taken out for the imaging analysis. It
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was further evaluated with the simulated activation sequences to get imaging statistics. For
the animal experiment of reentrant VT, the evaluation was made between the measured

intracardiac activation sequence and the imaged activation sequence.

3.3 Results

3.3.1 Computer Simulation of Focal Ventricular Tachycardia

Table 1 summarizes the imaging statistics of WMN and SSF (Spatial gradient
Sparse in the Frequency domain, the proposed method) under different noise levels. As
SNR decreases, the performance of WMN declines. However, SSF manages to maintain
the good performance unaffected by the noise level. The average CC and LE of 12 single-
site pacing simulations are also plotted in the top row of Fig. 4. As for RE, there is no
significant difference between the two methods. The RE among different noise levels
varies less in SSF than that of WMN. This is due to how we calculated the activation time
in SSF. The cycle length of a beat was first determined from the butterfly plot of body
surface potentials. Then the phase of SSF with a range of 0 to 2x was multiplied by this
cycle length to transfer it into the activation time. Therefore, there was no time shrinkage
in SSF. Two factors that influence the value of RE: shape of distribution and the absolute
error. SSF with no time shrinkage has less variation in the absolute error so that it also

varies little in the value of RE.

Table 1 Imaging Statistics of Computer Simulation

SNR CC (%) LE (mm) RE (%)

Method ~ WMN SSF WMN SSF WMN SSF
40dB  88.17+10.83 91.67£730 6.0+2.8 45522 23.67%6.08 19.42+538
20dB  87.50£10.50 91.67+8.07 7.0829 49424 2058548 21.67+5.07
10dB  84.92+11.52 90.83+891 7.9+32 53427 19.9244.98 19.00+4.51
5dB  83.08£12.10 89.9249.95 102+3.1 5.6+32 18.8324.99 18.75+4.75

CC = correlation coefficient, LE = localization error, RE = relative error, SNR = signal-to-noise

ratio, SSF = spatial sparse in frequency domain method, WMN = weighted minimum norm method.
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Figure 4 Imaging statistics between SSF and WMN in focal VT simulation. The top row shows the
average CC and LE of all the 12 pacing sites. The second and bottom rows present four specific
cases that SSF has improved the imaging performance significantly. The triangle mark stands for
the WMN method, and the square mark indicates the SSF method. The CC is plotted in orange

lines and LE is shown in blue lines.

Among the 12 single-site pacing simulations, four cases are considered difficult
and usually have low CCs and LEs: basal septum (BS), middle septum (MS), middle
posterior (MP) and middle left wall (MLW). Their imaging statistics are shown in the
middle and bottom rows in Fig.4, and the 3D activation sequences are presented in Fig.5.
For the first two cases, the difficulty comes from the pacing source lying in the middle
region of the heart. On the body surface, the initiation part of the excitation is almost
cancelled out by the cardiac electric propagation along two opposite directions. Therefore,
the signal is very weak on the body surface, and is hard to be seen by the imaging process.
This is the reason why the activation time maps of BS and MS target the earliest activation
sites to the sites that are a little bit late in time than the true earliest activation site. WMN
tended to assign a single source while SSF was able to obtain a balance in space as shown
in the middle column of BS and MS in Fig. 5. When calculating the earliest activation site,

this spatial balance led to a smaller LE and a higher CC. Since the left ventricle is remoter
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from the front body surface than the
right ventricle anatomically in human,
pacing source in MP or MLW is
considered as a deep source and would
be hard to detect. This is where SSF
outperformed WMN. Both CC and LE
were improved by using SSF. The
imaging results are presented in the
bottom two rows in Fig. 5. The color
bars were the same in the imaging
results of SSF and WMN. On general,
SSF performs better than WMN and
SSF improves the performance the

most in these four cases.

Figure 5 Activation time maps of four focal
ventricular tachycardia simulations. The
pacing sites are on the left with SNR levels
underneath. The 3D simulated activation
sequences are depicted in the first column.
The activation sequences reconstructed by
SSF method and WMN method are listed
in the second and the third columns
respectively. The earliest region in each
activation sequence is denoted by a yellow
star. All the maps are color coded from red
to blue with red representing the earliest
activation time and blue for the latest
activation time. BS = basal septum, MLW
= middle left wall, MP = middle posterior,
MS = middle septum, LV = left ventricle,
RV = right ventricle.



3.3.2 Reentrant Ventricular Tachycardia in a Swine Model

The physiological statistics of the four pigs are demonstrated in Table 2 including
the average infarct extent estimated from delay-enhanced MRI images by experts. It was
observed that the blood pressure was higher after the LAD occlusion than that of the
healthy state. This was because of the poor circulation that occlusion brought in. Swine 1
had the least infarct extent and the highest ejection fraction rate. On average, the weight of
the four pigs is 57.8 £ 4.0 kg.

Table 2 Physiological Statistics of Swine

Weight BP. H BP_ E EF EDV ESV AIE
(kg) (mmHg) (mmHg) (%) (mI) (ml) (%)

Swine 1l 534  82/46 110/66 486 89.6 46 8.17
Swine2  63.1  92/57 122/80 444 90.7 504 18.7
Swine3 579  61/34 107/76 309 1347 93 172
Swine4  56.8  97/60 127/76 423 1398 80.6 10.9

AIE = average infarct extent; BP_E = blood pressure during the experiment after left anterior
descending artery occlusion; BP_H = blood pressure in the healthy state; EDV = end diastolic

volume; EF = ejection fraction; ESV = end systolic volume.

Table 3 summarizes the imaging statistics. In total, four long stable reentrant VTs
were recorded and analyzed. We did not observe any reentrant VT induced by programmed
stimulation in Swine 1, which may be due to its low infarct extent. Two reentrant VTs in
Swine 2, one in Swine 3 and one in Swine 4 were successfully induced by stimulation
pacing. They were recorded by the intracardiac recording system and by the body surface
electrodes simultaneously. We compared the imaged activation sequences with those
obtained from the intracardiac unipolar electrograms. The average CC is 88.00 + 4.83 %,
the average RE is 0.23 £ 0.03, the average LE of the earliest activated site is 6.3 £ 1.9 mm
and the average LE of the latest activated site is 6.3 + 3.4 mm. Two reentrant VTs in Swine
2 were more stable compared to the other two reentrant VVTs, therefore a longer segment of
body surface signals were used for analysis. The main oscillating frequency was estimated
from the power spectrum of the analyzed body surface signals (Middle column in Fig. 7),

and on average, w, is 5.12 Hz which is equal to 307 bpm (beats per minute).

26



Table 3 Imaging Statistics of Reentrant VT in a Swine Model

Reentry Needle Channel CC RE LEE LEL @ ¢

mm)  (mm)  H) )
S2RVT1 71 257 090 020 8.5 8.3 451 17.7
S2RVT2 71 257  0.88 027 48 21 477 266
S3RVT 50 198 0.81 0.25 7.1 9.8 592 355
S4RVT 61 230 092 021 46 5.1 529 227

CC = correlation coefficient; Channel = the number of unipolar channels; LE_E = localization error
of the earliest site; LE_L = localization error of the latest site; Needle = the number of plunge-
needle electrodes; RE = relative error; RVT = reentrant ventricular tachycardia; t = the time length
of analyzed reentrant ventricular tachycardia in body surface potentials; w, = the main oscillating

frequency of reentrant ventricular tachycardia.

The intracardiac mapping results of S2RVT1 are presented in Fig. 6. The reentrant
VT beat analyzed is framed in a red rectangle on the top left corner. The two reentry loops
that composed a figure 8 reentry circuit are depicted in the left middle row with the unipolar
electrogram of each channel presented on the right. The activation time is defined as the
time with the maximum negative first derivative, which is marked by a red vertical line,
and the exact time is on top of it with a unit of millisecond. Loop A to B to G forms an
anterior top loop that passes through the left ventricle, the septum and the right ventricle.
Loop A to H to G forms another lateral loop that circulates in the right ventricle. The
conduction block is denoted by a black rectangle between site A and site G. The bottom
left row demonstrates the 3D colormap of the intracardiac activation time with red
representing the earliest activated region and blue the latest activated region. Here the
anterior loop is denoted by two black dashed lines and the lateral loop is shown in the
orange dashed lines. The cross section view of this color map is on the right with one
sagittal view on the bottom left corner. The view of the anterior loop is the same as that of

the 3D color map.
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Intracardiac Electrogram of Reentry Circuit

15 ms

ANAAANS 4 W &

ECG lead |

ANAAANAN

ECG lead Il

B N R VA P WAt
WA ey )

I<«?’>I

S 2
2L
s
e

‘% Q VY T
W\, o

Figure 6 Intracardiac mapping results of S2RVT1. The analyzed reentrant ventricular tachycardia

beat is framed in a red rectangle on the top left corner. Two loops that compose the figure 8 reentry
circuit are depicted in the middle left row. The corresponding activation time map is shown in the
bottom left row. Its cross section and sagittal view are listed on the right of the activation time map.
The individual unipolar electrogram of each site in the circuit with activation time marked on top
is demonstrated on the right column. Ant = anterior view of the heart, LV = left ventricle, Pos =

posterior view of the heart, RV = right ventricle.

Figure 7 provides plots of ECG Lead Il used for the analysis and the power
spectrums of four reentrant VTs. The power spectrums were used to determine the main
oscillating frequency. The last column is the Signal-to-Noise Ratio (SNR) determined from
the power spectrum. Signal refers to the power amplitude of the main oscillating frequency,
namely the maximum power amplitude in the plot. It is marked with a red star in the figure.

Moreover, the noise is the largest amplitude of power except the main frequency and its
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harmonics (a wave with a frequency that is a positive integer multiple of the main

frequency) which is pointed by a black arrow in the figure.
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Figure 7 ECG Lead Il and power spectrum of four reentrant VT in the swine. First column: ECG
Lead Il plots of analyzed time segments. Second column: Power spectrum of body surface
potentials after bandpass filtering and PCA filtering. Third column: Signal-to-Noise Ratio (SNR)

determined from the power spectrum.

Figure 8 illustrates the imaging results of the four reentrant VTs. Each panel
represents one reentrant VT. Within each panel, the measured 3D intracardiac activation
time maps are listed in the first row. The corresponding imaged activation sequences are
presented in the second row. They are color-coded from the red to the blue. The yellow
star denotes the earliest activated site and the orange star denotes the latest activated site.
For the third row, the red infarction area is plotted in a translucent way inside the
ventricular myocardium and the infarction extent was estimated from the delay-enhanced
MRI images of the heart. 3D views in these three rows share the identical lightening and
view. Cross section views of the measured and infarction are the same. Since there is a
discrepancy between the measured and the imaged, the cross section views of the imaged
are chosen to show the earliest and the latest activated sites. The reentry pathways of three

out of four reentrant VTs were formed in the anterior border and one was in the posterior
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3.4 Discussion

3.4.1 Property of SSF

To our knowledge, SSF is the first imaging algorithm designed for imaging periodic
ventricular arrhythmias especially for imaging the 3D reentrant circuit in reentrant VT. The
inverse problem formulates in the frequency domain and solely utilizes the main oscillating
frequency components, which results in the robust performance of SSF against noise and
its less computational time. The constraint is formed on the basis of spatial gradient sparse
which was not taken into consideration in the previous cardiac electric imaging algorithms
and this leads to a higher spatial similarity between imaged activation time maps and

simulated (or measured) activation time maps.

SSF is built on a tetrahedron model transformed from the conventional rotating
dipole model. In the time domain, the time segment of a reentrant beat used for analysis is
hard to decide since this is a reoccurring event within the whole ventricle. The starting time
point of a beat in the butterfly plot of body surface potentials is not associated closely with
the starting point of a reentrant circuit. This makes it difficult to image the activation
sequence of a reentry circuit using an imaging algorithm developed in the time domain.
However, in the frequency domain, the activation sequence is encoded into the phase. To
express the phase of a cardiac source, a tetrahedron model with edges serving as the new
cardiac sources can clearly define the amplitude and phase of the current density that cannot

be done in a rotating dipole model.

The tetrahedron model and spatial gradient sparse in the frequency domain consist
of the novelty that SSF possesses. The statistics in the focal VT simulation have shown the
robustness of SSF against noise and a better spatial balance than WMN when imaging deep
sources. The statistics in the reentrant VT swine study demonstrated that SSF was able to
reconstruct the global reentry circuit with a good accuracy. Regardless of a long train of
focal VT beats or reentrant VT beats, SSF could reconstruct the activation sequence with

one shot.

3.4.2 Application to Reentrant Ventricular Tachycardia
In a series of studies on reentrant ventricular arrhythmias in the late myocardial

infarction period in dogs [67]-[72], researchers have investigated this type of reentrant VTs
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from a variety of aspects, such as epicardial mapping of reentrant VVTs, electrophysiologic-
anatomic correlation of reentrant circuits, spontaneous versus induced reentry, correlation
of activation and refractory maps and entrainment and termination of reentrant VT.
Infarction in these dogs was created by a ligation on the LAD artery, and experiments were
done 3-5 days after the ligation. It has been shown that regardless of the anatomical
localization of reentrant circuits (epicardial, intramural, or subendocardial), their
dimension or mechanism of initiation (spontaneous or programmed premature stimulation),

reentrant excitation always occurred in a figure 8 configuration. [69]

We tested the proposed method on a swine model in which the infarction was
created by a LAD artery occlusion and the experiments were done 2 months after the
occlusion. Based on the location of the infarction and the time length of infarction existence,
our study results shared many similarities with those obtained from the canine model. We
observed a figure 8 configuration of reentrant circuits in the swine model both from the 3D
intracardiac mapping results (Fig. 6) and from the 3D imaging results (Fig. 8). The
infarction zone were made of cells that showed a wide variety in degrees of partial
depolarization, reduced action potential amplitude and decreased upstroke velocity [68],
and from the intracardiac electrograms in Fig.6, we could see that the reentrant circuit was
consisted of myocardial regions with a wide range of action potential amplitudes (from 2
mV to 25 mV). The reentrant circuit we obtained is a macroreentry, and the possible reason

of it could be the existence of a tract of surviving tissue that traverses the infarct. [73]

Inside the myocardial infarction area, surviving muscle fibers and strands of fibrous
tissue were interwoven which was supported by the study in patients. [74] The reentry
occurred at the border of the infarct and the larger subendocardial muscle mass. [75] This
concept was further supported by comparing locations of conduction block with the
infarction extent in the ventricles in Fig. 8. Since the intracardiac-mapping results and
infarction results shared exactly the same cross section view, the earliest and latest
activated site in the reentrant circuit located on the border of the infarct and the normal

tissue.
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3.4.3 Clinical Implication

To terminate the reentrant VT via ablation, information such as the central common
pathway, VT exit site and lines of conduction block is needed. Effort has been made to
directly map the reentrant circuit by endocardial mapping [73], epicardial mapping [67],
[68] or entrainment mapping. [76] However, they were limited by the region that was
covered and were unable to capture the macroreentry throughout the ventricles
simultaneously. They were also invasive procedures that may put patients under prolonged
procedure time. Recently, a noninvasive epicardial imaging technique was applied to
infarcted canine hearts lying inside a human torso model [77]-[79]. Although it was able
to reconstruct the reentry pathway and its key components based on the imaged epicardial
potential, the initiation of a reentry beat was detectable only when it reached the epicardium
that was expressed as a breakthrough on the epicardial potential map. We reconstructed the
reentrant circuit throughout the myocardium in situ and compared the results with those
from simultaneous intracardiac mapping. We have successfully recorded 4 reentrant VTs
in pigs, and achieved an average CC of 0.88+0.05, an average RE of 0.23+0.03, an average
LE of earliest activated sites of 6.3+1.9 mm, and an average LE of latest activated sites of
6.3+3.4 mm. RF ablation at the exit, central and proximal sites in the reentry circuit results
in a high incidence of termination. [76] The pathway of reentrant VT, VT exit site and lines
of conduction block of a reentrant VT are clearly shown in the 3D imaged activation
sequence maps, which would reduce the searching area for ablation and the ablation time,

and finally help in the successful termination of reentrant VT.

3.4.4 Study Limitation

Our study is limited by the number of reentrant VTs obtained from four pigs.
However, compared with the induced rate in dogs [68], we have achieved a 75% induced
rate in pigs. All the reentrant VTs were induced in swine hearts with myocardial infarction
produced by LAD occlusion. In clinical, myocardial infarction could occur in other regions
and reentrant VTs could happen in a normal heart. The performance of SSF needs to be
evaluated in more diverse animal models in the future. The spatial resolution of measured
activation sequences is limited by the number of plunge-needle electrodes in the
myocardium. The positions of plunge-needle electrodes were digitized in vitro. Within all
these limitations, we have shown that SSF was able to reconstruct activation sequences of
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a reentrant VT noninvasively and we have successfully depict the reentry circuit in the

swine hearts.
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Chapter 4

Activation Recovery Interval Imaging

4.1 Introduction

Dispersion of ventricular repolarization due to abnormal activation contributes to
the susceptibility to cardiac arrhythmias [80]. Studies have shown the relationship between
inhomogeneity of ventricular repolarization and enhanced ventricular arrhythmia
vulnerability [81]-[86]. Refractory period, transmembrane action potential duration, and
activation recovery interval (ARI) have been used to understand the properties of
ventricular repolarization. Compared to the other two measurements, ARI has the
advantage of being able to be extracted from multiple, simultaneously recorded

electrograms and reflecting the dynamics and spatial characteristics of repolarization.

A method was first reported by Wyatt et al [87], [88] to estimate activation and
repolarization times from unipolar electrograms. By comparing the difference between the
repolarization time and the activation time with simultaneously recorded in vivo
transmembrane action potential durations, Wyatt method was shown to be a good
estimation of action potential durations (APDs). Later, ARI was clearly defined as the
interval between times of activation and repolarization, and was used in two animal studies,
which demonstrated high correlation between ARI from unipolar electrograms and
refractory periods or action potential durations under a variety of conditions. [89], [90] In
Wyatt method, activation and repolarization time are defined as the time of minimum
derivative of the QRS and the time of maximum derivative of the T wave in unipolar

electrograms respectively.

T wave polarities correspond to different repolarized regions, and there has been a
controversy over the determination of repolarization time for positive T waves in unipolar
electrograms. Chen et al [91] proposed an alternative method in which the minimum
derivative on the downslope of the positive T waves was chosen to represent the local
repolarization. This study and other following studies [92], [93] have observed a better

correlation between ARI and MAP 90% (90% repolarization of monophasic action
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potential recordings). However, the alternative method lacks theoretical foundation. To
justify the use of Wyatt method, Coronel et al [94] have presented experimental evidences
and Potse et al [95] have validated through a simple theoretical model that the maximum
derivative of T waves should always be used regardless of T wave polarities. Finally, a
more recent study [96] identified the sources of measurement bias of Wyatt method and
supported previous assertions that alternative method does not reliably represent either
repolarization time or MAP 90%. So the determination method of repolarization time in
unipolar electrograms from CARTO system to evaluate the performance of ARI imaging

in this study is Wyatt method.

Besides validating the use of ARI from invasive recordings, researchers have
always wanted to discover parameters that could reflect repolarization properties from
noninvasive recordings. It has been shown that indices derived from 12-lead ECG are
inadequate [97], [98] and even high-resolution body surface potential map (BSPM) has its
limit in identifying local changes in repolarization. [99] In this case, cardiac imaging
technique comes as a better choice in the sense of being noninvasive and timesaving and
providing detailed cardiac activities. Epicardial potential imaging such as noninvasive
electrocardiographic imaging (ECGI) was developed [18] to reconstruct epicardial
potentials from BSPMs and has been applied to a variety of conditions. [100] However,
since ventricular repolarization is inhomogeneous [101] and one can only infer deep source
activities from epicardial potential maps, a 3D cardiac imaging technique could provide
more direct information such as activation time and repolarization time in 3D space and

would be considered more desirable.

Our group has developed a 3D cardiac electrical imaging (3DCEI) technique [26],
[49] to estimate the equivalent current density at each cardiac source location from BSPMs
and derive activation time from the time course of current density. This method has been
quantitatively evaluated in animal models under different conditions such as pacing,
ventricular tachycardia, drug-induced QT prolongation and nonischemic heart failure. [37],
[43], [47], [102] Recently, we applied 3DCEI to atrial arrhythmias by extracting frequency

features from the reconstructed current density. [50]
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Studies have shown that ventricular repolarization potential distributions during
ectopic beats were influenced by transventricular gradients (gradients from one side of the
heart to the other) [103] and the longest ARIs were located at the sites of earliest activation
and shortest at the latest activation areas during pacing. [92] In this study, we extended the
application of 3DCEI to repolarization properties by reconstructing ARI distributions from
the time course of current density and investigated the role of ARI in guiding ablation

procedure in PVC patients.

4.2 Methods

4.2.1 Patients

BSPMs were recorded in 10 PVC patients (Male= 4, Female= 6, average age=47.8
+ 11.7 years old) before the EP procedure with spontaneous PVCs detected. None of them
has undergone ablation procedure before. Patient characteristics and selective medical
records are summarized in Table 4. Study protocols were approved by the Institutional
Review Board of University of Minnesota and Shanghai Ruijin Hospital (affiliated with
Shanghai Jiao Tong University School of Medicine, Shanghai, China). All patients signed
written consent forms before this study.

Table 4 Patient Statistics of ARI Imaging Study

Heart Rate Blood Pressure Antiarrhythmic

Patient Age Gender (bpm) (mmHg) Medication Medical History PVCs/24 h
1 41 F 74 116177 None Diabetes 15160
2 53 M 70 105/63 Bisoprolol Allergic to penicillin 25630
3 43 M 75 121/64 Amiodarone Hypertentsion NIA
4 M F 70 17/61 Aspirin, Lipitor  /\therosclerosis of coronary artery and 21100
carotid artery, cervical disc herniation
5 54 F 80 118167 Moracizine Allergic to cephalosporin 13441
6 37 M 95 137/86 None Sublingual gland excision 27161723 h
7 42 F 78 115/75 None None 26337
8 43 M 82 150/80 MNone MNane 30476
9 33 F 84 100/55 None Cardiac arrhythmias, asthma 51226
10 61 F 82 120/79 Amiodarone, Paroxysmal palpitation 8470

Moracizine, metoprolol

bpm = beats per minute, F = female, M = male.
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4.2.2 Experimental Design
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Figure 9 Schematic diagram of ARI imaging and validation in PVC patients. A: Experimental

recordings include cross-sectional CT slices showing detailed heart geometry and torso boundaries,
butterfly plot of multiple-channel ECGs and local activation time maps recorded during EP study.
B: Realistic heart-torso model (blue dots showing body surface electrodes). C: Endocardial surface
of ARI maps by applying ARI imaging. D: ARI extraction of individual recording sites from
unipolar electrograms. E: Interpolated endocardial surface of ARl maps from CARTO system. 3D
= 3-dimensional, ARI = activation recovery interval, CT = computed tomographic, ECG =
electrocardiogram, EP = electrophysiology, LV = left ventricle, PVC = premature ventricular

contraction, RV = right ventricle.

Schematic diagram of the study is shown in Fig. 9. CT images were collected before
EP study. A continuous volume scanning from the level of great vessel to the diaphragm
was performed to obtain the heart geometry with a slice thickness of 0.4 mm. And another
scan from the collar bone level to lower abdomen with a slice thickness of 6 mm was to
get a complete torso geometry. These two sets of CT images were registered based on
important cardiac anatomical landmarks. A realistic model including torso, lungs,
epicardium, and ventricles was built from CT images by using a commercial software

(Curry 6.0, Neuroscan, North Carolina, USA) for segmentation and registration.
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Two hundred and eight Ag-AgCl carbon electrodes were placed on the front (n=140)
and back (n=64) of patients when they were in Fowler’s position. The electrodes were
digitized by using an electromagnetic digitizer (Fastrak, Polhemus Inc., Colchester, VT,
USA). The electrodes were then connected to BioSemi ActiveTwo system (BioSemi,
Amsterdam, Netherlands) with a sampling frequency of 2k Hz to record body surface
ECGs. Recording lengths were summarized in Table 1 for each patient. Patients were asked

to keep still with slow respiration to reduce motion artifacts during recording.

After each EP study, we collected CARTO files that include endocardial surface of
either or both ventricles, endocardial local activation time maps, ablation sites and unipolar
electrograms. The endocardial surface of ventricles was registered with the segmented

heart from CT images.

After registering body surface electrodes with the realistic model (Curry 6.0), a
boundary element model (BEM) was built and by implementing ARI imaging technique, a
3D ARI map was reconstructed. On the other hand, ARI was extracted from unipolar
electrograms and was interpolated to get a CARTO ARI map. 3D ARI map was compared
with the CARTO ARI map quantitatively. Detailed descriptions of ARI imaging technique
and ARI extraction from unipolar electrograms are stated in the following sections.

4.2.3 Imaging Principle of ARI Imaging

Follows the forward modeling in the time domain (Eq. (2.3)), @, (t) is a Mx1
vector of body surface potentials at M electrode positions at time t and J(t) is a 3Nx1
vector of the equivalent current density at N source locations at time t. Since 3N is usually
much larger than M, finding J(t) given @, (t) is an ill-posed inverse problem that requests
mathematical regularization. A generalized Tikhonov regularization is applied to solve this

inverse problem:
min 12, = LIOIZ + AW DI (4.1)

where W is the depth weighting matrix calculated from L and A is the regularization

parameter determined by L-curve method.
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After solving the inverse problem on QRS complexes and T waves separately, the
time course of the equivalent current density at each source location is obtained. According
to the maximum criteria [26], the activation time t,(or repolarization time z,.) is when the

amplitude of J(t) reaches its maximum during the duration time T at a fixed location p :
©(p) = max(/(p, ) (42)

Activation recovery interval (ARI) is defined as the interval between repolarization

and activation, so ARI at location p is:

ARI(p) = 7,(p) — 1.(p) (4.3)

4.2.4 ARI Extraction from Unipolar Electrograms
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Figure 10 ARI extraction from unipolar electrograms. Top: Unipolar electrogram of a recording
site. Middle: First derivative of unipolar electrogram to aid in determining the activation time
(minimum derivative) and repolarization time (maximum derivative). Red stars represent these two
time points. Bottom: Simultaneous recording of Lead 11 on the body surface to identify a PVC beat.
Amplitude unit of recordings is mV, and time unit is second. ARI = activation recovery interval,

PVC = premature ventricular contraction.
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Unipolar electrograms were included in CARTO files. At each recording site, a 2.5-
second unipolar electrogram was recorded with corresponding 12-lead ECGs
simultaneously. The unipolar electrogram and the first derivative of the unipolar
electrogram were plotted along with Lead Il from 12-lead ECGs to help identify PVVC beats
in Fig. 10. The minimum derivative in QRS and the maximum derivative in T wave were
automatically detected and marked as activation time and repolarization time respectively.
Finally, ARIs at recording sites were interpolated to endocardial surface to get an
endocardial ARI map.

4.2.5 Statistical Analysis

To evaluate the performance of ARI imaging, a quantitative comparison was made
between two endocardial ARI maps: one was extracted from the 3D ARI map and the other
was interpolated CARTO ARI map. For patient 1, 2 and 4, unipolar recording sites spread
throughout the whole chamber of either left ventricle or right ventricle, which enables us
to directly extract the endocardial surface from 3D ARI map and also interpolate ARIs to
the same endocardial surface. However, for the other 7 patients, because of the small
number of unipolar recording sites and the accompanying small region of CARTO
endocardial map, 3D ARI map was projected to and ARIs were interpolated to the same
CARTO endocardial surface for comparison. Statistics include correlation coefficient (CC)
and relative error (RE) between two endocardial ARI maps, localization error between the
longest ARI sites (centers of mass with longest ARIs) in two maps (LE-map), and also LE
between the longest ARI site in 3D ARI map and the ablation sites (LE-ablation).

4.3 Results

In total, 100 PVC beats (10 for each patient) were analyzed. A good correlation was
found with an overall CC of 0.86+0.05 and a RE of 0.06+0.03. The average LE-map is
4.5+2.3 mm and the average LE-ablation is 4.0£1.3 mm. Since the longest sites in both
ARI maps are at a different area as ablation sites in patient 2, LE-ablation data of patient 2
was not taken into account when calculating the average LE-ablation. Based on the
activation time maps of activation imaging results, PVC originated from right ventricular
outflow tract (RVOT) in 9 out of 10 patients, 7 in the right ventricle free wall side and 2 in

the septum side. One patient (patient 2) who was diagnosed as having right bundle branch
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block (RBBB) had the ectopic beats initiated from left anterior fascicle in the left ventricle.
These are in accordance with the clinical ablation outcomes. From 3D ARI maps of ARI
imaging results, the site with the longest ARI was at the same location as the clinical
ablation outcome, with only one exception that for the patient with RBBB, the longest ARI
site lied in left posterior fascicle in the left ventricle. These were summarized in Table 5

along with BSPM indices and statistics of 10 PVC beats for each patient.

Table 5 Statistics of Ablation Outcome and Data Analysis

Recorded Imaged BSPM PVC BSPM Unipolar -
Patient Diagnosis gb:;t:en Lengest Longest Recorded QRS T-wave beat ARl Recording cc RE LE-map ablation
utcome ARI site ARI site (minutes) (ms) (ms) (ms) (ms) Sites (No.) {mm) {mm)
1 PVC RVOT free wall RVOT free wall RVOT free wall 10 101 131 382 130 41 0.8320.01 0.03t0.01 4106 41209
Left Anterior Left Posterior Left Posterior . -
2 PVC, RBBE Fascicle Fascicle Fascicle 24 Ba 166 379 125 34 0.86+0.04 0.05+0.01 7.7+2.0 NiA
3 " PVC, . RVOT free wall RVOT free wall RVOT free wall 12 M3 171 382 78 13 0842002 0.04x002 34423 41225
onsustained VT
PVC, . . . q , o
4 Monsustained AT RVOT free wall RVOT free wall RVOT free wall 14 M3 167 416 136 40 0812002  0.08£0.02 34+1.1 5005
5 PVC RVOT free wall RVOT free wall  RVOT free wall 21 19 162 387 106 18 0.8520.01 012001 26100 3702
L] PVC, .7 RVOT free wall RVOT free wall  RVOT free wall 13 126 179 394 89 52 0844001 008+001 589410 48408
MNonsustained VW
T PVC RVOT free wall RVOT free wall  RVOT free wall 14 M 156 411 144 82 0.84£0.01 0.06+0.01 36203 32410
8 PVC RVOT septum  RVOT septum RVOT septum 21 M3 155 326 58 23 0814004 0.05£0.01  S59£1.7 3.1#11
9 PVC RVOT free wall RVOT free wall RVOT free wall 24 92 154 358 110 " 0814006 D0.014001 1.3+01 48407
10 PVC RVOT septum  RVOT septum RVOT septum 17 87 169 350 84 22 086+003 DO06+004 71420 35413
Average MNA MIA MiA MIA 17 107 181 374 108 34 0.86+0.05 0.06£0.03 45¢23 4.0£1.3

AT = atrial tachycardia, ARI = activation recovery interval, BSPM = body surface potential maps,
CC = correlation coefficient, LE-ablation = localization error between the longest ARI sites in
imaging ARI map and the ablation sites, LE-map = localization error between the longest ARI sites
in imaging ARI map and CARTO ARI map, PVC = premature ventricular contraction, RBBB =
right bundle branch block, RE = relative error, RVOT = right ventricular outflow tract, VT =

ventricular tachycardia.

Figure 11 shows the results for three patients (Patient 1, 2 and 4) with recording
sites covering the full chamber. The first column are the imaged activation time maps, in
which white stars represent the earliest activated sites. The second column refers to the
imaged endocardial ARI maps and the fourth column the interpolated CARTO ARI maps.
In both columns, the longest ARI sites are labeled by yellow stars. In between, there are
three cross section views of imaged 3D ARI maps. All the maps are colored from red to
blue, with red representing the minimum and blue the maximum. The time scales of
imaging ARI maps are from both ventricles and the time scales of CARTO ARI maps are

determined by the ARI values of recorded sites. The PVC beats analyzed were marked in
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Lead Il electrograms. The time segment between red vertical lines was used for activation
imaging and the time segment between magenta vertical lines was the input for
repolarization imaging. In patients 1 and 4, the earliest site in activation and the longest
ARI sites in both ARI maps are in the same region, namely RVOT right ventricle free wall
side. For patient 2, activation started at left anterior fascicle while the longest ARI site

located at left posterior fascicle. The CC and LE-map are shown underneath.

Activation Imaging ARI Imaging ARI cross section view CARTO ARI
Patient 1 Lead ll w L ‘ ﬁ

|

30msEE T 77 ms 231 ms [l T 362 ms CC=0.84 LE-map=3.8 mm 303ms O 1369 ms

Patient 2 Lead Il "‘Af"/\ M,l/\jﬁﬂr_/\

¥ Y To0W

23 ms B 72 ms 213 ms Il Tl 379 ms CC=0.86 LE-map=5.9 mm 227 ms I TN 271 ms
Patient 4 leadll _ j /\U\l L\\
3 Lv -
-« . v p oW ] v
\ B \ K.
RV
RV \‘d RV 3 v Sy
31 ms B 91 ms 249 ms [l 416 ms CC=0.84 LE-map=3.3 mm 285 ms T T 369 ms

Figure 11 ARI results with recording sites covering a full chamber of ventricles. First column:
Imaged activation time maps with white stars representing the earliest activated sites. Second
column: Endocardial surface of 3D ARI maps which were obtained by applying ARI imaging to
QRS complexes (red vertical lines) and T waves (magenta vertical lines) separately. Third column:
Three cross-section views of 3D ARI maps. Fourth column: Interpolated CARTO ARI maps.
Yellow stars in the ARl maps represent the longest ARI sites. All the maps were color-coded from
red to blue with red denoting the earliest activated or the shortest ARI site and blue stands for the
latest activated or the longest ARI site. The time scales of imaging ARI maps are from both
ventricles and the time scales of CARTO ARI maps are determined by the ARI values of recorded
sites. 3D = 3-dimensional, ARI = activation recovery interval, CC = correlation coefficient, LE =

localization error, LV = left ventricle, RV = right ventricle.
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Among the other 7 patients with small CARTO-recorded endocardial surfaces, 5
have the PVC beats starting from RVOT right ventricle free wall side and 2 are from RVOT
septum side. Representative results of two patients are shown in Figure 12. Because of the
small recording area, imaged ARI maps were projected to CARTO-recorded endocardial
surfaces and then were compared with interpolated ARI maps quantitatively. The figure

format is the same as that in Figure 11.

Activation Imaging ARI Imaging ARI cross section view CARTO ARI
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& y
b Septum % » Septum
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Figure 12 ARI results with fewer recording sites covering regional ventricles. The format is the
same as in Fig. 11. The time scales of imaging ARI maps are from both ventricles and the time
scales of CARTO ARI maps are determined by the ARI values of recorded sites. 3D = 3-
dimensional, ARI = activation recovery interval, CC = correlation coefficient, LE = localization

error, LV = left ventricle, RV = right ventricle.

4.4 Discussion

This study used 3D ARI imaging technique to determine the spatial pattern of
activation and repolarization and to construct ARI maps in PVC patients noninvasively.

Quantitative comparisons were made between imaging results and clinical recordings.

4.4.1 3D ARI Imaging
Previous to this study, ventricular repolarization patterns could only be reflected
from epicardial potentials [104] noninvasively or from endocardial potentials [105]

invasively. Although activation pattern may remain unchanged, repolarization could vary
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and thus plays an important role in the susceptibility to cardiac arrhythmias. Given the
inhomogeneous and dynamic nature of repolarization pattern, a 3D ARI imaging technique
is essential. We have shown the capability and performance of 3DCEI by imaging
activation patterns under various conditions in the past. This study expanded our study

scope to repolarization in humans.

4.4.2 Quantitative Comparison and Localization of the Longest ARI Site

In the previous noninvasive imaging studies, repolarization patterns were shown
and discussed. However, a quantitative measurement was lacked. In the current study, we
evaluated the performance of 3D ARI imaging by comparing the imaging results with ARI
maps extracted from clinical unipolar electrograms quantitatively. The time length of the
imaged ARI in Fig.11 and Fig. 12 was in concordance with the ARI time length estimated
from BSPM in Table 5. In addition, the time length derived from the unipolar electrograms
was found to be longer than the imaged ones. This could be explained by the direct contact
of unipolar electrodes deprived of the smearing effect due to electrical propagation through
avolume conductor. Thus, imaged ARIs were shorter than CARTO ARIs. Besides the three
patients with recorded sites covering a full chamber, the other seven patients were mapped
in a small region around the target ablation sites. Therefore, the recorded ARIs were much

longer than those of both ventricles.

4.4.3 Clinical Implication

During ectopic activity such as in PVC or pacing, repolarization time is mainly
determined by the activation sequence since activation time differences are much larger
than local repolarization (action potential duration). This is supported by previous findings
in which activation time was inversely correlated with ARI during premature stimulation
in patients with normal ventricles. [105], [106] Our results are in accordance with the
theory and previous findings in the aspect of detecting the longest ARI sites are close to
the origins of PVCs in 9 PVC patients with normal ventricles.

Discrepancy occurred in patient 2 who had RBBB in the ventricles. Normally,
activation is conducted through both bundle branches of the conduction system. However,
during RBBB, with the right bundle branch blocked, the right ventricle is activated by the

impulses travelled through myocardium from the left ventricle instead of being activated
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through the bundle of His-Purkinje fibers and the left ventricle is still normally activated
by the left bundle branch. Anatomically, the left bundle branch divides into the left anterior
fascicles and the left posterior fascicles. From the activation time map and the recorded
successful ablation site’s location, PVVCs were initiated by the left anterior fascicles in
patient 2. What is interesting is that the longest ARI site was in the left posterior fascicles
in clinical ARI map and imaging ARI map. Whether this site would be the future potential
origin of PVCs remains unclear and requires a follow-up observation. For now, 3D ARI
imaging has been reflecting repolarization changes faithfully in ectopic activities.

4.4.4 Study Limitation

The patient population (n=10) is small and the diversity of patients is limited since
most patients have origins of PVCs at RVOT. Not all the patients were mapped within the
full chamber, which may contribute to the higher correlation coefficients in some patients
because of the projection and interpolation over a relatively small area. Within these
limitations, 3D ARI imaging provides an insight into the global pattern of repolarization
and the capability of ARI in ectopic activities.
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Chapter 5

Localization of Origins of Premature Ventricular Contraction

5.1 Introduction

Since its invention, the 12-lead ECG has been widely used as a diagnostic test for
cardiac arrhythmias and it can be recorded rapidly with portable equipment for a long time
by using a Holter monitor. [107] A normal heart beat would produce four entities on the
ECG: a P wave, a QRS complex, a T wave and a U wave. They represent different
electrophysiological stages of the heart: atrial depolarization, ventricular depolarization,
ventricular repolarization and papillary muscle repolarization. Among them, the QRS
complex is of the most interest to cardiac electrophysiologists since a majority of
ventricular arrhythmias is reflected by the changes of morphology on the QRS complex.

As introduced in Section 2.1 and 2.2, premature ventricular contraction (PVC) is
one of the most common ventricular arrhythmias. Pace mapping is one of the predominant
mapping techniques being used in clinical settings. [108] If the morphology of QRS
complex by pacing at a site matches well with the VT or PVC observed on the 12-lead
ECG, this site is considered to be a potential ablation site. Pace mapping is done by
stimulating at different endocardial sites, so it is invasive. Non-invasively, researchers have
been investigating features of the QRS complex obtained from the 12-lead ECG to help
identify ablation targets for PVC and VT. [109]-[111] Some typical characteristics of the
QRS complex used for localization are QRS width, QRS axis, QRS patterns (gR, QS, RsR’

and so on), R wave amplitude and concordance.

Some characteristics of the QRS complex are easy to calculate automatically;
however, for other features that involve a pattern recognition, it is subjective to some

degree and requires expertise obtained from a long-time training.

Neural network is well known for recognizing patterns and classification. [112]—
[114] The accuracy can be higher than 90% given ample training samples. [115] The input
to the neural network can be the original time course of the 12-lead ECG, [116] features

extracted from time domain, [117] statistical features, [118], [119] features extracted from
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frequency domain, [120] components resulting from different transforms, [121], [122] and
outputs from some clustering algorithms. [123] The application of neural network can be
the classification among ventricular arrhythmias, [116], [119], [120] classification between
normal heart beat and arrhythmias [121], [124], [125] or among all types of arrhythmias.
[123] Another important application is the discrimination between healthy subjects and
patients, such as patients with myocardial infarction [126]-[128] and patients with
coronary artery disease. [122] These applications of neural network are mostly concerned
about the state of the heart, whether it is in arrhythmias or have cardiac diseases.

We propose to classify and localize origins of cardiac arrhythmias throughout the
ventricles by applying neural networks to 12-lead ECG. The ventricles are divided into 25
segments based on standard myocardial segmentation of the left ventricle [129] and
expanded it to the right ventricle. A realistic anisotropic ventricle computer model is used
to generate QRS complexes of 12-lead ECG from pacing at all possible ventricular
locations. The time course of QRS complexes generated are then fed to convolutional
neural network (CNN) for classification and localization purpose.

Epicardial mapping and ablation have expanded considerably in the past few years.
It was reported that 13% to 17% VT ablation procedures were epicardial mapping or
ablation. [130], [131] On ECG, epicardial VT is reflected as a slow onset of the QRS
because the initial part of the wave front progresses slowly until it reaches the Purkinje
system at the subendocardium. [132] The intracardiac delay of electrical conduction
produces a slurred initial part of the QRS complex (pseudo A wave). [133] So the initial
part (first half) of the QRS is critical for the detection of an epicardial or endocardial focus.
In this study, we use the first half of QRS complexes generated by the ventricle computer
model as input to the CNN to classify between an epicardial ectopic beat and an endocardial

ectopic beat.

Thus, our proposed method consists of two neural networks: Segment CNN with
25 classifications and Epi-Endo CNN with 2 classifications. The localization of origins of
PVC is a function of probability distribution outputs of the two CNNSs and the center of
gravity of each segments in the ventricular model. Our proposed method was applied to

the real 12-lead ECG collected from 9 PVC patients who underwent ablation treatment.
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There are other studies to localize the origin of PVC from the 12-lead ECG. Van
Dam et al used myocardial activation imaging technique based on an equivalent double
layer model to localize the PVC origin, [134]-[136] although positions of 12-lead ECG
were unknown, thus the accuracy of results was reduced. In addition, a quantitative
measurement of localization error was lacking. In our study, electrodes’ positions were
digitized and the average localization error was presented by calculating the spatial
distance between the CNN predicted sites of origin of PVC and successful ablation sites
recorded from EP study in the patient.

Recently, a patient specific model based intracardiac electrograms simulation was
done to resemble clinical body surface signals. [137] Our study would be considered a step
forward as the model-based noninvasive identification of ablation targets. Materials in this

chapter have been previously published. [138]

5.2 Methods

The rationale behind this study is that we assume PVCs are generated by focal
sources, and if we train CNN with all the possible 12-lead ECGs resulting from a single-
site pacing covering the ventricular volume with a certain level of noise, the CNN will be
able to identify which segment the origin of PVC lies in and whether it is an epicardial or
endocardial source given a set of 12-lead ECGs. Depending on the probability distribution
of CNN output, we could give an estimation of source location based on the classification

information.

The realistic anisotropic ventricle model has been introduced in details in Section

2.5. We used this model to simulate ventricular activation process in the heart.

5.2.1 Segmentation of Ventricles and Extraction of Epicardium and
Endocardium

In the ventricle current-dipole model that consists of 3,887 cardiac dipoles, the left
ventricle was segmented according to AHA standardized myocardial segmentation into 17
segments [129], and the right ventricle was segmented in a similar way as the left ventricle
into 8 segments. Thus, the whole ventricle was classified into 25 segments in total. The
position and the number of each segment are shown in the middle column of Fig. 13. The
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number of cardiac dipoles each segment includes is in the parentheses on the bottom. The
left column in Fig. 13 is a visualization of 25 segments. The dipoles lying on epicardium
and endocardium were identified and labeled as 1 and 2 respectively, and all other dipoles
were assigned 3 as transmural dipoles. Both the left side and the right side of the septum

are considered as endocardium.

Anterior RV LV

[}

o

-+

%’ 5

Left Ventricle: Right Ventricle:
1. Basal anterior (232) 7. Mid anterior (170) 13. Apical anterior (193) 18, Basal anterior (101) 24. Apical anterior (74)
2. Basal anteroseptal (150) 8. Mid anteroseptal (139)  14. Apical septal (195) 19. Basal lateral {100)  25. Apical inferior (102)
3. Basal inferoseptal (179) 9. Mid inferoseptal (165) 15. Apical inferior (179) 20. Basal inferior (159)
4. Basal inferior (192) 10. Mid inferior (164) 16. Apical lateral (183) 21. Mid anterior (112)
5. Basal inferolateral (171)  11. Mid inferolateral (146) 17. Apex (263) 22, Mid lateral (110)
6. Basal anterolateral (155) 12. Mid anterolateral (128) 23. Mid inferior (125)

Figure 13 Segmentation of ventricles. Left ventricle segmentation follows the AHA standardized
myocardial segmentation, and the right ventricle is segmented in a similar way developed by the
authors. The most right column shows the colorful endo-surfaces of both ventricles and also the
gray epicardium. The bottom panel lists all the segments in order, their physical position and the
number of cardiac dipoles each segment contains in the ventricle current-dipole model. In total,

there are 3,887 current dipoles in the model.

5.2.2 12-lead ECG for Computer Simulation

The torso and lungs were segmented from a high-resolution male torso MRI images
(ViP V2.0 IT’IS Foundation, Zirich, Switzerland). Then the boundary element model of
heart-torso was built using a commercial software (Curry 6.0, Neuraoscan, North Carolina,
USA). 208 body surface electrodes were placed on the front and back of body surface. By
multiplying the current-dipoles with the leadfield matrix between each dipole and each
electrode, we could get body surface potentials. Among these signals, nine were chosen to
generate 12-lead ECG. Three electrodes were selected to represent the electrodes placed

on left leg, left arm, and right arm, respectively. So lead I, 11 11l and lead aVL, aVR and
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aVF could be derived from the signals of these electrodes. Other six electrodes were

selected as V1 to V6 according to their anatomical locations.

5.2.3 Training and Testing of Convolutional Neural Network

Convolutional neural network (CNN) is a type of deep, feed-forward artificial
neural network. We used a deep learning toolbox in MATLAB developed by Rasmus Berg
Palm [139] to setup, train and test CNN. It uses a sigmoid function as the activation
function for feed forward propagation and a gradient descent projection method as the back
propagation algorithm. Convolution and pooling were done in 2-dimension (2-D). The
stride, namely the number of unit that convolutional kernel shifts each time, is equal to one.
There is no padding in convolutional layers. The 2-D convolutional kernel has an equal
size along both directions. To ensure the applicability of the convolutional kernel, the input
should also be in a square shape. Thus, we added 4 more leads derived from three limb
leads (LL for left leg, RA for right arm, LA for left arm): LL-RA-LA; LA-RA-LL; RA-
LA-LL; (LL+RA+LA)/3. The last one corresponds to the Wilson central terminal. Along
the time dimension, we down-sampled the time courses of QRS (or first half of QRS) to
16 time points before adding noise in simulation. Therefore, each input set of ECGs is a 16

x16 square matrix. This size results in the fast response of both CNNs.

In order to localize the origins of PVCs, we utilized the classification information
from two types of CNN: Segment CNN and Epi-Endo CNN. The study diagram of this
section is shown in Fig. 14.
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Figure 14 Study diagram of training and testing of convolutional neural network. (A) Segment
CNN. All cardiac dipoles are multiplied by the leadfield of 12-lead ECG to get the time courses of
electric potentials. Then different levels of Gaussian white noise were added to the potentials. 90%
of the QRS complexes (Blue in the bar) from 12-lead ECG were selected as the input to Segment
CNN for training procedure. The other 10% (White in the bar) were used for testing. The output of
Segment CNN is a probability distribution among 25 segments, the segment with the maximum
probability is considered as the output segment. (B) Epi-Endo CNN. Cardiac dipoles located at
epicardium and endocardium were selected and multiplied by the leadfield of 12-lead ECG.
Different levels of Gaussian white noise were added and the first half of QRS complexes served as
the input for Epi-Endo CNN. 90% of the data were for training and the other 10% were for testing.
The output is a probability distribution between two output neurons, either neuron 1 (Epi) or neuron

2 (Endo) would have a larger probability.

Segment CNN: The cardiac dipole components resulted from pacing were

multiplied by the lead field matrix to generate body surface electrical potentials. Thus, we
would have 3,887 sets of 12-lead ECGs corresponding to pacing at 3,887 locations in the
ventricular model. QRS complexes were extracted from each lead. A certain level of
Gaussian white noise (20 dB, 10 dB or 5 dB) was added to all the leads 10 times to generate
noise contaminated 12-lead QRS complexes. Adding a certain level of noise 10 times is

for increasing the robustness of Segment CNN to this level of noise since we would have
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ample training samples representing different noise variations. In total, our data pool had
38,870 sets of noise-contaminated 12-lead QRS complexes. 10% of the whole data was
used for testing, which means 3,887 sets were the testing data. In order to test the CNN
without segment bias, within each segment, 155 (=~ 3,887/25) sets of 12-lead QRS
complexes were randomly selected each time for testing. The remaining 90% data were
used for training procedure. The Segment CNN consisted of 6 layers: Input layer (A set of
12-lead QRS complexes), Hidden layer 1 (convolutional layer with a kernel size of 5),
Pooling layer 1 (sampling scale of 1), Hidden layer 2 (convolutional layer with a kernel
size of 3), Pooling layer 2 (sampling scale of 2), and Output layer (25 neurons for 25
segments). The batch size was 23, alpha was 1 and the number of epochs was 10. After a
ten-fold cross-validation, the accuracy and precision rate of each segment of Segment CNN

were calculated.

Epi-Endo CNN: Similar to Segment CNN, 1,709 dipole sources located on

epicardium and endocardium were identified and were used to generate single-site pacing
12-lead ECGs. QRS complexes were extracted and the first half of 12-lead QRS complexes
was used. Gaussian white noise of a specific SNR was added 10 times. Thus for Epi-Endo
CNN, we had 17,090 sets of first half of QRS complexes from 12 leads. 10% of this data
was used for testing, which means 855 (==1,709/2) sets were randomly selected from each
category. The remaining 90% data were used for training. The Epi-Endo CNN consisted
of 6 layers: Input layer (first half of QRS complexes from 12-lead ECGs), Hidden layer 1
(convolutional layer with a kernel size of 5), Pooling layer 1 (sampling scale of 2), Hidden
layer 2 (convolutional layer with a kernel size of 3), Pooling layer 2 (sampling scale of 2),
and Output layer (2 neurons corresponding to epicardium and enodcardium). Parameters
were set as following: batch size = 25, alpha = 3 and number of epochs = 10. After a ten-

fold cross-validation, the accuracy and precision rate of Epi or Endo were calculated.

5.2.4 Localization of Origins of Premature Ventricular Contraction

After training procedures, we tested the localization performance of these two
CNNs by feeding a new set of data, which included 12-lead ECGs with a certain SNR
resulting from pacing at all possible dipole locations. For each set of 12-lead ECGs,

Segment CNN would assign a probability to each segment and Epi-Endo CNN would tell
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how possible it was from epicardium or endocardium. Based on these two probability

distributions, the estimation of source location was calculated as following:
N 2
S = ZPI X(Z P; xCOGij) (5.1)
i=1 j=1

In Eq. (5.1), S is the source location, and P; is the normalized probability of it"
segment and its adjacent segments, the output of Segment CNN. N is the number of
adjacent segments each segment has based on the ventricle segmentation in Fig. 13. Pj is
the probability of Epi or Endo, the output of Epi-Endo CNN. And j is 1 for Epi; 2 for Endo.

CoGi; is the center of gravity of Epi or Endo dipole sources in it segment.

The segment with the maximum probability from Segment CNN was considered as
the output segment. Its adjacent segments (sharing boundaries with the output segment)
were determined based on the ventricle segmentation in Fig. 13. The endocardial center of
gravity and epicardial center of gravity in each segment were calculated. By multiplying
spatial locations of epicardial and endocardial centers of gravity with the probabilities of
epicardium and endocardium from Epi-Endo CNN, we obtained epi-endo-informed centers
of gravity of the output segment and its adjacent segments. This process corresponds to the
multiplication inside the parentheses in Eq. (5.1). Since some dipole sources locate near
the boundary of two segments, it was probable that Segment CNN would assign it to its
neighboring segment. This is why we took the adjacent segments of an output segment into
consideration to decrease the localization error (LE). It was done by first normalizing the
output probabilities of Segment CNN only among the output segment and its adjacent
segments, and then multiplying the normalized probability with each epi-endo-informed

center of gravity. Adding all up, we estimated the source location.

5.2.5 Application to PVC Patients

We collected data from 9 PVC patients (Male = 3, Female = 6, average age = 48.3
+ 12.3 years old). The patient statistics were summarized in Table 1. None of them has
undergone ablation procedure before and none of them has structural heart disease. Study

protocols were approved by the Institutional Review Board of University of Minnesota and
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Shanghai Ruijin Hospital (affiliated with Shanghai Jiao Tong University School of

Medicine, Shanghai, China). Written consent forms were obtained from all patients.

Table 6 Patient Statistics of CNN Study

Blood

Patient Age Gender Diagnosis Heart Rate Pressure }‘\I]l'lal'l:hyl‘h m Medical History PVCs/24 h Ablation
(bpm) ic Medication Outcome
(mmHg)
1 41 F PVC 74 116/77 None Diabetes 15160 RVOT free wall
2 53 M PVC, RBBB 70 105/63 Bisoprolol  Allergic to penicillin 25630 -eft Anterior
= Fascicle
Atherosclerosis of
V. al .. ..
3 ¢ F  PVCNonsustamed 117/61  Aspirin, Lipitor _coromayarteryand =100 pyOT free wall
AT carotid artery, cervical
disc herniation
4 54 F PVC 80 118/67 Moracizine Allergic to 13441 RVOT free wall
cephalosporin
5 17 M PVC. Nm}sustal.ued 05 137/86 None Sublmgpa_l gland 27161/23 h RVOT free wall
VT excision
6 42 F PVC 78 115/75 None None 26337  RVOT free wall
7 43 M PVC 82 150/80 None None 39476 RVOT septum
8 33 F PVC 84 100/55 None Cardiac arrhythmias. 51575 RyOT free wall
asthma
Amiodarone,

9 61 F PVC 82 129/79 Moracizine. Paroxysmal palpitation 8470 RVOT septum

metoprolol

AT = atrial tachycardia, F = female, M = male, PVC = premature ventricular contraction, RBBB =

right bundle branch block, RVOT = right ventricular outflow tract, VT = ventricular tachycardia.

For each patient, we had CT images of heart, lungs and torso. Then a boundary
element model was built including lungs and torso by using a commercial software (Curry
6.0, Neuroscan, North Carolina, USA). After the segmentation of patient’s heart, we
registered our ventricular model with it. Prior to the EP study, 208 Ag-AgCl carbon
electrodes were placed on the front and back of body surface to record body surface
electrical potentials with 2kHz sampling rate for about 10-30 minutes and positions of
electrodes were digitized (Fastrak, Polhemus Inc., Colchester, VT, USA). During the
recording, all of the patients have spontaneous PVCs recorded and 2 of them also have
non-sustained VT detected. Nine electrodes were selected to form 12-lead ECGs later
based on their anatomical positions. We registered the generic model with the patient’s
heart based on the least sum of distances between the two. By using Curry 6.0, the leadfield
between these nine electrodes and our generic ventricular model was generated. After the

EP study, we also collected CARTO files, which contained spatial locations of successful
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ablation sites. CARTO data were registered with the patient’s heart based on the landmarks
of the geometry of ventricles recorded by the CARTO system. The successful ablation sites

are considered as the origins of PVCs in this study.

5.2.6 Statistical Analysis

The accuracy of Segment CNN and Epi-Endo CNN were presented as mean + SD.
The localization error was defined as the spatial distance between the estimated source
location and the location of the dipole source in the generic ventricular model that generates
the 12-lead ECGs by pacing in simulation, and was defined as the spatial distance between

the estimated source location and successful ablation sites in patients” CARTO data.

5.3 Results

Table 7 shows the accuracy and precision of individual segment when Segment
CNN was trained and tested on three different Gaussian white noise levels. Accuracy is
defined as the percentage of dipole sources being correctly classified within each segment.
Precision is defined as when Segment CNN predicts it is in one segment, how often it is
correct. Figure 15 shows the precision matrices of Segment CNN. Each column is the
precision vector for this segment. When the probability of Segment CNN assigning this
segment to other segments is higher than 5%, it is labeled in black in the figure. For
example, when trained and tested on 20 dB, for segment 4, Segment CNN would have a
relative higher probability of assigning segment 19 and segment 10 to segment 4 even
though the precision for segment 4 is 74.1% from Table 7. Table 8 are the precision

matrices of Epi-Endo CNN trained and tested under different noise levels.
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Table 7 Accuracy and Precision Rates of Segment CNN

SNR=20 dB SNR=10 dB SNR=5dB
Unit (%) | Accuracy Precision  Accuracy Precision Accuracy Precision
1 75.6 727 77.0 65.1 63.6 53.9
2 80.5 852 61.9 78.4 54.5 70.7
3 78.4 739 72.0 61.1 65.7 48.2
4 79.6 74.1 71.6 64.0 56.3 51.2
5 85.7 623 80.0 61.6 60.3 46.8
6 83.7 724 80.6 68.8 69.0 523
7 84.4 79.6 77.4 74.4 59.0 583
8 8L.5 855 71.2 82.3 60.7 74.0
9 89.0 74.6 83.2 66.5 71.2 49.3
10 825 735 68.4 63.1 46.8 56.7
11 72.5 79.7 673 753 499 63.1
12 62.5 77.5 52.0 73.9 41.7 62.6
13 81.6 75.4 77.4 71.6 58.6 69.8
14 66.5 86.1 65.8 75.5 53.3 61.8
15 79.6 727 75.9 70.2 60.5 60.3
16 77.5 832 83.5 66.6 77.3 60.8
17 92.6 783 80.4 83.7 80.2 54.2
18 58.4 84.0 525 75.7 40.4 62.5
19 54.8 91.0 48.5 85.7 25.5 71.4
20 87.1 70.8 84 4 61.7 81.7 523
21 81.7 70.4 74.8 62.6 71.6 47.1
22 79.5 75.1 72.7 69.2 63.0 58.8
23 75.4 93.8 62.6 80.9 42.8 713
24 62,6 91.1 56.6 88.7 429 8§2.5
25 89.3 893 80.2 89.7 57.7 79.0

Table 8 Precision Matrices of Epi-Endo CNN

SNR=20dB SNR=10dB SNR=5 dB

Unit (%) Epi  Endo Epi  Endo Epi Endo
Epi 8556 994 7279 18.64 6136 21.79
Endo 1444 90.06 2721 8136 38.64 7821

57



Precision of Segment CNN SNR = 20 dB

Precision of Segment CNN SNR = 10 dB Precision of Segment CNN SNR =5 dB

Figure 15 Precision matrix of Segment CNN. Each column represents the precision of this segment

over all the other segments. All the blocks with precision higher than 5% are labeled.

When we tested the localization performance of two CNNs, we tested them by
feeding them 3,887 new sets of 12-lead ECGs by pacing at a single site with a variety of
noise levels (25 dB, 20 dB, 10 dB, 5 dB, 0 dB, -5 dB and -10 dB). Figure 16 presents the
LEs along with average accuracies of Segment CNN and Epi-Endo CNN. The left part of
the figure is the average LE when Segment CNN and Epi-Endo CNN were tested on 12-
lead ECGs from all possible pacing sites in the ventricular model with different noise levels.
For example, during the ten-fold cross validation, namely trained and tested on 20 dB 12-
lead ECGs, the average accuracy of Epi-Endo CNN was 87.68 % and the average accuracy
of Segment CNN was 77.71 %. The middle part and the right part are presented in a similar
way as the left part. The exact numbers displayed in Fig. 16 are also in Table 9.

Table 9 Accuracies and Localization Errors of CNNs under Computer Simulation

CNN SNR 20dB 10 dB 5dB
Segment Accuracy (%) 77.71x0.01 = 71.11x0.53 = 58.18+0.27
EpiEndo Accuracy (%) 87.68£0.61  76.40£0.07  66.20£0.01

25dB 10.37£9.74  10.56£9.73  11.55+£9.74
20dB 10.43£9.77  10.58+£9.74  11.55+£9.75
Average

LE(mm) 10 dB 10.76£9.65  10.61£9.64  11.56+9.82
of 5dB 11.3849.51  10.94£9.68 11.73+£9.80
Different g gg | 13.09£9.97 = 11.7329.65 = 12.5429.80

Data SNR .
-5dB 16.63+11.52  14.32+10.57 14.66+10.36
-10dB | 22471328  1936=11.94 19.96£11.85
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Figure 16 Simulation Results of CNN. The top two lines are the average accuracy of Segment CNN
and Epi-Endo CNN trained and tested on 3 different SNR signals. The bottom bars are the average
localization errors when applying Segment CNN and Epi-Endo CNN together to data with different
SNRs.

5.4 Discussion

This study shows the feasibility of utilizing convolutional neural network to
localize origins of PVCs from 12-lead ECGs. We tested the method in both simulation data

and clinical patients’ data, and obtained good localization errors in both situations.

5.4.1 Properties of Segment CNN and Epi-Endo CNN

The information in Fig. 15, Table 7 and Table 8 could be obtained when we train
and test two CNNSs on any patient-specific leadfield and under any noise level. It will guide
us and give us a prior knowledge of how good two CNNs perform before we feed testing
(or clinical) data to calculate the source location. From Fig. 15, we could see as SNR
decreases, it is more likely for Segment CNN to assign dipole sources from other segments
to one segment, which means the precision rates have dropped. The number of blocks
labeled in the precision matrix increases as SNR decreases. Table 8 is the precision
matrices of Epi-Endo CNN under different noise level. The common feature of these three
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precision matrices is that it is more likely for Epi-Endo CNN to assign sources on
endocardial surfaces as epicardial sources. From Table 7, we could know the percentage
of dipole sources in each segment that are correctly detected, namely the accuracy of each
segment, and also how confident we are in the detection results if one dipole source is

predicted to be from some segment.

5.4.2 Localization Errors of CNN

From Fig. 16 and Table 9, we could summarize the following trends of the
performance of two CNNs: (1) as SNR drops, the accuracies of both CNNs decrease; (2)
as SNR of input data drops, the average LE increases; (3) the average LE is the result of
two factors, one is the SNR that two CNNs are trained and tested, the other is the similarity
between input data and tested data. The accuracy of Segment CNN of 10 dB is only 6 %
less than that of 20 dB. So when the SNR of input data is 10 dB and less than 10 dB, the
average LEs of CNNs trained with 10 dB are all smaller than those of CNNs trained with
20 dB. This is when the similarity factor plays a dominant role. However, when the
accuracy of Segment CNN drops to 58 %, which is 13 % less than that of 10 dB, the
accuracy plays an important role in determining source locations. Because even though
input data of 5 dB is more similar to CNNs trained with 5 dB, the average LE is larger than
that of CNNs trained with 10 dB and input data of 5 dB. Actually, the average LEs of CNNs
trained with 5 dB are all larger than those of CNNs trained with 10 dB. Finally, when we
compare the performance between CNNs trained with 20 dB and trained with 5 dB, the
average LEs of input data with 0 dB and less of CNNs trained with 5 dB are smaller than
those of CNNs trained with 20 dB. This is because even with a much higher training
accuracy, CNNs trained with 20 dB fail to classify 12-lead ECGs that are too unlike the

training data.

A conclusion from the above simulation results is when the SNR of input data is
very low, it is best to train and test CNNs with around 10 dB to minimize LEs; when the
SNR of input data is good, it is best to train and test CNNs with a noise level that is the
same as the SNR of input data.
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5.4.3 Localization Errors of CNN with Heart Registration Errors

Since we register our ventricle current-dipole model with patient’s heart, train and
test CNNs using this model and finally use CNNs to localize origins of PVCs, it is
necessary to investigate the influences of heart registration errors on the localization
performance of CNNs. So Fig. 17 shows the average LE when we trained and tested CNNs
with correct registration, and applied to localization when the input 12-lead ECGs were
generated by the leadfield with heart registration errors. The SNR of training and testing

data is the same as the SNR of input data for testing localization performance.
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Figure 17 Average localization errors of heart registration errors. 1=Heart move to the right 10 mm;
2=Heart move to the left 10 mm; 3=Heart move up 10 mm; 4=Heart move down 10 mm; 5=Heart
move to the anterior 5 mm; 6=Heart move to the posterior 5 mm; 7=Heart rotate right 10°; 8=Heart
rotate left 10°; 9=Heart rotate upwards 10°; 10=Heart rotate downwards 10°; 11=Heart rotate
clockwise 10°; 12=Heart rotate counterclockwise 10°; 13= Heart inflated 10 mm; 14=Heart
deflated 10 mm.

Three categories of heart registration errors were investigated: shift, rotation and
scaling. Overall, all the average LEs are larger than those of correct registration. Within
shift group, because heart is already very close to the front body surface, so we could only

move heart forward by 5 mm. For comparison purpose, we also moved heart backwards by
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5 mm. Heart moving to the right always generated a larger LE than moving to the left.
Within rotation group, heart rotating to the right always generated a larger LE than rotating
to the left. Within scaling group, there is no obvious trend. Among all the registration errors,
we found that shift group gave higher LEs than the other two groups on average.

Based on the above analysis of the registration error results, we should pay attention
when we need to shift the ventricular model for the registration with patient’s heart. And
CNNs are generally robust to a variety of heart registration errors if we compare these LES
with those that are from correct registrations: 10.43 £ 9.77 mm (20 dB), 10.61 + 9.64 mm
(10 dB) and 11.73 £ 9.80 mm (5 dB). Generally, the above heart registration errors would
increase average LE by 1 to 2 mm.

5.4.4 Application to PVC Patients

From the last column in Table 6, which is the ablation record from CARTO files,
the origins of PVC lied in different regions in the ventricles, 1 patient had PVC originated
from the left anterior fascicle, 6 patients were ablated at free-wall side of right ventricular
outflow tract, and PVCs in the left 2 patients were detected in the septal side of right
ventricular outflow tract. On average, the localization error of 9 patients is 10.9 + 5.5 mm,
which is good and reasonable considering the source location was estimated solely from
12-lead ECGs. The average median registration error is 2.4 + 0.2 mm. Registration error is
one factor that contributes to the final localization error. Patients’ results were summarized
in Fig. 18. The present results demonstrated the feasibility of employing a generic
anisotropic ventricle current-dipole model to mimic cardiac activities in a patient without
structural heart disease. Generally, the more similar a patient’s heart is with the ventricular
model, the more accurate the predictions will be. And this also shows the capability of our

method to estimate origins of PVCs from different areas.
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Figure 18 Results of PVC patients. The right y axis represents the accuracy and average precision
rate of the trained Segment CNN and Epi-Endo CNN. And the left y axis shows the average
localization error of 10 PVCs from each of 9 patients (blue bars). The orange bars represent the
median registration error between the general model and patient’s heart geometry. On the bottom,
X axis is the noise level estimated from 12-lead ECGs and is also the noise level we trained and

tested the CNNs by adding Gaussian white noise.

5.4.5 Merits and Limitations

Merits: This method can be applied to the localization of PVVC and focal ventricular
tachycardia (VT) since the training data is generated from single-site pacing. It is a stable
method in the sense of two-fold: once CNNs are trained on a patient, they are applicable to
all the other PVCs and focal VTs from the same patient; structures and parameters of both
CNNs all remain the same across different subjects and noise levels. It is a robust method
because average LEs under different noise levels and heart registration errors fluctuate in
a range of 1 to 2 mm. Since a generic ventricle current-dipole model is used, this method
does not require high-resolution contrast cardiac CT images. Anatomical CT images show
the shape and orientation of ventricles are good enough for the registration purpose. Thus,
we reduce patients’ burden by avoiding injecting contrast into the body. Training and

testing of CNNs could be done off-line prior to the EP study and it generally takes about
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20 minutes. The total analysis time including building the boundary element model,
registration of the ventricular model, calculating the leadfield between electrodes and
ventricular model, and training and testing CNNs would not be longer than 2 hours in a 64-
bit operating system with 3.40 GHz Intel i7 processor. Once CNNs have been trained, it
would take 0.2 s to calculate the source location given QRS complexes from 12-lead ECGs.
Other than the previous methods that require calculating statistical features from 12-lead
ECGs, some expertise of recognizing patterns from 12-lead ECGs, and are usually limited
in the types of ventricular arrhythmias, the method we present here is easy to implement,
relieves the burden on electrophysiology specialists, and finally helps guide ablation

procedure by providing potential source locations throughout the ventricles.

Limitations: Because it is a single-site pacing ventricle current-dipole model, this
method is not applicable to multisite excitation activities and reentry VT. The sources of
localization errors mainly come from two places: one is the registration between the
ventricular model and patient’s heart, the other is the registration of 12-lead electrodes.
While the latter can be reduced by digitizing more anatomical landmarks to help in the
registration of electrodes, the former is somehow unavoidable because we use a generic
ventricular model. In the future, we could employ a personalized cardiac electrophysiology
model as have been used in cardiac electrical imaging studies [140] to overcome the first

source of localization errors.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

In chapter 3, we have proposed a novel imaging method (SSF) that reconstructs
activation sequences in focal and reentrant VTs by formulating and solving the inverse
problem in the frequency domain. We have evaluated the performance of SSF through
focal VT simulation under a variety of noise levels and SSF achieved better results than
WMN on average. We have applied SSF to reentrant VTs in a late myocardial infarction
swine model, and successfully depicted the reentrant circuits in four reentrant VTs. The
localization of the conduction block and central pathways was supported by previous works.
Noninvasively detecting the central pathway and the exit site of a reentry circuit would
save the patient from undergoing prolonged procedure and result in a smaller yet accurate

ablation region.

In chapter 4, we have extended the application of 3DCEI by developing 3D ARI
imaging to image the repolarization process in the heart. Our results are promising
suggesting the possibility of using ARI imaging to localize origins of PVCs in PVC patients
with normal structure. The good correlation and relative low localization errors as
compared with last ablation sites suggest that ARI imaging could be an alternative of
evaluating global dispersion of ventricular repolarization and detecting potential ablation

targets in EP studies.

In chapter 5, we have proposed a novel method to localize the site of origin of
premature ventricular contractions from 12-lead ECG using convolutional neural networks
and a realistic anisotropic ventricle computer model. We have evaluated our method under
various numerical experiments, and achieved a good overall performance. By applying it
to real data in a group of nine patients, we have shown the capability of our method to
target the potential ablation site in premature ventricular contractions patients. This work
suggests a new approach for cardiac source localization of origin of arrhythmias using only
the 12-lead ECG by means of CNN.

65



6.2 Future Work

In the future, we will test SSF thoroughly in more cases that are complicated. We
will evaluate the performance of SSF in animal models with other types of myocardial
infarction. Regarding the size of the reentry circuit, we have shown that SSF could
reconstruct the reentry circuit of a macroreentry. Whether it could detect a microreentry
remains unknown. In addition, in some complicated cases, multiple reentry circuits may
exist. Whether SSF could image multiple circuits simultaneously needs to be tested in the
future. When a microreentry is too small, it appears as a “focal” VT. The simulation study
has demonstrated the capability of SSF in reconstructing activation sequences of focal VTs
under different noise levels. In summary, we see SSF as a promising tool of reconstructing
3D activation sequences of ventricular arrhythmias. Further investigation in animal models

or in patients will prove its strength or limitations in application.

3D ARI imaging can be potentially applied to any condition that involves
repolarization abnormalities in the ventricles. This may include but not limited to: bundle
branch block, early repolarization, cardiac memory, Wolff-Parkinson-White syndrome and
ischemia. In addition, to reflect the dynamic changes of repolarization and to validate 3D
ARI imaging, a simultaneous recording of BSPM and clinical recordings (contact or
noncontact unipolar electrograms) will be preferred. Further investigation is necessary to

test the applicability and performance of 3D ARI imaging under these situations.

Using CNN and a generic ventricle computer model to localize origins of premature
ventricular contractions has the advantage of saving analysis time and being fast in
response. Thus, applications for real-time monitoring and guiding ablation procedure in the

future would be a reasonable step towards the commercialization of this method.
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