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EPIGRAPH

There is something in humility which strangely exalts the heart.

— St. Augustine of Hippo (354 A.D. - 430 A.D.)
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ABSTRACT OF THE DISSERTATION

Patient-specific Computational Models of Dyssynchronous Heart Failure and
Cardiac Resynchronization Therapy for Clinical Diagnosis and Decision Support

by

Christopher T. Villongco

Doctor of Philosophy in Bioengineering with specialization in Multi-scale Biology

University of California, San Diego, 2015

Professor Andrew D. McCulloch, Chair
Professor Jeffrey H. Omens, Co-Chair

Dyssynchronous heart failure (DHF) is a severe form of heart failure where con-
duction block in the left bundle branch causes delayed left ventricular electrical acti-
vation and discoordinated systolic contraction, dramatically reducing cardiac output.
Cardiac resynchronization therapy (CRT) is a cost effective pacing treatment that has
been shown to improve symptoms and survival, especially due to left ventricular re-
verse remodeling. However, approximately 50% of patients do not show objective evi-
dence of reverse remodeling even after 6 months of CRT. A deeper understanding of the
physiological mechanisms leading to positive long-term outcomes and identification of

patients who are most likely to benefit are needed to maximize quality of care and mini-

Xvii



mize health risks and economic costs. The ability to predict the outcome and personalize
CRT application for an individual patient from clinical measurements alone is challeng-
ing given the wide inter-patient variability of clinical features and pathophysiological
complexity of DHF.

In this work, we seek to answer questions regarding physiological mechanisms
that are implicated in CRT response, baseline physiological features that are predic-
tive of response, and personalized CRT application for an individual patient. For this
purpose, we construct patient-specific computational models of DHF which integrate
anatomical, electrophysiological, biomechanical, and hemodynamic clinical and empir-
ical data to quantitatively characterize baseline and CRT physiology to understand how

patients differ in response. The primary aims of this thesis will be to

1. construct patient-specific computational models of DHF incorporating clinical
and empirical measurements to test whether the models can recapitulate char-

acteristics of DHF and predict measured acute effects of CRT,

2. test the hypothesis that CRT response physiologically depends on the severity of
baseline heterogeneity of mechanical loading caused by electrical dyssynchrony

and ventricular dilation,

3. test the hypothesis that CRT response can be predicted from novel model-derived

biomarkers of electrical dyssynchrony.

Through quantification and prediction of patient-specific cardiovascular physiology in
disease and therapy, computational models have great potential to enhance the quality of
medical care by providing novel diagnostic value to support clinical decisions regarding

the best personalized approach to treat the individual patient.
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Chapter 1

Introduction to the Dissertation

Abstract

In this introductory chapter, we review the physiology of heart failure, particu-
larly dyssynchronous heart failure, and the current clinical standard of treatment. An im-
proved understanding of the physiological mechanisms for improving dyssynchronous
heart failure is urgently needed. Ineffective administration of clinical therapy increases
patient risk and greater economic burdens.

We introduce the possibility of patient-specific, multi-scale computational mod-
els of dyssynchronous heart failure to serve as clinical decision support tools by elu-
cidating the mechanisms of therapy and predicting the degree of benefit for individual
patients. Computational models can incorporate a large array of clinical measurements
to construct a holistic, quantitative representation of the pathophysiology and its treat-
ment. We review computational modeling for dyssynchronous heart failure and cardiac
resynchronization therapy. Finally, we set forth the aims of this dissertation work for
contributing new tools and knowledge to answer questions of heart failure and treat-
ment mechanisms by means of this new rapidly intensifying field of interdisciplinary

research.



1.1 Heart Failure in the United States

The incidence of heart failure (HF) in the United States is a serious health issue
amidst an epidemiological age of physical inactivity and obesity [42]. HF is suffered by
an estimated 5.8 million Americans. Each year, an additional 650,000 new diagnoses
are made clinically [44], and 1 million hospitalizations occur with HF as the primary
diagnosis [43]. The HF mortality rate manifests in the death of about 50% of patients
within 5 years of their initial diagnosis [97, 71]. HF incidence increases with age, qua-
drupling from 20 to 80 cases per 1,000 individuals from 65—69 years to 85 years of age
[34]. At its current rate, the prevalence of HF is projected to increase by 46% to 8 mil-
lion individuals over 18 years of age by 2030 [47]. By 2050, 1 in 5 Americans will have
aged over 65 years into the high-risk HF group [46].

High HF incidence burdens the US health care system and the greater economy.
In 2013, physician office visits alone cost $1.8 billion [44]. Hospitalizations are com-
mon after HF diagnosis, with 83% of patients hospitalized at least once and 43% hospi-
talized at least 4 times [117]. The mean cost of HF-related hospitalizations amounts to
over $23,000 per patient [44]. Costs for diagnostic medical imaging is reported as one
of the fastest growing segments of Medicare expenditures ($14 billion in 2006) with
cardiovascular imaging accounting for nearly one-third of these costs [83]. Total expen-
ditures related to HF reached $39.2 billion in costs both direct (cost of physicians and
other professionals, hospital and nursing home services, prescribed medications, home
health care, and other medical durables) and indirect (cost of morbidity, lost productiv-
ity, and mortality) in 2010 [72]. The greater cost of all cardiovascular disease (CVD)
(including HF) and stroke was estimated at $503.2 billion during that year [72], and in
2006 CVD claimed more deaths (~ 800,000) than all the leading causes of death includ-
ing HIV/AIDS (~ 12,000), Alzheimer’s disease (~ 70,000), accidents (~ 122,000), and
every form of cancer (~ 560,000) combined [72].

HF is a complex clinical syndrome emerging from structural and functional de-
fects in ventricular filling and/or ejection of blood. Damage or increased stress on the
heart initially activates a compensatory response that provides short-term support of
cardiovascular function, but over time adversely decompensates cardiac structure and

function. Disorders of the cardiac pericardium, myocardium, endocardium, valves, or



great vessels or from metabolic abnormalities can lead to HF, but the majority of pa-
tients suffer from left ventricular (LV) myocardial dysfunction. An important feature of
LV function is the ejection fraction (EF) defined as the relative blood volume ejected
in a single beat of the filled ventricle. Normal EF ranges in 55%-70% with a total
cardiac output between 4.0-8.0 L/min. HF with reduced EF (HFrEF or systolic HF)
(EF<40%) affects approximately one half of all HF patients and is accompanied by
varying degrees of dilated cardiomyopathy (DCM) wherein the ventricles are enlarged
in size and depressed in contractility [23, 27, 59]. HF with preserved EF (HFpEF or
diastolic HF) (EF>40%) affects the second half of all HF patients [85] but maintains
normal ventricular size. Patients experience symptoms including dyspnea (discomfort
while breathing), shortness of breath, chest pain, fatigue and reduced exercise tolerance,
bloating, abdominal pain, loss of appetite, and fluid retention leading to pulmonary and
splanchnic congestion and peripheral edema.

Risk factors for HF include hypertension, obesity and diabetes mellitus, metabolic
syndromes, and atherosclerotic disease. Hypertension is a crucial modifiable risk factor
in the US. Nearly a quarter of Americans are affected by hypertension, and the lifetime
risk of developing it is >75% in the US [122]. Elevated levels of diastolic and systolic
blood pressure are major risk factors for developing HF [124]. Incidence of HF is as-
sociated with higher levels of blood pressure, age, and longer duration of hypertension.
Strategies to control hypertension are a vital part of public health effort to control HF.
HFpEF due to hypertension and other hemodynamic complications constitute approxi-
mately 70% of cases in the US [17] and 60% worldwide, with mortality rates up to 60%.
Long term treatment of systolic and diastolic hypertension reduces the risk for HF by

approximately 50% [58].

1.1.1 Dyssynchronous heart failure

One third of patients with HFrEF and NYHA functional class III-IV symptoms
have severely complicated dyssynchronous heart failure (DHF) due to a block in the car-
diac conduction system commonly seen as left bundle branch block (LBBB). In LBBB,
the left bundle branch in the interventricular septum fails to conduct intrinsic depo-

larizing action potentials to the LV to initiate myocardial contraction. Consequently,



depolarization begins in the RV, proceeds through the interventricular septum, and ter-
minates in the inferior and lateral regions of the LV. The result is a significant delay
(>60 ms) between the onset of LV and RV interventricular contraction [45, 125]. “Wide
QRS complex” >120 ms is a primary marker for dyssynchrony introduced by LBBB
[36]. Mechanical consequences of dyssynchrony include worsened LV function with
increased metabolic demand, functional mitral regurgitation, paradoxical interventricu-
lar septal motion, adverse remodeling with increased LV dilation [53].

Electrical and mechanical dyssynchrony give rise to diastolic and systolic dys-
functions. Diastolic dysfunction occurs by valvular event delays. Delay of aortic valve
closure results in a relative decrease in LV filling duration. Delayed depolarization or
abnormal repolarization also causes contraction during early diastole, delaying mitral
valve opening and shortening LV filling duration [45]. Systolic function is affected by
abnormal interventricular septal wall motion resulting from abnormal pressure gradients
caused by the delayed onset of contraction between the RV and LV. Abnormal septal mo-
tion increases LV end-systolic diameter and decreases the regional contribution of the
septum to the ejection fraction. Delayed LV contraction following left atrial contrac-
tion may also develop an abnormal LV-LA pressure gradient leading to diastolic mitral
regurgitation. Overall, these dysfunctions reduce global LV ejection fraction, cardiac
output, mean arterial pressure, and the maximal rate of ventricular pressure generation
% [45, 21, 114]. The mechanical burden imposed by LBBB on the already-failing heart

is associated with increased mortality rates in HF patients [128, 126, 9].

1.1.2 Standard clinical assessments for heart failure

The goal of clinical evaluation for HF is to determine its presence, define its un-
derlying cause, assess its severity and the patient’s prognosis, and identify comorbidities
that might influence the response to treatment. The large inter-patient variation in non-
specific signs and symptoms present a challenge to clinicians in making decisions for
optimal treatment, and recitation of symptoms is a subjective process and an imprecise
science. Clinical assessment depends on information including medical history, physical
examination, laboratory test, cardiac imaging, and functional studies.

Typical clinical examinations evaluate a patient’s medical and family history,



medication, diet, weight, blood pressure, body temperature, and severity of symptoms.
Laboratory tests for biomarkers such as B-type natriuretic peptides (BNP) and cardiac
troponins reflect various pathophysiological features of HF such as inflammation, my-
ocardial injury, neurohormonal upregulation, and myocardial remodeling [127]. They
are useful adjuncts for establishing prognosis and disease severity in chronic HF. In-
creasing plasma concentration of BNP’s is associated with progressive worsening and
reduced 5-year survival [86, 5].

Non-invasive evaluation of HF through cardiac imaging modalities involves as-
sessments of cardiac structure and function and determining the underlying etiology to
appropriately target therapies to patients. Two-dimensional (2D) transthoracic echocar-
diography (echo) with Doppler is the preferred imaging modality for its widespread
availability, low cost, and lack of ionizing radiation. Its high temporal resolution make
it an ideal technique for assessing LV geometry, volume, wall thickness, wall motion,
valve function, flow patterns, and EF. Cardiac magnetic resonance (MR) and computed
tomography (CT) can image the heart and surrounding structures in 3D with high spa-
tial resolution, with the latter able to image the coronary arteries and characterize the
myocardium. Structure, volume, and EF assessments can also be made, although im-
age quality suffers at rapid heart rates. Contrast-enhanced MR and stress single-photon
emission computed tomography (SPECT) are recommended for patients with known
CAD to characterize myocardial ischemia, fibrosis, and viability. Invasive hemody-
namic monitoring by cardiac catheterization is recommended for patients with respira-
tory distress or clinical evidence of impaired perfusion. Hemodynamic monitoring is
indicated in patients with clinically indeterminate volume status and refractory to initial
therapy, particularly if intracardiac filling pressures and cardiac output are unclear. Left
heart catheterization or coronary angiography is indicated for patients with HF and LV
dysfunction.

The presence and severity of HF are categorized according to the American Col-
lege of Cardiology Foundation (ACCF)/American Heart Association (AHA) stages of
HF [53] and the New York Heart Association (NYHA) functional classification [53, 30].
The ACCF/AHA stages characterize the development and progression of disease for in-

dividuals and populations based on risk factors and structural abnormalities. The NYHA



functional classification ranks by exercise capacity and symptomatic status in individu-
als. The NYHA functional classification has been shown to be an independent predictor
of mortality [75] and is commonly used in clinical practice and research to determine

the eligibility of patients for appropriate therapeutic strategies.

1.2 Standard Treatments for Heart Failure

In the long term, HF progresses toward gradual clinical deterioration of ventric-
ular function. HF treatment strategies are recommended according to guideline-directed
medical therapy defined by the ACCF/AHA. The aim of HF treatment is to improve a
patient’s health-related quality of life, especially with regards to physical ability and vi-
tality [70, 48] by reducing risk, retarding deterioration, and even reversing progression.
Reduced rates of rehospitalization and mortality are associated with increased quality
of life [77, 96]. Optimal pharmacological therapy has been shown to modestly improve
quality and delay HF progression [76]. At present, however, cardiac resynchronization

therapy produces the best clinical outcomes [29].

1.2.1 Pharmacological therapy

Pharmacological therapy for HF primarily aims to control blood pressure. Opti-
mal blood pressure control decreases risk of new HF by approximately 50% [11]. Phar-
macological drug prescription can help improve symptoms and survival in early stages
of heart failure, but without significant change in hemodynamics.

Diuretic-based antihypertensive therapy has been shown to prevent HF in wide
range of target populations [109]. Diuretics aim to reduce fluid retention and allevi-
ate hypertension by increasing urinary sodium excretion, leading to improved exercise
endurance. Angiotensin-converting enzyme (ACE) inhibitors and beta antagonists are
effective in prevention of HE. ACE inhibitors and beta-blocker therapy impedes mal-
adaptive LV remodeling in patients with stage B HF and low LVEF to improve mor-
tality and morbidity [57]. ACE inhibitors control blood pressure by increasing natri-
uresis and venous capacity and decreasing arteriolar resistance. Beta antagonists block

epinephrine and norepinephrine stimulation of $1 channels, reducing physical exertion



on heart rate (negative chronotropy) and force of contraction (negative inotropy). How-
ever, neither ACE inhibitors nor beta blockers as single therapies are superior to antihy-
pertensive drugs, including calcium channel blockers, in reduction of all cardiovascular
outcomes. Angiotensin-receptor blockers (ARBs) are an alternative anti-hypertensive
therapy in patients intolerant of ACE inhibitor therapy. In patients with diabetes melli-
tus, angiotensin-converting enzyme (ACE) inhibitors and angiotensin-receptor blockers
(ARBs) significantly reduce the incidence of HF in patients [133]. ACE inhibitors and
ARBs can modestly improve or delay worsening of quality of life in HF [76]. However,

positive outcomes of pharmacological therapy remain inconsistent.

1.2.2 Cardiac resynchronization therapy

Cardiac resynchronization therapy (CRT) aims to reduce ventricular dyssyn-
chrony and its adverse effects by synchronous electromechanical activation using an
implanted multi-site, biventricular pacing device [108, 115, 53, 6]. One pacing lead
(V lead) is inserted retrograde through the coronary sinus and placed into a tributary
overlying the LV free wall. Two other pacing leads are placed on the right atrium (A
lead) and right ventricular septum (V lead). It is hypothesized that patients with LV dys-
function and delayed ventricular conduction can benefit from pacing by achieving faster
depolarization times (reduced QRS width) and more synchronous electrical activation
pattern, correcting interatrial and/or interventricular (V-V) conduction delay and main-
taining optimal atrial-ventricular (A-V) synchrony. CRT can increase diastolic filling
time through optimization of A-V delay; resynchronization of inter and intraventricu-
lar contraction through optimization of the V-V delay can improve efficient contraction
and reduce mitral regurgitation. CRT has been shown to improve ventricular contractile
function (ejection fraction), diminish secondary mitral regurgitation, reverse ventricu-
lar remodeling, and sustain improvement in HF. In persistently symptomatic patients,
CRT alone results in significant improvement in quality of life, functional class, exer-
cise capacity, LVEF [53, 6, 29], rate of repeated hospitalization and mortality due to
NYHA functional class III to IV HF when compared to standard pharmacological ther-
apy [29, 22, 20].

Functional improvement has been demonstrated in trials of patients with NYHA



class III or ambulatory class IV HF symptoms and QRS duration >150 ms. On average, a
“clinical” responder exhibits a 1 to 2 mL/kg/min increase in peak oxygen consumption,
50 to 70 meter increase in 6 minute walk distance, and reduction of 10 points or more
in the 0—105 point scale of the Minnesota Living with Heart Failure Questionnaire in
patients with wide range of QRS durations [22]. Rehospitalization rates decrease by
30% and reductions in all-cause mortality is reduced to 24% to 36% as early as 3 months
of therapy. Functional improvement may be more objectively observed using 2D echo
to detect left ventricular reverse remodeling where the chamber size decreases and wall
thickness increases [69, 113]. Patients who experience LV reverse remodeling >10%
are classified as “echocardiographic” responders and have excellent survival rates >90%
[131].

CRT is not without procedural risks and costs. CRT implant complications are
similar to those with standard pacemaker and ICD technologies and include dissection
or perforation of the coronary sinus, though rare. About 8% to 12% of CRT patients
have a non-functional pacing systems [35]. Failure to ensure proper lead capture and
placement can inhibit pacing and lead to further dyssynchrony. Optimal hemodynamic
response from resynchronization depends on the site of LV stimulation [24] and on A-
V [79] and V-V [107] delay optimization. Non-optimal A-V and V-V delay settings
can also introduce dyssynchrony. Sufficiently short A-V interval is necessary to prevent

intrinsic PR conduction from inhibiting biventricular pacing.

Clinical predictors of CRT response

The ACCF/AHA recommends guidelines for appropriate use of CRT in patients
with HFE. Current indications for CRT device candidacy are NYHA functional class II,
III, ambulatory class IV symptoms (in spite of optimal pharmacological therapy), sinus
rhythm, LVEF <35%, and cardiac dyssynchrony defined as prolonged QRS duration ex-
ceeding 150 ms [88, 127]. Despite these guidelines, about 30% of selected candidates
fail to meet clinical response criteria, and up to 50% fail to meet echocardiographic
response criteria [22, 29, 131]. Discovery of more reliable predictors of positive CRT

outcomes from baseline pathophysiological conditions can help to direct and guide ther-

apy.



Clinical imaging has been heavily utilized toward making quantitative assess-
ments of possible predictors of outcome. Echocardiography is one of the most routinely
available clinical imaging modalities for its low cost, portability, and non-invasiveness.
High temporal resolution makes it an ideal modality for assessing mechanical dyssyn-
chrony. Several observational studies have evaluated the value of echo in identifying
and predicting response to CRT [25, 129, 15, 89]. Tissue Doppler imaging (TDI) has
been shown to be superior to strain rate imaging and post-systolic shortening for pre-
dicting reverse remodeling in both ischemic and non-ischemic HF after CRT [132, 106].
However, large randomized trails using echo-based parameters have failed to reliably
identify CRT responders [28, 16]. In patients with failure to respond to CRT or wors-
ening clinical status, studies with echo have been used to maximize A-V intervals and
programming of the CRT device while monitoring LV systolic function and mitral re-
gurgitation [87, 100]. Echo has been shown to identify patients with dyssynchrony who
are missed by electrocardiography criteria alone [90, 130]. MR in CRT candidates have
shown that patients with area of fibrosis, specifically near potential lead placement ar-
eas, do not demonstrate clinical improvement with CRT [18]. One study found MR to be
more sensitive for fibrosis than SPECT in prospective CRT patients. Available evidence
does not yet support criteria for device therapy beyond LVEF; therefore, echo and MR
testing are useful in patient selection.

Efforts to characterize baseline electrical dyssynchrony in LBBB using the elec-
trocardiogram (ECG) have also been taken [111, 102, 19, 93, 1]. Conventional patient
selection criteria uses a QRS duration >150 ms. A recent meta-analysis of the major
randomized CRT trials in the past decade have shown that wide QRS complex >150
ms is still the strongest predictor of mortality in CRT candidates, surpassing echocar-
diographic indices of mechanical dyssynchrony [28]. ECG morphology between LBBB
and RBBB pattern was considered and showed a present but statistically insignificant
effect. Other workers suggest defining a new set of QRS features and morphologies that
are reflective of a more strict or “true” LBBB pattern. Strauss et al. has characterized
“true LBBB” morphology by a QS or rS morphology in leads V1-V2, duration >140
ms in men and >130 ms in women, and mid-QRS notching or slurring in >2 leads in

I, aVL, V1, V2, V5, and V6. The two peaks of a mid-QRS notch is thought to reflect
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two electrical activation events, first of the endocardial LV septum and second of the
epicardial posterior wall. It is hypothesized that this specific electrical activation pattern
is the precise substrate that is most amenable to CRT, therefore improving the chance of
positive benefit. To date, however, no large study has been able to confirm the truth of
these criteria. It is still not possible to confidently predict which patients will improve
with CRT, and on average, benefit appears to be confined to patients with QRS duration
of at least 150 ms and LBBB pattern.

1.3 Towards Personalized Treatment of Heart Failure

The concept of appropriateness guides clinical decisions to administer optimal,
beneficial therapy to an individual patient. The AQA Principles for Appropriateness

Criteria defines appropriateness as:

The concept of appropriateness, as applied to health care, balances risk and
benefit of a treatment, test, or procedure in the context of available resources
for an individual patient with specific characteristics. Appropriateness cri-
teria should provide guidance to supplement the clinician’s judgment as to
whether a patient is a reasonable candidate for the given treatment, test or
procedure [4].

In the case of HF and treatment strategy, particularly by CRT, the question of which
patients should receive a device, given the risks and costs, must answer two broad ques-
tions relating prediction and principle [8]. Determining the therapeutic outcome is a
question of prediction of disease progression. However, predictive criteria cannot be
known unless the pathological and therapeutic mechanisms of DHF and CRT are under-
stood. Due to the complexity of the disease, wide variation of patient characteristics, and
non-specific signs and symptoms, clear answers to questions of prediction and principle
in DHF and CRT have been elusive.

Until the last few decades, contemporary views of human disease have been
based on simple correlation between clinical syndromes and pathological analysis from
trials of large, randomized patient populations (at best). Crude averages and other statis-
tics of the results have served as recommendations for therapy. Though this approach

has been useful for gaining insight into the general behaviors of pathologies, it does not
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account for the unique features presented by an individual patient, perhaps not even for
a patient in the trial population [60]. In reality, important pathological differences exist
between patients (in addition to differences between any given patient and the “aver-
age” patient) which can significantly impact the likelihood of benefit from a particular
therapy. Personalized therapy requires a clear delineation of subtle inter-individual dif-
ferences which determine outcomes. A major barrier to individualized therapies has
been the lack of a systematic analytic approach that describes how an individual pa-
tient’s multiple pathological features combine to affect the fundamental determinants of

therapeutic response and appropriateness of treatment.

1.3.1 The multi-scale biological hierarchy

The pathophysiology of diseases such as DHF reflects the emergent behavior of
a hierarchical physiological network of stochastic and deterministic processes. Attempts
to delineate therapeutic outcomes on such a network should consider the individual and
ensemble behavior of its member components. The reductionist philosophy guiding
biological researchers for centuries has uncovered the parts of a functional and struc-
tural biological hierarchy which exists across multiple scales of space (centimeters to
nanometers) and time (seconds to nanoseconds). The hierarchy is roughly organized
as follows: a biological organism is a collection of organs that support the organism;
organs are compositions of particular types of tissues that support the organ; tissues
are assemblages of specialized cells that support the tissue; an individual cell (with its
own set of organelles, compartments, and structures) is a highly-specialized bioreactor
which mediates a slew of tightly coupled and timed biochemical reactions of signaling
and metabolism; subcellular reactions and structures are enacted by and constructed of
proteins; proteins are specifically encoded by the genome; and the genome is regulated
by the overlying biochemical environment. Not only does each scale presents a charac-
teristic set of structure-related functions, one scale is susceptible to stimuli from any of
the upward and downward scales. The function of one level depends on the synergism of
lower levels and higher levels when feedback mechanisms are present (e.g. regulation of
genetic expression by changes at the organ level). The final resulting pathophysiology

is the emergent outcome of the complete network.
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1.3.2 Computational models of physiology

Mathematical modeling provides a framework for capturing the dynamical be-
havior of physiological systems. Among the most sophisticated kinds of models to
date are systems of ordinary (ODE) and partial (PDE) differential equations formulated
with respect to time and space (independent variables) to quantify changes of important
biophysical states and quantities (dependent variables) such as concentration, conforma-
tion, voltage, deformation, energy, stress, pressure, and flow, often within the complex
geometric domains of biological structures. Various degrees of coupling can occur be-
tween member equations in a system and in other systems when common dependent
variables are shared, allowing the ability to capture feed-back and feed-forward mech-
anisms. The dynamics of a particular mathematical system depend on the values of
parameters represented in its equations. Specifying, optimizing, or tuning the model
involves estimating a set of parameter values such that model behavior predicted by the
equations matches corresponding empirical measurements. The solution quality of the
parameter optimization depends on the granularity and robustness of the model and on
the kind, quantity, and fidelity of the measured data.

The highly nonlinear, complex behaviors of the resulting systems often defy an-
alytical solutions and require numerical approximation. Finite element analysis (FEA)
is a suitable method for this purpose. It was originally developed in the 1950s from
the mathematical foundation laid in the work of Hrennikoff [52] and Courant [32] to
address design problems in civil and aeronautical engineering; FEA has since emerged
as its own mathematical field with remarkable numerical applications in many other sci-
ence and engineering disciplines. For physiological problems such as blood flow in the
aorta or tissue deformation in the ventricles, FEA can approximate solutions to bound-
ary value problems of PDE systems in complex geometric domains. FEA techniques
consist of a variational formulation of the physical problem, a domain discretization
strategy, solution algorithms, and post-processing procedures; for a standard reference
text of FEA, see Zienkiewicz and Taylor [134]. FEA algorithms can be implemented in
computer software code, and the resulting solution behavior of the model (and choice
of algorithms) can be simulated on computer hardware. By this practical means, such a

model is also referred to as a computational model.
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Mathematical models of cardiovascular physiology have developed in the last
century thanks to fundamental experimental work in physiology and theoretical devel-
opments in mathematics and other sciences. In the beginning of the 20th century, Otto
Frank and Ernest Starling had introduced their Frank-Starling law of the heart observ-
ing length-dependent tension development where, within physiological limits, the stroke
volume of the heart in a single beat is directly proportional to the total blood volume of
the filled heart at end-diastole. Starling had also described fluid flow across a capillary
[110], and Frank developed the idea of the Windkessel for pulsatile arterial blood flow
[39]. Archibald Hill (considered one of the fathers of biophysics) described the cooper-
ative binding effect of O, to hemoglobin by the Hill coefficient [50] in 1910. In 1938, he
also published a treatise on the production of heat and mechanical work in contracting
and lengthening muscle to derive the Hill equations for tetanized muscle contraction and
the 3-element model of viscoelastic muscle properties [49]. In 1952, Alan Hodgkin and
Andrew Huxley published their seminal mathematical model of action potential excita-
tion and conduction based on observed flows of transmembrane ionic currents in nerve
cells [51]. Huxley and Niedergerke later discovered the structural basis for muscle con-
traction with the sliding filament theory of muscle in 1954 [56]. Denis Noble applied
Hodgkin’s and Huxley’s approach to describe action potentials in cardiac myocytes in
terms of its ionic currents and unique pacemaker activity [80]. In the late 1970s, Tung
described action potential wave propagation in cardiac tissue comprised of anisotropic
intracellular and extracellular (bi-domain) media [119]; this was a generalization of ca-
ble theory originally presented by William Thomson (Lord Kelvin) in 1854 for telegraph
communications [116]. Yuan Chen Fung fathered the field of modern biomechanics
of soft biological tissue, notably by his namesake constitutive equation for exponential
strain [40, 41]. He and other coworkers also highlighted the importance of residual stress
in tissue mechanics [84, 26]. Fung’s analytical framework enabled Richard Skalak in
1982 to consider a continuum description of tissue growth and remodeling [104, 103],
leading to further developments by Rodriguez et al. [95]. Although this historical survey
of the last century of physiological research is cursory, we may at once gain perspec-
tive and appreciation for the technical diversity and interdisciplinary basis of current

physiological research.
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1.3.3 A systems paradigm for pathophysiology

The progress of 20th century theoretical and experimental work in physiology,
mathematics, and other sciences have gained tremendous knowledge of multi-scale
physiology. In the last two decades, technical breakthroughs in computer power, exper-
imental techniques, medical diagnostics, and large open-access, online databases with
a wealth of physiologic data and analysis and modeling tools have brought the field of
physiology to a new point in its history where it can begin to merge the isolated paths
of reductionist research into holistic descriptions of physiological systems. Denis Noble
recently remarked, “I’d be the first to admit that the complexities of biological systems
are horrific. And I don’t oppose the reductionist paradigm. I just say that it has to be
complemented by an integrative paradigm” [74].

The “systems” paradigm integrates genetic, biochemical, cellular, physiologi-
cal, and clinical data to create networks that can be used to predictively model disease
behavior and response to therapy. These networks may be systematically constructed
using a synergistic technical framework borrowing from the biological, chemical, phys-
ical, mathematical, and computational sciences and engineering. The NSF blue ribbon
panel recently recognized that simulation-based engineering science applied to multi-
scale study of simulation-based medicine may lead further toward realization of predic-
tive, preventative, personalized, and participatory medicine [82]. Quantitative, holistic
systems biology applied to human disease offers an exciting and unique approach for
diagnosis for establishing disease, defining disease predilection, and developing person-

alized treatment strategies.

Applications toward cardiovascular medicine

To date, the heart is a preeminent example of an organ system whose centuries-
old study of multi-scale structure and function lends it to highly interdisciplinary and
collaborative research efforts through the systems paradigm [112, 66, 14, 98]. Several
notable efforts have been established to foster and develop this new kind of research.
The International Union of Physiological Sciences (IUPS) Human Physiome Project
(HPP) is an international effort instigated in 1997 to provide a comprehensive frame-

work for computational modeling of the human body, including databases, tools, and
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standards for model development and exchange [33, 54]. The Cardiac Physiome Project
is a branch of the HPP focused specifically on the heart [81, 37, 12, 105, 55]. The
Cardiac Atlas Project is a large-scale database of cardiac imaging examinations and
associated clinical data in order to develop a shareable, web-accessible, structural and
functional atlas of the normal and pathological heart for clinical, research and educa-
tional purposes [38]. The National Institutes of Health (NIH) has provided support
through the National Heart, Lung, and Blood Institute (NHLBI), committing over $45.6
M between 2006 and 2012 for programs for integrated computational and experimen-
tal approaches in heart, lung, blood, and sleep research [92]. The NIH also supports
the National Biomedical Computation Resource (NBCR) to facilitate interaction among
biomedical scientists and promote development of computing power at national super-
computer centers.

Studies of computational models of human and animal hearts integrating imag-
ing, microstructure, and biophysical details have been used to develop subsequently
validated hypotheses for complex physiological processes that elude simple empirical
observations. Particularly important processes involve the electromechanical behavior
of the heart in arrhythmia. Weiss et al. [123] studied the role of repolarization dynam-
ics in initiating arrhythmias, particularly T wave alternans, by considering the intracel-
lular coupling of Ca’* and membrane voltage. Pop et al. [91] used a pig model to
predict infarct-related ventricular tachycardia (VT) inducibility after programmed elec-
trical stimulation, demonstrating correspondence between predicted and experimentally
measured electroanatomical voltage maps. Arevalo et al. [7] examined the impact of the
myocardial infarct border zone on arrhythmogenesis, suggesting that VT maintenance
requires a minimum volume of remodeled scar tissue. Kerckhoffs et al. revealed mech-
anistic insights of regional to global effects of pacing normal [62, 121, 61] and failing
[64, 63, 120] hearts. Examples of studies in defibrillation therapy mechanisms [3] have
been undertaken by Sambelashvili to study the complex dynamics of virtual-electrode-
induced scroll waves [99] and Rodriguez to characterize myocardial vulnerability to

electric shock following an ischemic event [94].
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1.3.4 Patient-specific models for clinical decision support

Patient-specific electromechanical models of the whole heart for optimization
and advancement of therapy represent some of the most sophisticated models devel-
oped to date [118]. Supported by experimental and clinical data and techniques, such
models can make predictions of therapeutic outcome and generate working hypotheses
of cardiovascular function that are testable and reproducible [13]. This ability arises
from its function as the framework that unifies diverse cardiac electrophysiology and
electromechanics insight. Multi-scale, multi-physics models incorporating electrome-
chanical and structural remodeling are poised to become a first line of screening for new
therapies and approaches, including pharmacological intervention. Diagnostic develop-
ments stemming from mathematical models and simulation will be new approaches to
patient screening and diagnosis. Whole-heart models of cardiovascular function have
recently been used to the study wide range of mechanisms in the normal and diseased
heart and have made a number of major contributions toward improving clinical practice
in cardiology.

Electromechanical modeling studies have provided insight into mechanisms gov-
erning CRT efficacy. Kerckhoffs et al. [65, 64] showed that improvement of ventricular
function following CRT in the failing heart with LBBB is diminished with increasing
infarct size and infarct location; mechanical non-uniformity is also adversely affected by
the synergistic effect of dilation and LBBB [67]. Niederer et al. [78] used one patient-
specific model to suggest that a compromised Frank-Starling mechanism could be a clin-
ical metric in identifying HF patients as potential responders to CRT; the model showed
that hemodynamic benefit from CRT was improved when length-dependent tension reg-
ulation was attenuated. Electromechanics models have also been used to optimize CRT
efficacy by the pacing parameters; it has been shown that CRT therapy without opti-
mal individual adjustment introduces additional LV dyssynchrony and worsens acute
and chronic outcomes [10]. To this end, Constantino et al. [31] proposed a strategy
to optimize CRT response by placing LV pacing electrodes in regions with the most
electromechanical delay. Other patient-specific electromechanical models with LBBB
contractile dyssynchrony have been developed by Aguado-Sierra et al. [2] and Serme-

sant et al. [101], holding promise to become important clinical tools for treatment of
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DHF.

Challenges and considerations for patient-specific modeling

The challenges of patient-specific computational modeling are formidable, but
important aspects should be kept in mind to keep the task at hand reasonable and fea-
sible. A model is a representation of reality designed to help us better understand that
reality. A comprehensive multi-scale model that encompasses all biological detail on
all levels for its own sake, however, would be neither practical nor particularly useful
[66]. Prudent model formulation, implementation, and use should be driven by specific
biological problems and questions; for patient-specific modeling, efforts should be di-
rected at the pathology in question. Constructing integrative systems is difficult because
of the enormous requirements for computational power, detailed data, and human effort.
Parameters of a biological model are hard to measure and estimate, vary over disparate
time and spatial scales, and reside in a noisy milieu of irrelevant signals [74].

A highly detailed computational model requires high computational effort which
manifests in time and resources. High-performance computing is a major determinant
for the implementation of computational costly models. Time costs add to compu-
tational cost in the physical number of computer flops it takes to solve the problem.
Graphic Processing Units (GPUs) can be used to accelerate processing times of parallel
problems, while existing software and technologies can serve as plug-in applications to
a flexible architecture that can integrate these tools to solve multi-scale problems. For
practical clinical use, computational costs must be kept at a minimum by compact math-
ematical models and efficient use of hardware resources by efficient software. Crampin
[33] and Bassingthwaighte [13] have addressed need for simplified models at various
physiologic levels. Bassingthwaighte proposed a strategy for the design of a multi-scale
model of physiologic systems that involves a six step approach to design and validate
an initial high-resolution multi-scale model. Specific components can be simplified to
gain computational speed, but simplified components must be kept within a valid range.
If necessary, inadequate components can be replaced by more detailed ones, and the
resultant model will have to be validated again.

A patient-specific model requires input data from the patient. The availability of
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non-invasive clinical imaging modalities in standard guidelines for clinical HF manage-
ment presents an opportunity for patient-specific models of anatomy, electrophysiology,
biomechanics, and hemodynamics to be developed and utilized. Models of ventricular
anatomy can be constructed from detailed imaging data including CT, MR, and echo.
Ventricular fiber architecture can be estimated using diffusion tensor MR. Myocardial
infarction characterization can be made from SPECT and delayed-enhancement MR.
Standard ECG measurements can infer properties of cardiac electrophysiology. Invasive
intracardiac catheter measurements can also be used with empirical pressure-volume re-
lations [68] to estimate passive and contractile parameters of ventricular myocardium.

The detail encompassed by the model is limited by the data used to construct it.
Data type, amount, granularity, and management add to the costs associated with model
development. Clinical data costs pertain to the cost of procedures used to obtain the
measurements and associated risk/benefits of subjecting the patient to a procedure. Use
of routinely obtained, minimally invasive data is preferred whenever possible. Since it is
impractical to obtain a completely comprehensive data set for each patient, existing data,
when appropriate, is needed for completion. For example, the specific in-vivo myofiber
architecture of a patient from diffusion tensor MR imaging is currently impossible to
obtain. Instead, a valid approximation can be made by mapping the fiber architecture
of an atlas human heart to any particular patient’s heart [73]. Online databases of other
types of cardiac datasets will be useful for this purpose.

An advantage of computational models is that they can compute clinically rele-
vant, biophysical quantities that cannot be measured directly. For example, stress cannot
be measured accurately without damaging tissue. Similarly, computational models are
based on parameters that are not typically measurable but may be clinically important.
Predictions of patient-specific models should be validated by comparison against clinical
follow-up whenever possible. If predictions and follow-up are incongruent, adjustments
to the model should be considered: 1) components of the model may be too oversim-
plified and should be replaced with more accurate models, 2) the model may be based
on an incomplete physiologic understanding of the disease, 3) additional theoretical or
experimental studies may be needed to adequately revise the model.

In the overall clinical context, computational models are tools meant to provide
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diagnostic and decision support. At point of care, the cardiologist must ultimately de-
fer to real-life experience and acquired expertise. While a model may be idealized to
minimize human bias and error in clinical decisions, they are inherently made from as-
sumptions and limited knowledge. Work constantly progresses to improve the realism
of models, but an incompleteness of knowledge will invariably exist in any representa-
tion of reality. Awareness of these limitations should promote prudent and appropriate

use of computational models for diagnoses and decisions regarding patient health.

1.4 Aims of the Dissertation

The goal of this dissertation was to gain new insight into the physiological mech-
anisms and predictors of long-term outcomes of DHF treated by CRT. Long-term out-
come was objectively defined by the degree of LV reverse remodeling (echo response
criteria) after 3—6 months of CRT. A deeper understanding of the basic science of
DHF and CRT will translate to improved clinical diagnostics, identification of likely
CRT responders, and personalization of therapy. For this purpose, we aimed to uti-
lize patient-specific computational models of the failing ventricles to quantitatively re-
late inter-patient physiologic differences during DHF and acute CRT with differences
in long-term outcomes. We hypothesized that the pathological severity of mechanical
loading and electrical activation caused by LBBB predicts better CRT outcomes. Opti-
mization of CRT also depends on the amount of improvement gained by the particular
patient-specific therapeutic parameters.

The first specific aim was to develop the tools and methods to construct patient-
specific computational models incorporating clinical and empirical anatomical, electro-
physiological, biomechanical, and hemodynamic data. We validated the models’ ability
to make accurate quantitative predictions to clinical data that was not used for param-
eterization. The second specific aim was to test the hypothesis that the heterogeneity
of mechanical loading introduced by LBBB is an important indicator of the likelihood
of improvement. Furthermore, the degree of load homogenization by CRT is mecha-
nistically linked to the degree of LV reverse remodeling. The third specific aim was to

test the hypothesis that the heterogeneity of electrical activation introduced by LBBB
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is also an important indicator of long-term outcomes. The ability to make predictions
from electrical biomarkers is particularly attractive due to the low cost and standardized
use of the 12-lead ECG. Optimization of CRT parameters, specifically the V-V delay, is
dependent upon the degree of improvement of synchronous electrical activation.

The study of patient-specific response to CRT in DHF is important. Clinical
researchers have not yet reached a gold standard biomarker for reliable predictions of
long-term CRT outcomes. This lack of detailed knowledge of the complex interactions
of DHF and CRT is due to limited physiologic observability of clinical measurements
and large inter-patient variability. The use of patient-specific models to overcome these
limitations is beneficial in two ways. First, models are well-suited for investigating
complex patient-specific physiological mechanisms by their ability to take an arbitrar-
ily large number of quantitative measurements as inputs, simulate their interactions at
baseline and acute CRT according to deterministic models of physiology, and predict the
emergent outcome. Second, new mechanistic insight from the model results can inform
better patient selection criteria for CRT using novel, immeasurable model outputs. A
further step to take is to relate the model outputs to clinical measurements to discover
new diagnostics directly from the clinical measurements. Second, the determination of
the minimum clinical requirements to build models capable of sufficiently predicting the
degree of CRT response will promote the feasibility and practicality of models as useful

clinical diagnostic and decision support tools.
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Chapter 2

Patient-specific Models of Ventricular
Anatomy

Part I: Ventricular Geometry

Abstract

The geometry of the cardiac ventricles is an important determinant of physiolog-
ical function, especially at the organ and systemic scale. Patient-specific models of the
heart must necessarily begin with a compact mathematical representation of its geom-
etry obtained by medical imaging data. In the context of dyssynchronous heart failure,
key geometric features are dilation of the ventricular chambers and decreased wall thick-
ness (particularly in the septum). Myocardial infarction often presents as a confounder
of mechanical and electrical function.

Here we develop a process for constructing patient-specific mathematical mod-
els of biventricular geometry for 8 patients diagnosed with dyssynchronous heart failure
and left bundle branch block. We utilized a combined anatomical image data set in-
cluding computed tomography, magnetic resonance images, and singe-photon emission
computed tomography. Computed tomography and magnetic resonance images were
pre-processed to remove noise, masked, segmented, and triangulated. From these data,

we construct 3D high-order finite element meshes of the geometry and region of my-
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ocardial infarction. Finite element mesh atlases were registered to the processed image
data in a semi-automated fashion. We also use singe-photon emission computed to-
mography images to localize myocardial infarctions. Myocardial infarct geometry was
localized to the finite element meshes by an expert clinical cardiac electrophysiologist.
The resulting models serve as the basis for further finite element analyses integrating

multi-scale cardiovascular physiology.

2.1 Introduction

The vital function of the heart is to drive the circulation of blood through the
pulmonary and systemic circulation for the transport of nutrients and metabolic wastes
to and from every cell in the body. The cardiac ventricles are responsible for this most
central physiologic role. Therefore, ventricular topography, shape, and geometry are
optimally configured to perform this task. The ventricles are partitioned into left and
right sides by three mutually intersecting muscular segments: the left and right free walls
and the interventricular septum. The pumping mechanism exploits a balanced interplay
between the thickness, curvature, pressure, and wall tension of these structures. Optimal
geometry is required for maximal pump efficiency. Based on the principle of minimal
work and Laplace’s Law, Hutchins et al. observed that for diastolic filling, a spherical
ventricular geometry would require the least energetic expenditure. During systole, on
the other hand, a conical ventricular geometry is most energetically efficient [5]. As
the compromise geometry between the two extremes, a prolate hemispheroid optimally
minimizes the energy expenditure of cycling between diastolic and systolic geometries.

One of the primary structural changes in dyssynchronous heart failure (DHF) is
dilated cardiomyopathy (DCM) which is marked by dilation of the ventricular chambers,
depressed myocardial contractility under normal loading conditions, and susceptibility
to electromechanical delays. The particular patient-specific geometry of the heart is an
important determinant of pump function and is among the first physiological features to

account for in assessing the severity of DHF.
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2.1.1 Clinical imaging of failing ventricular anatomy

Non-invasive measures of patient-specific cardiac structure and function are of
primary interest in assessing the condition of DHF and are made possible through non-
invasive clinical imaging. Structural features include ventricular chamber geometry,
dimensions, and wall thickness, valve dimensions, and presence of myocardial infarc-
tion. Functional features include ejection fraction, stroke volume, ventricular filling, and
valve regurgitation. The primary purpose of imaging in the context of assessing DHF,
particularly for determining CRT candidacy, is to evaluate left ventricular (LV) systolic
function which is typically quantified by the ejection fraction (LVEF). Identification of
cardiac vein anatomy for CRT lead placement and cardiac catheterization. Among the
most commonly used 3D imaging modalities for HF assessment are computed tomogra-
phy (CT), magnetic resonance (MR), and single-photon emission computed tomography
(SPECT).

Standard use of non-invasive clinical imaging modalities presents an opportunity
for detailed models of patient-specific ventricular geometry and function to be created.
The different modalities each have strengths and weaknesses, advantages and disadvan-
tages for the purposes of capturing important structural and functional details relevant
to different facets of cardiovascular physiology. As a practical matter, anatomical model
development must consider the balance between sufficient accuracy and the costs, risks,
and feasibility of procuring the necessary data. We briefly overview of current stan-
dard clinical imaging modalities for DHF assessment to gain an appreciation of these

considerations.

Computed tomography

CT scanners emit ionizing radiation in the form of an x-ray beam which pene-
trates a patient’s body. An array of detectors located behind the patient on the opposite
side of the source measures the attenuation or “shadow” of the x-ray beam as a result of
non-homogeneous absorption properties of a 2D cross-section of biological tissue. The
emitter and detectors are mounted on a toroidal gantry which measures beam projec-
tions over a range of angular orientations 180°-360° about the long axis of the patient.

A 3D image of the field of view (e.g. a patient’s thoracic cavity) is reconstructed by
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computing the back-projection of the collection of projections at the measured angular
orientations.

CT is capable of high spatial resolution imaging of the cardiac anatomy and sur-
rounding structures. In this study, images of the ventricles were acquired at end-diastole
with voxel size on the order of 0.5x0.5x2.5 mm (512x512x80 voxels). For evaluating
patients before CRT, CT can resolve the coronary anatomy for lead placement. It also
has moderate temporal resolution (64-slice CT is on the order of 160 ms for assessing
LV dyssynchrony and LVEEF, though at variable and high heart rate it can be susceptible

to motion artifacts. The use of ionizing radiation is the primary disadvantage of CT.

Magnetic resonance

MR utilizes the property of the nuclear magnetic resonance of atomic nuclei.
Microscopic magnetic dipoles in hydrogen nuclei which are abundantly present in the
water content of biological tissue are excited by application of a precise pulse sequence
of radio waves and magnetic gradients in the presence of a static, macroscopic magnetic
field (rated at 1.5 Tesla for clinical use) spanning the imaging field of view within the
scanner bore where the patient lies stationary. As the dipoles relax following excitation,
they produce the measured radio frequency signal which, given the known parameters
of the pulse sequence, is reconstructed into a final image. Images are acquired slice
by slice through the volume of the patient and reconstructed into a three-dimensional
image.

The spatial resolution of clinical MR is comparable to CT and is capable of
accurate measurement of ventricular chamber volumes, ventricular mass, and LVEF [6].
Myocardial perfusion imaging may also be achieved by contrast-enhanced MR which
makes use of a gadolinium contrast agent [13]. This is important to assess fibrosis. For
example, one study on CRT candidates have identified areas of fibrosis near potential
lead placement locations and do not improve with CRT [12]. Gadolinium may also be
used to enhance contrast of the ventricular chambers for volume measurements.

MR is also capable of higher temporal resolution that CT, acquiring on the order
of 10 to 50 images per second, making it suitable for real-time imaging. In this study,

images for model construction were derived from ECG-gated 4D image sequences of
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the cardiac cycle (25 images per second). Typical in-plane spatial resolution was on the
order of 1 mm with a slice thickness of 2 mm with 5 mm between each slice. A major

advantage of MR is that it does not expose the subject to ionizing radiation.

Single-photon emission computed tomography

Single-photon emission computed tomography is a nuclear modality which re-
lies on the radioactive signal of substances introduced to the body by inhalation, in-
jection, or ingestion to produce images. These substances or radiotracers gain their
source of the radioactivity from radionuclide labels attached to biochemically active
drugs which are taken up by the tissues of imaging interest.

In HF cases with indications for ischemic etiology, SPECT measures local my-
ocardial perfusion by the uptake of the radiotracer by the myocardium. Images of re-
gional perfusion density are typically taken at resting and elevated (stress) heart rate.
The difference between the resting and stress distributions gives a clear picture of the
region of ventricular myocardial infarction. In addition, SPECT measures of dyssyn-
chrony for CRT candidates have been correlated with echocardiographic measures to

predict likely responders [1].

2.2 Methods

2.2.1 Finite element models of ventricular geometry

The objective of a multi-scale model of the heart is to quantitatively describe and
analyze cardiovascular physiological processes over time and space, linking the behav-
iors of the cell to the organ, using mathematical and computational models. Finite ele-
ment analysis is an ideal approach suited for this task, providing a mathematical frame-
work for quantitative analyses of cardiac function including anatomy, biomechanics,
electrophysiology, and hemodynamics. A fundamental component of this framework is
a finite element mesh providing a realistic description of the three dimensional geome-
try of the ventricles. The mesh embodies the spatial domain for posing and solving the

various mathematical models of physiology. Accurate and reliable solutions require the
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meshes to be geometrically accurate and computationally stable.

A finite element mesh discretizes a continuous geometric domain into a collec-
tion of discrete sub-domains called elements. Within each element, spatial coordinates
(or more generally any scalar, vector, or tensor field variable) are approximated by in-
terpolation. Elements may take on a variety of shapes. Tetrahedral elements with linear
interpolation are popularly used for a large class of solid and fluid mechanics problems
on account of their simplicity, well-characterized properties, and wide availability of
meshing and analysis software [8]. For problems of cardiovascular physiology, such as
soft tissue mechanics and reaction-diffusion, however, this scheme is prone to numerical
error without fine discretization of the spatiotemporal domain incurring greater compu-
tational cost [11]. Hexahedral elements, on the other hand, are more efficient in terms of
solution stability and computational cost, though are less amenable to automatic mesh
generation, especially for complex geometries. In this work, we utilize hexahedral fi-
nite elements with high-order cubic Hermite basis functions using recent techniques for
handling complex geometries.

In a cubic Hermite finite element, the geometry is parameterized by the position
and curvature (spatial derivatives) at each of the eight element vertices. Eight parame-
ters or degrees of freedom are specified at each node for a total of 64 degrees of free-
dom per element. Elements are C! continuous, meaning that their coordinates and first
derivatives vary continuously between neighboring elements. This feature allows us to
smoothly approximate the geometry in a piecewise fashion over the total collection of
elements in the mesh using cubic polynomial basis functions. The shape of a hexahedral
element in real space Y = (Y1, Y>,Y3) may be mathematically expressed as the weighted

sum of basis functions and parameters with respect to the local element coordinate frame

(parametric space) & = (£1,&,&3) where & € [0,1]:
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where ¢y, is the triple-product of the 3D Hermite basis functions ,,;,,, in each local




40

element dimension &,, for each local element node [, for which m Hermite parameters
are defined in y; (8 total parameters comprised of 1 value, 3 simple derivatives, 3 cross
derivatives, and 1 triple-cross derivative). In the simple case of a 1D element with two

nodes, each with two parameters, (2.1) expands to:

YE) = vEm+ W En v O F] +W©OF], .4

with basis functions l,l/j.
yp = 1-382+28%,
vy = £(3-29),
yi = &(E-1)7
y; = EE-1),

where index j refers to the local node conferred with C? continuity by its corresponding

(2.5)

basis function. The complete equations for three dimensional cubic Hermite basis func-
tions may be derived from permutations of the triple-products of the 1D basis functions
in (2.5) and are omitted here. More comprehensive coverage of cubic Hermite elements
is given by Nielsen et al. [10] and Hunter et al. [4].

Specification of the parameters y; with respect to the local element coordinate
frame & ensures smoothness and continuity throughout the mesh, provided the elements
are of identical unit size and shape. Since this is generally not the practical case in real
geometries, continuity may be enforced by accounting for the actual element sizes ac-
cording to their arc lengths. Nielsen proposed element “scale factors” to map the global
element arc lengths s to the local element frame £ [10]. In the case of a 2D quadrilateral

JdY 0JY d _JY

cubic Hermite element with parameters 7% ag,» and 5z, the scale factors may be

related accordingly:

N oYy
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where & and g, are the element scaling factors. The scaling factors may be thought
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of as tangent vectors in Y space that are coincidental with their corresponding nodal
parameters in & at the global element nodes. Note that, by this definition, s; does not
vary with &. The finite element model of ventricular geometry is fully defined by the
local element parameters and scaling factors.

Gonzales et al. [3] generalized the above definition of scale factors to elements
with so-called “extraordinary” vertices. As a consequence of scale factors definition in
(2.6), continuity is enforced for elements defined by ordinary vertices which are required
to have four neighboring vertices (valence 4). The motivation for the introduction of ex-
traordinary vertices was to gain the ability to capture increasingly complex anatomical
detail using cubic Hermite elements by introducing the possibility of new regional ele-
ment topologies. Extraordinary vertices are allowed variable valence, typically 3 or 5.
This new arrangement requires additional transformation components in the mapping
from local to global parametric space, thereby requiring a “scale factor matrix”.

The particular geometry of a finite element mesh may be customized or fitted to
a patient’s clinical images by solving for the Hermite parameters or degrees of freedom
%—Z throughout the mesh. We use a regularized least-squares fitting scheme to estimate

the mesh parameters [2]:

_ > oul  Nou|’
P =E Jutéa) —val+ [ (o] 55| +eef 35, +
2.7
Y o Y L .
logtll ™ llogz ]l T llogog] )

where u is a vector of field variables (e.g. spatial coordinates Y), d is an index over the
data points (segmented image in this case), u, is the value of the field for data point d,
&, are the parameters of the 4" data point projected onto the mesh surface, u(&;) are
the interpolated field values for data point d, Q is the finite element domain, and oy, are
Sobolev smoothing weights for the k' derivative term. Smoothing weights were chosen
to balance geometric accuracy and mesh smoothness [9]. Smoothing weights on the
first and second derivatives may be intuitively understood as the resistance of the mesh
surface to stretching and bending, respectively. Values for the weights are typically in

the range of 10-0.1. More comprehensive guidelines for choice of smoothing weight
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are described by Mazhari et al. [9].

2.2.2 Clinical image data

Eight male patients (ages 67, 71, 85) (74 £ 9 years) with left bundle branch
block, NYHA class III heart failure, and dilated cardiomyopathy were enrolled from
the Veteran’s Administration San Diego Healthcare System (San Diego, CA) into an
Institutional Review Board (IRB)-approved protocol after obtaining informed, written
consent. End-diastolic cardiac anatomy was surveyed with CT (GE Lightspeed, GE
Medical Systems, Milwaukee, W1, in-plane resolution of 0.49 x 0.49 mm, thickness 2.5
mm) in six patients and MR (in-plane resolution of 0.9 x 0.9 mm, thickness 7 mm) in
two patients. Five patients with indications for myocardial ischemia underwent SPECT
imaging (technetium sestamibi, ECAM-2, Siemens Medical Solutions, Hoffman Es-
tates, IL, resolution of 6.59 x 6.59 x 1 mm) during stress and rest states. Regions of
myocardial infarction were identified from the images by an expert clinical electrophys-

iologist David E. Krummen.

2.2.3 Mesh fitting to clinical images

The ventricular myocardium in the end-diastolic state was segmented from the
obtained images in a semi-automated fashion by intensity thresholding and 3D “snake”
segmentation via geodesic level sets in ITK-SNAP (www.itksnap.org; [15]). The ven-
tricular region of interest spans from the apex to the basal valve plane. Extraneous
anatomical features such as trabeculae, papillary muscles, epicardium, fat, connective
tissue were excluded. The segmented volume was triangulated via a marching-cubes
algorithm in ITK-SNAP and smoothed using GAMer (www.fetk.org/gamer [14]). The
final segmented volume was partitioned into epicardial, LV and RV endocardial, and
septal surfaces.

Two types of cubic Hermite finite element meshes were constructed for each
patient, one with ordinary and another with extraordinary vertices, for biomechanics
and electrophysiology simulations, respectively. Gonzales et al. developed a technique

extending cubic Hermite interpolation with C° and C! continuity to meshes with “ex-
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traordinary” vertices [3]. Ordinary vertices are constrained to only four neighbors. Ex-
traordinary vertices are more generally allowed 3 or 5 neighboring vertices. This allows
greater freedom to arrange the mesh vertices to strategically conform to the natural local
topologies (e.g. radial versus rectangular topology) of the modeled shape. This allows
for a more compact and natural representation of curvilinear geometries by reducing the
total number elements which are more uniformly shaped, improving the computational
stability and accuracy of the solution and reducing computational cost. The two types
of meshes are illustrated in Figure (2.2). A more comprehensive treatment on meshes
with extraordinary vertices may be found in the work of Gonzales et al. [3].

The mesh with ordinary vertices (OV mesh) was constructed first. A 2D template
mesh with 64 bi-linear elements was partitioned into LV and RV endocardial, septal,
mid-wall, and epicardial surfaces. Each surface was manually “snapped” to its corre-
sponding measured surface using the “Retopo” tool in Blender (www.blender.org). LV
and RV endocardial, septal, mid-wall, and epicardial surfaces were fitted to their re-
spective surface in the segmentation in prolate spheroidal coordinates. The y and 6
coordinates were held constant, the nodal parameters for A were fit. the remaining Her-
mite derivative parameters were estimated by a regularized least-squares fitting scheme
in (2.7). The fitted 2D surfaces were joined transmurally to form hexahedral cubic Her-
mite elements, and the mesh was refined to a final total of 128 elements.

The mesh with extraordinary vertices (EV mesh) was constructed from a 3D tem-
plate mesh with 132 tri-linear elements was co-registered to the first mesh in Blender.
Twelve extraordinary vertices of valence 3 were placed at approximately 1/3 of the apex
to base distance on the endocardial and epicardial surfaces to form a rectangular “patch”
topology at the apex. A total of 54 vertices of valence 5 were placed at the LV and RV
septal junctions to form a rectangular topology at the interventricular septum. Each of
the LV and RV anterior, lateral, and posterior walls are formed by a continuous rectan-
gular patch topology of ordinary vertices. Vertices were snapped to the surfaces of a
refined version of the OV mesh in Blender. Cubic Hermite parameters were computed
by a subdivision scheme developed by Gonzales et al. [3]. Regions of normal and in-
farcted myocardium identified from the SPECT images were manually demarcated onto

the segmented image volume and fitted as a binary scalar field in both meshes using the
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above regularized fitting scheme.

2.3 Results

The finite element mesh templates with ordinary and extraordinary vertices were
fitted to the segmented CT or MR images of each patient. Meshes with ordinary ver-
tices are illustrated in Figure (2.4), and meshes with extraordinary vertices are shown
in Figure (2.5). The spatial accuracy of the meshes was assessed by the RMS fitting
error taken as the mean projection distance of the segmented image data to correspond-
ing mesh surfaces. For all patients, iterative fitting of geometric nodal parameters was
performed until the error was on the order of the in-plane voxel size ~ 1 mm. Man-
ual placement of vertices of the EV mesh directly on to the fitted surfaces of OV mesh
effectively ensured similar geometric accuracy of the EV meshes. Ventricular dimen-
sions including left ventricular volume, long axis length, LV inner diameter, and septal
and lateral LV wall thickness were also compared to echocardiographic measurements.
Right ventricular dimensions were not measured in the echocardiography images and
were not compared. A summary of the geometric comparisons is shown in Table (2.1).
The scaled Jacobian J [16] was used as an element quality metric to ensure smooth and
well-behaved numerical solutions; a value of 1 indicates an element as a perfect cube
with orthogonal edges of equal length. All elements for all meshes satisfied J > 0.6.

Regions of myocardial infarction from the SPECT images are illustrated in Figure (2.6).

2.4 Discussion

We developed a process for high-order finite element model construction of ven-
tricular geometry from available clinical images. While in a research setting, high-
fidelity data and models are desirable, for the prospect of being used in translational
medicine, the cost of such model construction is an issue of utmost importance. This
pipeline was developed with economic feasibility in mind, and therefore considered the
appropriateness of use and overall cost of obtaining the clinical data as well as efficient

computational methods for developing geometric models of patient-specific ventricles.
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Improvements to the pipeline could incorporate automation of manual steps. For
one, a single mesh template with ordinary or extraordinary topologies was manually
fitted each time to patient image data. One method to automate this step could exploit
ventricular mapping from an atlas to automatically generate a mesh of necessary quality
by mapping one patient’s image data set to another patient’s. Work by Lamata et al. is an
example of an automated method that is capable of rapidly producing meshes from 3D
image data with spatial accuracy on the order of the image resolution [7]. The method
presented in this chapter can be made independent of the data set, though at its current
state the process has been optimized for using CT and MR images. The best clinical data
set to obtain for geometric modeling is echocardiography for its low cost, widespread
availability, and non-invasiveness. Image data from 2D and 3D echocardiography are

able to be accommodated into this general meshing process.

2.5 Conclusion

The patient-specific geometry of dilated ventricles in DHF was modeled us-
ing available clinical image data and a high-order finite element method. Biventricular
meshes with ordinary and extraordinary vertices were constructed for eight patients with
accuracy on the order of the available clinical images. The geometric domain defined
by the finite element meshes will serve as the basis for further continuum analyses of

cardiovascular properties and function.
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1. Segmentation

2. 3D triangulation
and smoothing

3. Template OV mesh
adjustment

5. Patient-specific
OV mesh

4. Fitting

6. Template EV mesh
adjustment

7. Patient-specific
EV mesh

Figure 2.3: Summary of mesh construction from 3D image data. 1) Image voxels containing
ventricular myocardium are masked using segmentation software (i.e. ITK-SNAP). 2) A smooth
3D triangulation is computed using the segmentation software, and endocardial and epicardial
surfaces are extracted. 3) The 2D template OV mesh with linear quadrilateral elements is man-
ually snapped on to the extracted surfaces. 4) The 2D mesh is iteratively fitted to the segmented
surfaces by computing cubic Hermite mesh parameters that minimize (2.7). 5) The fitted quadri-
laterals are converted to hexahedral elements, and the patient-specific OV mesh is obtained. 6)
A 3D template EV mesh with linear hexahedral elements is manually snapped on to the surfaces
of the OV mesh. 7) Cubic Hermite scale factors are computed, and the patient-specific EV mesh
is obtained.
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Chapter 3

Patient-specific Models of Ventricular
Anatomy

Part II: Fiber Architecture

Abstract

Patient-specific models of the cardiac ventricles require a realistic representa-
tion of the myocardial fiber architecture to accurately capture the regional variation of
anisotropic biomechanical and electrophysiological properties. The fiber architecture
can be measured using diffusion tensor magnetic resonance imaging, however in vivo
measurements are currently impractical to obtain for individual patients. The aim of this
chapter is to develop a method for constructing the fiber architecture of a ventricular fiber
atlas defined by an ex vivo human donor heart and mapping the result to patient-specific
geometric models.

Human cardiac ventricles provided by an organ donor heart were subject to a
diffusion-weighted magnetic resonance scan. Measurements were registered into a cor-
responding geometric model of the ventricles and fitted using a log-Euclidean interpo-
lation framework. Local material coordinates axes representing the fiber, sheet, and
sheet-normal directions of the myocardium were defined by the principal directions of

interpolated diffusion tensors. A measure of dyadic tensor overlap was used to quan-
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tify the error between measured and interpolated principal directions; 74% of the fit-
ted tensors (112,419 of 152,651 voxels) had average errors of 12.5° £ 7° in the fiber,
20° 4 11.5° in the sheet, and 18° & 11.6° in the sheet-normal directions. Finally, the
fiber architecture in patient-specific ventricular geometries was estimated by large de-

formation diffeomorphic mapping from the model of the organ donor ventricles.

3.1 Introduction

Cardiomyocytes are structured within the ventricular myocardium according to a
complex architecture that is important for the electrical, mechanical, and hemodynamic
properties at the tissue and organ scales. A realistic, quantitative description of this fiber
architecture is therefore necessary in a patient-specific, multi-scale model of ventricular
anatomy. Patient-specific models can be constructed feasibly from clinical data thanks
to advances in computing power and technology [34, 1, 23, 22, 21, 30]. Where patient-
specific clinical data are not available, approximations must be made with empirical
data. Diffusion tensor magnetic resonance imaging (DT-MRI) is a conventional non-
invasive imaging modality for measuring the underlying microstructure of biological
tissue with high spatial resolution. However, DT-MRI is not routinely available in the
clinic, nor is it feasible to obtain in vivo measurements for an individual patient. In
this chapter, we review the description of cardiac tissue microstructure and how it is
measured with DT-MRI. We present a method for incorporating DT-MRI measurements

of an excised human ventricle into patient-specific models.

3.1.1 Myocyte organization in cardiac tissue

Important functional aspects of cardiac tissue emerge as a result of the prop-
erties and spatial organization of its cellular constituents. Cardiac tissue is composed
of various kinds of cells, primarily myocytes and fibroblasts, embedded in a structural
network of collagen and elastin fibers called the extracellular matrix (ECM). Myocytes
are responsible for producing contractile force when excited electrically by action po-
tentials. Fibroblasts and cardiofibroblasts maintain the integrity of the ECM, mediate

inflammatory responses, and develop fibrosis in tissue injury.
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Ventricular myocytes constitute the majority of the heart muscle by volume,
numbering close to 7 billion cells in a healthy human heart [25]. A myocyte is ap-
proximately cylindrical in shape with branched appendages, measuring about 50-150
um in length (longitudinal or “fiber” direction) and 10-20 yum in diameter (transverse
or “cross-fiber” direction). A single myocyte attaches to an average of ten neighboring
myocytes at intercalated disks distributed throughout its sarcolemma. Protein junctions
at the intercalated disks provide mechanical and electrical coupling between myocytes:
desmosomes anchor neighboring sarcolemmas together, and low-resistance gap junc-
tions allow flow of ions and other small molecules between the sarcoplasms of neighbor-
ing cells. Intercalated disks are more abundant at the longitudinal ends of the myocyte
(70%) but are also found transversely (30%) [27]. This anisotropic spatial distribution
at the cell level is partly responsible for anisotropic properties at the tissue level, where
passive stiffness (3:1 ratio) and electrical conductance (3:1 ratio) are greater in the fiber
than the transverse direction.

Collagenous fibers of the ECM provide higher ordering of myocytes. Collagen
fiber thickness ranges from 40 nm in normal conditions and up to 300 nm in pathologic
conditions [7]. Endomysial collagen fibers surround individual myocytes and bind it
to its neighbors. Perimysial collagen envelops groups of myocytes into laminar sheets
approximately 3-4 cells thick [17]. The laminar sheets are separated from each other
by vacuous cleavage planes but remain loosely tethered by long perimysial collagen.
The degree of sheet coupling varies throughout the ventricle and introduces another
source of mechanical and electrical anisotropy. Loose sheet coupling contributes to
slowed conduction in the direction normal to the sheet plane [17, 15]. It also allows
greater deformability (shearing) of the myocardium, particularly at the endocardium
where substantial wall thickening is attributed to sheet sliding and reorientation [31, 8].

Variation of fiber-sheet orientation throughout the ventricle occurs in a charac-
teristic pattern which has been shown to be remarkably conserved between species [19],
suggesting its fundamental importance for whole organ function. Streeter et al. [32]
first observed a smooth rotation of fiber orientation across the ventricular wall in canine
hearts, varying from -70° to 60° (relative to the circumferential direction) from the epi-

cardium to endocardium; fibers wrap around the ventricle in a left-handed helix at the
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epicardium and a right-handed helix at the endocardium. Sheets and cleavage planes are
oriented radially through the wall [17], remaining within 45° of the normal to the epi-
cardial tangent plane [8]. While these orientational trends are generally observed, they
can vary to a greater extent depending on the ventricular region [29] and even change
discontinuously [12] which may have important local consequences on tissue properties.
The overall architecture influences the anisotropic conduction of action potentials and

biomechanical stress and strain distributions throughout the ventricular myocardium.

3.1.2 Diffusion-weighted imaging of fiber orientation

Measurements of myocardial fiber-sheet orientations have relied on histological
[32] and optical [28] techniques for prepared chunks of tissue. More recent imaging
modalities are capable of making whole-heart measurements in high spatial resolution.
Diffusion tensor magnetic resonance imaging (DT-MRI) spatially maps the extent of
proton movement in fluid-permeated anisotropic media like biological tissue. Proton
movement is carried by Brownian motion or diffusion of water molecules along mean
free paths constrained by the local microstructure (e.g. intracellular compartments, cell
membranes, ECM). In DT-MRI, the measured MR signal (i.e. intensity) at each image
voxel is weighted by the magnitude and relative orientation of diffusion along a known
direction within a given time. Diffusion-weighted images are captured for at least six
independent directions and are used to estimate an effective 3D diffusion tensor for
every voxel. For more details on DT-MRI physics and principles, see Basser et al. [5].

The diffusion tensor D relates the macroscopic concentration gradient VC to the

macroscopic diffusion flux J in an anisotropic medium:
J=-DVC, 3.1

where

o
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D is a 3 x 3 symmetric, positive-definite covariance matrix of voxel-averaged flux co-

efficients (mm?/s); diagonal terms scale fluxes and concentration gradients in the same
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directions, and off-diagonal terms couple fluxes and concentration gradients in orthog-
onal directions. The orientation of the surrounding tissue structure can be measured
by the principal directions or eigenvectors v of D [3]. Figure (3.1) illustrates a geo-
metric representation of the diffusion tensor. Comparison of histological and DT-MRI
measurements of fiber orientation have confirmed that the fiber axis coincides with the
primary principal direction [16, 29, 14] and the sheet-normal axis coincides with the
tertiary principal direction [12].

By this relationship, we may construct a model of ventricular fiber architecture
by registering (fitting) DT-MRI measurements in a finite element geometry of the cor-
responding ventricles. Fiber, sheet, and sheet-normal directions in the model can be
defined by the local eigenvectors of the fitted D. Methods and strategies for tensor in-
terpolation and local fiber-sheet axis parameterization are required. It is also important
to note that D assumes voxel-averaged representation of diffusion (intra-voxel fiber ori-

entation populations are smeared out) and does not vary with time.

3.1.3 Estimation of in vivo human fiber architecture

A current limitation of DT-MRI is its inability to make reliable, high quality in
vivo measurements of the beating, moving heart. An alternative strategy for incorpo-
rating DT-MRI measurements of fiber architecture into a patient-specific computational
model may use an explanted human heart, especially from a human organ donor, as an
atlas which can be subsequently mapped to the specific ventricular geometry of in vivo
patient hearts.

A recent statistical analysis [19] of fiber architecture variation in a large pop-
ulation of human hearts has shown that fiber orientations are well-preserved between
individuals. This suggests that it is reasonable to model the fibers in a patient-specific
anatomy with measurements from another human heart after accounting for the varia-
tions in fiber orientation due to differences in ventricle size and shape. Geometric shape
changes can be quantified between the anatomical models of the donor and patient-
specific hearts by large deformation diffeomorphic maps (LDDMs). Diffeomorphic
transformations are smooth one-to-one mappings of one anatomical model domain to

another that preserve geometric features. Smoothness and bijectivity ensure that con-
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tours remain contours, surfaces remains surfaces, and volumes remain volumes through
the transformation.

A caveat of this approach is the rare availability of explanted hearts from healthy
human organ donors; pristine specimens are typically reserved for transplantation rather
than research. A single organ donor heart was acquired for the present study. The heart
was used in accordance with the requirements of the Institutional Review Board under

a condition of nondisclosure regarding the health state of the heart prior to donation.

3.2 Methods

3.2.1 Diffusion-weighted imaging study

The explanted donor heart was subjected to a DT-MRI scan (3T Discovery MR
750, GE Medical Systems, Milwaukee, WI) which utilized a novel three-dimensional
fast spin echo pulse sequence with variable density spiral acquisition to efficiently elim-
inate eddy current and motion artifacts [11]. The field of view was 12 cm with a reso-
lution of 0.93 x 0.93 x 2 mm resolution (128 x 128 x 56 voxels). Diffusion gradients
were applied in 32 non-collinear directions with a b value of 1000 s/mm?. Scan duration
was 2 hours with a TR of 1000 ms. Image reconstruction required a special least squares
algorithm to correctly invert the non-uniformly sampled data was performed in parallel

on a Linux cluster [11].

3.2.2 Model of ventricular geometry

Hexahedral cubic-Hermite finite element meshes of the ventricular geometries
for the each patient and the explanted donor heart were constructed from the clinical and
empirical image data. Endocardial and epicardial contours (left ventricle, right ventricle,
septum, and epicardium) of the patient hearts at end-diastole were manually segmented
from the CT images. The contours of the donor heart were segmented from fractional
anisotropy (FA) images of the DT-MRI scan to differentiate between myocardial and
pericardial tissue such as fat; the two are otherwise indistinguishable in the null gradient

images. Clear identification of myocardium was necessary to prevent modeling noise
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from diffusion directions from non-myocardial regions.

The 3D coordinates of the segmented voxels were reconstructed to generate a
cloud of points representing left and right ventricular, septal, and epicardial surfaces.
The cloud was reoriented such that the base of the heart was parallel to the horizon-
tal plane and the long axis passed through the apex of the left ventricle; this ensures
consistent application of displacement and pressure boundary conditions to the final
constructed patient meshes.

Aninitial 2D cubic-Hermite template mesh (129 nodes, 108 elements) consisting
of four nested surfaces representing the endocardial and epicardial surfaces was defined
in prolate spheroidal coordinates. The geometry of the template mesh was pre-fitted to
each patient by placing the nodes at common anatomical landmarks (left ventricular free
wall, right ventricular free wall, base, apex, and the septum-right ventricular junctions)
to preserve the structure of the mesh relative to each heart. Following the methods of
Nielsen and colleagues [24], the pre-fitted meshes were fitted in the radial (A) coordinate
to the reconstructed data by a linear least squares minimization of the projection distance
of the data to the interpolated mesh surfaces parameterized at the nodes; fitting in only
the A coordinate has the advantage of reducing the number of degrees of freedom of the
fit.

The fitted surfaces were converted to hexahedral cubic-Hermite elements in rect-
angular Cartesian coordinates and refined transmurally to a final resolution of 209 nodes
and 128 elements (5,016 geometric degrees of freedom). The accuracy of the results was
verified by ensuring that the remaining RMS projection error was on the order of the spa-
tial resolution of the image data (0.48 mm) and the LV cavity volume agreed to within
%35 of the measured volume from the clinical data.

The DT-MRI measurements were registered into the anatomic mesh by first seg-
menting the myocardial area from the FA images described previously. In order to ex-
actly align the segmented image volume with the anatomical model, overlapping voxels
in the area and contour masks were used to compute the 4 x 4 affine transformation
matrix 7 to rotate and translate the segmented volume. Since we are dealing with ten-
sor images, the tensors themselves need to be reoriented to correct for the alignment

to the anatomical model. A rotated tensor D’ is computed by applying the rotational
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component R of the affine transformation by D’ = R'DR. The rotated tensor D’ was
finally transformed to L’ in LE space, and their independent components were fitted by

the same methods as the anatomical models.

3.2.3 Diffusion tensor fitting and interpolation

Tensor interpolation is complicated by a number of factors. Tensor fields in-
terpolated in usual Euclidean space are corrupted by null, non-positive-definite, and
swollen tensor artifacts [9] which have no physical meaning and unrepresentative of
real tissue structure [10]. Affine invariant Riemannian frameworks have been proposed
which overcome these artifacts but are computationally expensive [26]. Tensor interpo-
lation using a Log-Euclidian (LE) framework has the advantage of being much simpler
to implement while preserving the positive definiteness, symmetry, and determinant of
the diffusion tensor [2]. In the LE framework, the diffusion tensor D is transformed to
L by the matrix logarithm: L = log(D); the symmetry and positive-definiteness of L
is preserved. Computations in LE space such as interpolation of the components of L
proceed in the same fashion as scalar quantities in Euclidian space.

The fiber architecture model takes advantage of this implementation by directly
interpolating the six independent components of L as separate 3D scalar fields fitted
to the log-transformed components of the DT-MRI measurements in the domain of the
finite element mesh. A locally interpolated D is recovered by reassembling L from
the locally interpolated log fields and transforming it to Euclidian space by the matrix
exponential D = exp(L). D is finally decomposed into A; and v; to obtain the fiber-sheet

material axes. Figure (3.4) illustrates the result of this implementation strategy.

3.2.4 Diffeomorphic mapping of fiber architecture

The present method employs high-order finite element 3D kinematic analysis to
compute a parametrically represented large deformation diffeomorphic map between the
host and target anatomical geometries. A diffeomorphic map f transforms a material
point Y in the host domain to point y(Y) in the target domain. The transformation

f in a kinematic sense is equivalent to a field of deformation gradients F = dy;/dY;
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i,j =1,2,3. Smoothness is satisfied if the Jacobian of F is nonsingular everywhere.
The relative smoothness of f can be measured in terms of its harmonic energy [36]
which is defined as the spatial averaging of the squared Frobenius norm of the Jacobian.

Application of the diffeomorphic transformation f on the fiber architecture re-
quires a material coordinate reorientation strategy. The most suitable strategy is the
so-called preservation of principal directions (PPD). Compared to the finite strain (FS)
strategy, PPD reorients the fibers in a way that is more representative of the mechanical
deformation in the reshaping of the donor anatomy to the patient anatomy. In addition
to the rotational component of F, PPD accounts for reorientation due to axial stretch and
compression.

The fiber architecture transformation was implemented by calculating F between
the donor model and a patient model at the locations of the previously registered DT-
MRI measurements. The interpolated material coordinate axes at these locations were
reoriented according to the PPD strategy and recomposed into diffusion tensors D’ us-
ing the original A;; preservation of the eigenvalues is reasonable as it implies that tissue
anisotropy is maintained during the deformation ([6]). The reoriented tensors were reg-
istered in the patient model and the local material coordinate system was computed in

the same manner as the donor heart.

3.3 Results

The DT-MRI measurements D of the donor heart were registered into its corre-
sponding geometric model by fitting a linear variation of the six components of L as
separate scalar nodal fields. An interpolated tensor Dj at a given location within an ele-
ment was recovered by taking the matrix exponential of the interpolated components of
L. Material axes v; were computed by eigen decomposition of Dj. Interpolated tensors
in the fitted donor heart are illustrated in Figure (3.6).

Since the fiber model only computes the eigenvectors of Dj, the quality of the fit
was measured by a dyadic tensor overlap metric [4] between D; and D for all registered

DT measurements within the geometric model:
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where A; and v; are the principal components and directions of the compared tensors;
the metric is essentially a weighted average of the dot products between the principal
diffusion axes, where a maximum value of 1 indicates perfect overlap. The frequency
of the overlap metric for all registered measurements is shown in the histogram in Fig-
ure (3.7). Linear interpolation of the LE components of Dj in the cubic-Hermite domain
of the donor model registered 74% (112,419 of 152,651 voxels) of the DT measure-
ments with an overlap greater than 0.7; the highest agreement was located in the LV,
septum, and apex Figure (3.8). In terms of angles, average errors were 12.5° +7° in the
fiber, 20° 4= 11.5° in the sheet, and 18° 4= 11.6° in the sheet-normal directions. Linear
basis functions apparently are sufficient to capture the characteristic variation of fiber
and sheet orientation where the quality of measurements is high. Areas of poor overlap
occurred in the RV where DT measurements were less reliable.

Diffeomorphic maps were computed as distributions of large deformation gradi-
ents between the host geometry and each of the patient-specific geometries at the ele-
ment locations of the registered DT data. Local interpolated fiber-sheet material coordi-
nates in the host geometry were reoriented according to the PPD strategy using the local
deformation gradients. The reoriented axes were fitted in each of the patient-specific

geometries. The result of one patient is illustrated in Figure (3.9)

3.4 Discussion

In the present study, we used human DT-MRI measurements of an ex vivo heart
to reconstruct an atlas of the fiber-sheet anatomy that was mapped to patient-specific
models to define local material coordinate axes. This strategy is valid since it has been
shown that fiber architecture is conserved over a wide range of conditions between in-
dividuals [19]. However, we did not take into account the disease state of the patients’
hearts which have been shown to exhibit increased dispersion in fiber directions [20].

Recently, in vivo DT-MRI measurements [33] were used to reconstruct my-
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ocardial fiber architecture. Those workers used a diffeomorphic demons algorithm to
map DT-MRI measurements to a prolate-spheroidal model of the left ventricle and an
anisotropic kernel estimator to interpolate regions of sparse measurements from the mid
ventricle to the apex. However, reliable measurements were restricted by the image
quality to the region between the base and mid-ventricle where cardiac motion was at a
minimum. Nevertheless, there is the promise to reconstruct patient-specific models of in
vivo fiber architecture, with improved in vivo imaging. The techniques used here should
be useful for registering and interpolating in vivo D'T-MRI data.

We were unable to quantitatively validate the reconstructed fiber anatomy with
histological measurements, though others have reported good agreement between fiber
and sheet-normal directions with the principal directions (primary and tertiary, respec-
tively) of water diffusion measured using DT-MRI [29, 12, 13]. We also cannot validate
the registration of the ex-vivo data to the patient-specific cardiac model, however other
workers have validated the use of diffeomorphic [35] and statistical [18] maps and sim-
ilar tensor reorientation strategies to map the myofiber architecture between anatomical

models.

3.5 Conclusion

We have demonstrated a feasible method for creating patient-specific models
of fiber architecture using DT-MRI measurements from an ex vivo human heart atlas.
The ability to make reliable estimates of patient-specific fiber architecture by mapping
techniques will enhance as databases of cardiac fiber atlases from more patients are con-
structed. The resulting estimates of fiber architecture in patient-specific geometries will

facilitate the modeling of anisotropic properties of electrophysiology and biomechanics.
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Figure 3.3: Spatial alignment of DT-MRI data with mesh. This example shows a cut view of
a lateral section of diffusion tensors in the LV free wall. The characteristic variation of fiber
orientation is evident.
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Figure 3.4: Log-Euclidean tensor interpolation. This example illustrates the result of LE inter-
polation in a cube. Eight arbitrary tensors were defined at the vertices by scalar fields for six
independent components of matrix-log diffusion tensors. The components were linearly inter-
polated through the cube. The interpolated Euclidean tensor was computed by taking the matrix
exponential of the interpolated components.
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4 Raw DT vs Fitted DT

Number of points

0 0.2 0.4 0.6 0.8 1
Overlap Measure

Figure 3.7: Distribution of dyadic tensor overlap metric. The quality of the fit was assessed
by computing the overlap between the measured and modeled material axes at corresponding
locations in the model. 74% (112,419 of 152,651 voxels) of the DT measurements have overlap

greater than 0.70.
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Chapter 4

Computational Models of Ventricular

Electrophysiology

Abstract

This chapter reviews the biophysics of ventricular electrophysiology in heart
failure, descriptive mathematical models at the tissue and cellular level, and computa-
tional considerations for simulations. Impulse propagation of electrical depolarization
in tissue is governed by the structure and composition of the ventricular myocardium
and can be mathematically described via a reaction-diffusion process. At the level of
the individual cell, propagation is supported by action potentials generated by the flow
of numerous ionic currents through the myocyte membrane. In heart failure, structural
changes in the myocardium affect tissue-level properties, while subcellular changes af-
fect normal features of the action potential and has further emergent consequences for
tissue-level impulse propagation.

We consider the computational requirements and performance of patient-specific
models of electrophysiology, specifically the convergence of numerical solutions of ac-
tivation time. We make use of the Thiele modulus to estimate the level of convergence
based on the spatial resolution of the geometric mesh and electrical conductivities. We
compared electrophysiology solutions between fully-converged (540,672 elements) and

less-converged (1,056, 8,448, and 67,584 elements) models to justify an appropriate

80
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balance between numerical accuracy and computational cost. We found that the RMS
error was less than 5 msec for all three unconverged simulations which is on the order

of accuracy of invasive clinical measurements of electrical activation times.

4.1 Introduction

Dyssynchronous heart failure (DHF) arises as a consequence of impaired multi-
scale electrophysiological activity of the ventricles. At the organ level, conduction block
of action potentials (AP) in the left bundle branch leads to an abnormal ventricular
activation sequence that begins in the RV and causes intra- and inter-ventricular elec-
tromechanical time delays [8]. At the tissue and cellular level, chronic remodeling in
HF causes detrimental changes to important myocyte electrical properties for action po-
tential generation and propagation, which in turn affect activation at the organ scale.
Mathematical models of cellular and tissue AP electrogenesis and propagation are ca-
pable of quantitatively recapitulating important pathological features of DHF and pre-
dicting ventricular activation sequences which can be further incorporated into models
of biomechanics and hemodynamics to study their effects on local and global function.
For a more in-depth treatment of cardiac electrophysiology, the reader is referred to a
review by Rudy [26].

Practical considerations for patient-specific model development, implementa-
tion, and interpretation, especially for clinical decision support, often involve a compro-
mise between numerical accuracy and computational effort; a higher resolution model
will produce more accurate solutions at the cost of computational effort and overall
model feasibility and economy. Realistic limits on model accuracy requirements may
be defined by the resolution of clinical measurements used for model parameterization
and validation. The goal of this chapter is to examine the effect of electrophysiology
model properties (e.g. level of discretization, electrical conductivity) on the behavior
and accuracy of local activation time solutions predicted by simulations of AP propa-
gation in LBBB throughout the ventricle with regards to the gold standard of clinical

measurements.
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4.1.1 Genesis and propagation of cardiac action potential

Cardiomyocytes, like neurons, are excitable, having the ability to generate and
sustain propagating AP waves. In nerve, APs lasting several milliseconds conduct down
axons and signal release of neurotransmitters into synapses. In cardiomyocytes, APs
lasting several hundred milliseconds conduct through the ventricular myocardium and
are responsible for initiating contraction. The AP shape or morphology is defined by
the time course of its magnitude. AP morphology is modulated by properties of the cell

membrane and is important for synchronous electrophysiology and biomechanics.

Myocyte-level electrogenesis

The myocyte intracellular space is permeated by sarcoplasmic fluid which con-
sists of ionic species, particularly Na*, Ca>*, KT, among other lipids, carbohydrates,
and proteins. The sarcolemma is a semi-permeable, capacitative lipid membrane that
encapsulates the intracellular space and is embedded with protein channels, pumps, and
exchangers. At rest (phase 4), inwardly-rectifying K™ channels carry outward K™ cur-
rent /g which polarizes the membrane (about -85 mV for a human ventricular myocyte).
An externally applied or spontaneously generated local depolarization of sufficient rate
and size of membrane/tissue causes a number of voltage-gated membrane channels to
open and conduct current. Opening of fast Na™ channels carries an initial inward surge
of Na™ current Iy, which leads to an immense and rapid depolarization upstroke (phase
0) (+50 mV) which excites and activates the immediate and surrounding parts of mem-
brane, causing further Ca>* and K+ voltage-gated channels to open.

Excitation triggers a transient outward K+ current I, which, in combination
with inactivation of the fast Na™ channels, causes initial rapid repolarization (phase 1)
appearing as a “notch” in the AP morphology. Excitation also opens voltage-gated L-
type (long activation, long recovery) Ca®" channels which carry depolarizing inward
Ca?* current Ic,;. During the action potential plateau (phase 2), membrane voltage
steadies due to competing fluxes between depolarizing inward Ic,;. and repolarizing
outward K™ currents including the delayed rectifier Kt current Ix (comprised of rapid
Ix: and slow Ixs components) and inwardly rectifying Ix;. The depolarizing inward

Ca’* current induces intracellular Ca®T release from the sarcoplasmic reticulum (SR)
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which drives myocyte excitation-contraction coupling [2]. Eventual inactivation of Ic,p.
and continued K outflux rapidly repolarize (phase 3) the membrane back to its resting
potential. Other activated currents include I, ca by Nat/Ca%t exchanger which pumps
Na*t inward and Ca’* outward at resting potential and Iy,.x by Nat/K* exchanger
which pumps Na™* outward and K inward.

Following inactivation, channels require some recovery time for voltage-sensitive
gates to return to the closed resting state, and the channels become refractory to new de-
polarizing stimuli and will not sustain new APs, even at rest potential. Recovery rates
vary among types of voltage-gated channels and can range from milliseconds (fast Na™
channel) to seconds (some K channels). The total cardiac action potential duration
lasts 200—-300 milliseconds at normal heart rates. This tightly regulated, orchestrated in-
terplay between voltage-gated ion channels in active, inactive, and recovery states thus
shapes AP morphology. Normal regional variations of ion channel concentrations, ki-
netics, and types cause AP morphology and durations to vary widely in the ventricle,
particularly by known transmural variations between endocardial, mid-wall, and epicar-

dial myocytes.

Tissue-level propagation

AP propagation at the tissue level occurs by electrotonic spread of current in
addition to AP electrogenesis at the myocyte level. Normal myocardium behaves as a
synchronized, continuous syncytium with anisotropic conduction properties due to low-
resistance intercellular gap junctions and the fiber-sheet tissue microstructure (see Sec-
tion 3.1.1). In the weakly excitable limit and in conditions of gap junction uncoupling
(e.g. myocardial infarction), propagation can occur discretely and may be important for
propagation failure and arrhythmia [25, 30]. Direction of propagation is crucial because
of the influence of anisotropy and fiber architecture. Propagating APs are sustained by
macroscopic membrane currents that form closed circuits: currents pass through gap
junctions and exit across the sarcolemma. The transmembrane potential of each my-
ocyte thereby influences its neighbors due to passive flow of current sustained by AP
electrogenesis in the myocyte. The speed of conduction depends on passive properties

of the membrane including myocyte excitability (ability to reach threshold), intracel-
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lular resistance (determined by ionic composition in the sarcoplasm), gap junctional
resistance, and the cross-sectional area of the cell. The magnitude of the Iy, upstroke,
Vmax 18 also an important determinant of AP conduction velocity. The conduction ve-
locity in the fiber direction for normal human ventricular myocardium is 68 cm/s [33].

Normal tissue level electrophysiology promotes uni-directional propagation of the AP.

Alterations in heart failure

In HE, AP morphology is altered by changes in membrane protein channel ac-
tivity affecting intracellular Ca?" dynamics and repolarization. The APD in failing my-
ocytes is prolonged in human ventricular myocytes compared to non-failing myocytes.
The main causes include enhanced Nat/Ca?* exchanger activity and reduced inward
rectifying K™ and Na™/K™ current [3, 23]. These changes slow the rate of repolariza-
tion by decreasing outflow of positive charge from the sarcolemma. For example, de-
crease in I activity retards repolarization and resting membrane depolarization [14].
In addition, reduced I, current density [3] which leads to delayed and blunted phase 1
repolarization and loss of the notch. Increased enhanced Nat/Ca?* exchanger current
and reduced activity of the Ca>* ATPase [9, 29], especially at high heart rates, leads
to slowed Ca’* uptake into the SR which reduces the available SR Ca’>* and depresses
the Ca®* transient peak for subsequent beats. Ic,. current density and kinetics remain
unchanged. Other evidence has shown that K™ leak current Ije,i is increased, and the
slow part of repolarization Ik is decreased.

Consequences of the cellular alterations in heart failure manifest on the tissue
scale. Delayed membrane repolarization increases susceptibility to arrhythmogenesis;
spontaneous Ca”* release events from the sarcoplasmic reticulum can trigger afterdepo-
larizations and initiate ectopic beats [6, 12]. In DCM, the ventricles dilate and increase
in volume while the wall thins. Fibrosis also blunts conduction velocity and anisotropy.
Depressed [Ca®*t] levels weaken contractility. Slowed or blocked conduction through
ischemic or infarcted myocardium can interrupt AP propagation and electrical activation

pattern.
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4.1.2 Numerical methods for electrophysiology simulation
Solution techniques

Solutions to the systems of ODE and PDE equations for electrophysiology can
be approximated by various numerical methods that are implemented by computer code
[16]. Time-dependent ODE’s are integrated by explicit [35], implicit [11], and semi-
implicit [13] Euler, Runge-Kutta, or Rush-Larsen [31] schemes and variants. Time-
and space-dependent PDE’s for distributed currents in the ventricle are solved on a
discretized geometric domain of a given type of element and interpolation function,
(e.g. hexahedral cubic Hermite finite elements) using matrix solvers of the direct (e.g.
Cholesky factorization) [15, 28] or iterative (e.g. conjugate gradient) [27, 28] type. Ad-
ditional strategies and techniques for increasing computational speed include various
forms of matrix preconditioning, mass matrix lumping, and operator splitting [32]. The
complete simulation and solution code can be deployed on system architectures with
shared memory, distributed memory, serial memory, etc. The total composition of nu-
merical solution techniques complexly affects the behavior, stability, and accuracy of
the model [19].

Convergence analysis

An important aspect of numerical performance and accuracy is the resolution of
time and space discretizations of ODE and PDE integration; ODE solvers take finite time
steps At, and the discretized mesh is comprised of elements with a mean edge length Ax.
Adequate spatiotemporal resolution is necessary not only to capture rapid details of AP
electrogenesis and propagation, but also to ensure correct numerical solution behavior
and stability. In realistic electrophysiology models of human ventricular tissue, high
resolution is requisite by the presence of large potential gradients on the 1 mm and
1 ms space and time scales due to the rapid Na™ depolarization current. Inadequate
resolution of time and space steps produces spurious model behavior and inaccurate
solutions such as errors in conduction velocity and appearance of corners in smoothly
curved wavefronts or oscillations near the AP upstroke and wavefront [21].

As spatiotemporal resolution increases, discretization errors decrease and solu-
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tions converge to true values. For a given model (with a constant set of parameters, ini-
tial and boundary conditions) and solution code, convergence is evaluated by comparing
differences in results at different spatiotemporal resolutions. Convergence is established
at a resolution where solutions are within 10% of an established benchmark solution
computed from a model with extremely fine resolution (0.0001 cm). The choice of
convergence criteria and accuracy requirements depends on which properties are most
relevant to the question of the model. For problems of uni-directional AP propagation,
the local activation time defined by the zero potential-crossing of the AP upstroke is a
simple spatiotemporal metric of conduction velocity that is easily computed, stored, and
compared for solution verification.

Depending on the implementation, computational costs can scale nonlinearly
with problem size, as is the case where doubling 3D spatial resolution can increase
expense by a factor of eight [4]. Furthermore, an economic balance between model
accuracy and computational cost is crucial for feasibility of patient-specific modeling
in the clinic. Simulation times should be on the order of minutes to several hours to
support timely clinical decision making. Model accuracy should be practically lim-
ited by the resolution of clinical measurements used to parameterize and validate the
model in the first place; excess model accuracy relative to measurement would not have
clinically meaningful value and thus expend unnecessary computational resource. Elec-
troanatomic mapping is a gold standard clinical modality for measuring regional endo-
cardial activation times to within 5 ms accuracy and may be used to establish reasonable
limits to patient-specific electrophysiology simulations of activation time.

Therefore, it is important to define a patient-specific model of electrophysiology
of sufficient accuracy and reasonable computational cost. We will run simulations of
reaction-diffusion AP propagation using multiple resolutions of a high-order finite ele-
ment geometry of human ventricles and compute local activation times. We will further
characterize convergence based on the physicality of the reaction-diffusion problem,
verify it by comparing solutions to a benchmark case, and estimate the cost of running

such simulations.
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4.2.1 Computational models of electrophysiology

Biophysically detailed mathematical models of electrophysiology quantitatively
reflect an integrated system of molecular, electrical, and structural properties at the cel-
lular and tissue scales. We briefly review the underlying mathematical basis, based on
biophysical principles, in order to highlight key electrophysiological features and how
their multi-scale changes in HF can be accounted for in the model. For a more critical
overview of electrophysiology modeling, see the review by Clayton et al [4].

It is important to first consider several implicit assumptions of cellular and tis-
sue models that are important for the interpretation of simulation results. Cardiac tis-
sue is assumed to be a continuum whose conduction properties are time independent.
Moreover, properties are uniformly distributed or varied smoothly through space. The
properties of the cardiac tissue continuum arise from the properties of myocytes or ex-
tracellular space only; explicit contributions from other types of cells (e.g. fibroblasts)
and structures (e.g. ECM) are ignored. Parameter values have important consequences
for accuracy, validity, and interpretation of models, but are often are difficult to obtain
and verify. In the case of patient-specific model development, clinical measurements of
the AP are not standard, and it is currently not possible to adjust parameters on an indi-
vidual basis. Therefore, patient-specific models of cell electrophysiology are uniformly

based on experimentally observed, qualitative features of failing ventricular myocytes.

Action potential electrogenesis in cardiomyocytes

At the scale of myocyte, the AP is generated by a specific time course of mem-
brane depolarization and repolarization modulated by the transmembrane flow of ionic
species through the activation, inactivation, and recovery of voltage-sensitive protein
channels. The total current density I, (A/m>) across the capacitative membrane is the
sum of ionic currents generated by the flow of various ionic species through their asso-

ciated protein channels:
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av,
Imzcm—m+§ I, 4.1)
&

where Cy, is the cellular membrane capacitance (F/m?), Vi, is the membrane potential
(mV), I is the total current density generated by ionic species s (e.g. Na®, Ca>T, and
K™), and 7 is time. Ohmic ion currents are described by a Hodgkin-Huxley formalism
where current density is a function of channel conductance, various channel protein

subunits or “gate” states, and the driving potential:

I=Guxlx? .. XV —V,), (4.2)

where Gy is the maximal conductance of the ion channel for species s, x; is the time-
dependent state of the nth gating variable, and V; is the equilibrium (Nernst) potential of
species s. Gating variable state values vary in [0, 1] and represent active, inactive, and
refractory states. The state dynamics of each gating variable are time-dependent and can

be generally formulated as:

dxy  Xgoo(Vin) — s
dr Ts(Vin)
where x;. is the steady-state value of the gating variable and 7y is the time constant for

, 4.3)

recovery to steady-state following perturbation of membrane voltage. The kinetic prop-
erties of the channel gates can be determined by fitting model parameters to match mea-
sured dynamic and steady-state currents obtained by voltage-clamp experiments [10].
More recent ionic models account for the concentration of important ionic species [s]
(i.e. Ca®") which is affected by k types of ion channels and pump and exchanger cur-

rents which carry the species s:

Y I (Vin,s). (4.4)

k
Such a description allows realistic simulation of Ca>* transients to study how changes
in AP morphology affect excitation excitation-contraction coupling.

To date, the most biophysically detailed and realistic model of human ventricular
myocyte electrophysiology has been developed by Ten Tusscher and Panfilov [33]. It

includes descriptions of all major channel, pump, exchanger, and background currents
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for Na™, Ca?t, and K+ (19 ODE:s in total) fitted to measurements from voltage-clamp
experiments. Heterogeneous channel properties are described for epicardial, mid-wall,
and endocardial myocytes which differ primarily in APD. Furthermore, detailed de-
scriptions of intracellular Ca?>* handling include diffusion between cell compartments
(dyadic cleft and intracellular space) and Ca’* release and uptake by the SR. Realistic
Ca’™ transients allows the possibility for direct coupling to realistic models of sarcom-
ere excitation-contraction.

Known alterations of channel kinetics in DHF can be incorporated by augment-
ing or diminishing parameter values including maximum conductivities and state tran-
sition rates to match quantitative experimental measurements or qualitative behavior if
measurements are not available. To capture AP morphology changes in DHF, param-
eters in the Ten Tusscher model were adjusted accordingly: transient-outward channel
conductance Gy, was reduced to 65% of its normal value, maximal current In,ca, Was el-
evated by 200% of its normal value, SR Ca®* handling was reduced by reducing the SR
volume to 60%, maximal conductance Gieax of background CaZt leak current was in-
creased by 32%, maximal conductance Gg; of Ixs was decreased by 40%, and maximal

conductance Gk of Ix; was decreased by 50%.

Cardiac action potential propagation in tissue

Models of AP propagation cardiac tissue describe the electrotonic flow of current
within an excitable continuum with smooth variations in properties such as fiber orienta-
tions. The passive electrical conductivities of the extracellular (ECM) and intracellular
(sarcoplasm) cardiomyocyte domains determine the conduction velocity. Excitable car-
diomyocytes actively generate APs through the total transmembrane ionic current fluxes
I,. The macroscopic behavior of electric current flow is governed by Kirchhoff’s current

law, where the total intracellular (i) and extracellular (e) current is conserved:

V-(Ji+1Je) =0, 4.5)
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where
Ji = —GiVP;

Je - _Gev¢e.

(4.6)

Ji and J. are current densities, Gi and G, are conductivity tensors, and ®; and P, are po-
tentials in the intracellular and extracellular domains. The negative sign defines current
flow in the direction of decreasing potential (negative gradient). The transmembrane po-

tential Vi, is the difference between the intracellular and extracellular domain potentials:
Vm - (bl - (be. (4.7)
In terms of the transmembrane potential, the final system of equations becomes:

V. ((G1+Ge)q)e) = —V. (GiVVm)7

(4.8)
V-Gi(VVn+ V@) = x(Cul¥m+Y,1),

where ¥ is the cellular surface-to-volume ratio. I, is the total transmembrane current
density in ((4.1)), and it is at this point where the cellular AP reaction is coupled to
electrotonic diffusion . This system is known as the “bidomain” model because it
captures the change in the transmembrane potential due to differences in conduction
anisotropy between the extracellular and intracellular domains. Mathematically, the
bidomain equations describe a PDE system of the Poisson type. Boundary conditions
are typically prescribed as zero potential flux in the normal direction n to the ventricular

borders:
n-(G.Vd,) =

n-(G;V(Vp+®.)) = 0. (4.9)

If conduction anisotropies for intracellular and extracellular domains are as-
sumed to be related linearly by a constant:

G. = AG;, (4.10)

the bidomain equations ((4.8)) simplify to the monodomain equation:

dVy
dr

In + Iapplied

=V (DVVy) — C ,
m

(4.11)
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where D is the local conductivity tensor (m?/s) and Lipplied 18 an externally injected cur-
rent (e.g. pacemaker lead stimulation). The conductivity tensor D is a scaling of the
original intracellular conductivity:

XCm

(4.12)

The monodomain approximation is warranted in cases where current injection into
the extracellular domain can be ignored; even without taking into account unequal
anisotropy ratios, the bidomain and monodomain models produce similar activation pat-
terns in unidirectional propagation [22] and spiral tip trajectories in reentrant rotor [24]
simulations. The conductivity tensor D varies spatially with the local fiber orientation
and is defined as:

D = Diff" + D,ss” +D3nn’ | (4.13)

where D1, D,, D3 are principal conductivities in orthotropic fiber, sheet, and sheet-
normal directions coincided by unit vectors f, s, and n such that ff7 +ss” +nn” =11

is the identity matrix).

4.2.2 Numerical convergence

A convenient means to evaluate system behavior in different parameter regimes
involves algebraic combinations of parameter variables into dimensionless numbers. For
reaction-diffusion systems (defined originally for catalyst pellet reactions), the Thiele
modulus captures the ratio of reaction rate to diffusion rate [34], reflecting the nonlin-
earity of the system. Dimensionless numbers are also useful for evaluating numerical
system behavior to estimate the ease of achieving converged solutions. In a numerical
reaction-diffusion system, the local or cell Thiele modulus characterizes system behav-
10r as:

where k is the reaction rate, 4 is the mean element line length, and D is the conductivity.
Thc describes the numerical system behavior as affected by the mesh, ionic model, and
conduction parameters. The value of Th¢ reflects the ratio of the numerical characteris-

tic reaction rate (ODE time step) and length (mean element edge length) to the diffusion
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constant. Quarteroni et al. showed how spurious oscillations appear near rapid features
of the solution, particularly at the AP upstroke, when Thc > 1 and disappear The < 1,
resulting in truer AP profiles. The cell Thiele modulus, as a descriptor for the effect
of model parameters on solution convergence, provides an index by which parameter
combinations may be judiciously chosen to guarantee converged solutions. Th¢e number
can therefore serve as a useful metric for convergence behavior given the parameters of

the numerical system.

4.2.3 Numerical solution scheme

Operator splitting [32] was employed to separate the reaction (ODE) and diffu-
sion (PDE) components of the monodomain equation and solve them in series. The sys-
tem of ODEs representing the cell ionic model was first updated using a single-iteration
backwards Euler solver [17]. The ODEs were evaluated at each Gauss-Legendre quadra-
ture point in the computational mesh, and these calculations were accelerated by solving
them on an NVIDIA GPU. The voltages and local derivatives at the quadrature points
were interpolated to nodal voltages. The global linear system was solved with a bicon-
jugate gradient method implemented in PyTrilinos [28] using an incomplete LU factor-
ization for the preconditioner. Finally, the updated voltage solution was evaluated at the
quadrature points before the next time step. All computations were performed using the

finite element software Continuity 6 (http://continuity.ucsd.edu/).

4.2.4 Patient-specific model and simulations

Action potential propagation simulations were conducted in a previously de-
scribed patient-specific finite element model of dilated ventricles [36]. Chapter 2 deals
in detail with patient-specific mesh generation from clinical image data, and Chapter
3 discusses a method to estimate the fiber architecture. In summary, CT images of
a patient (BiV2) with DCM in DHF were segmented, triangulated, and smoothed. A
template 3D hexahedral mesh with 132 linear elements and extraordinary vertices was
manually fitted to the triangulation. High-order Hermite parameters were estimated by

a subdivision-surface scheme [7] resulting in a smooth C1 continuous geometry with a
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total of 8,448 degrees of freedom. The RMS error of the mesh surfaces to the triangu-
lated surfaces was on the order of 2 mm. The mean edge length of the final mesh was
h=12cm.

The parent mesh was further subdivided in a 1-to-8 fashion to generate child
meshes of incrementally decreasing line lengths. The resulting meshes had of 7 = 0.6
cm (1,056 elements), &~ = 0.3 cm (8,448 elements), 4 = 0.15 cm (67,584 elements), and
h = 0.075 cm (540,672 elements). Fiber architecture was estimated for the mesh with
1,056 elements and interpolated in further subdivisions. Transversely anisotropic con-
ductivities were assigned at 0.0346 mS/mm in the fiber direction and 0.00494 mS/mm
in the cross-fiber and sheet directions. A stimulus was applied at 50,000 uA/cm? for a
duration of 2 ms to a small region on the endocardium of the right ventricular free wall
to simulate LBBB.

4.3 Results

4.3.1 Action potential morphology

AP and Ca’" transients were simulated for normal and failing epicardial, mid-
wall, and endocardial myocytes. Figure (4.1) shows the AP’s and Ca®* transients. APD
prolongation for all failing myocyte types compared to normal myocytes is evident; pro-
longation differs between cell types (endocardial: 75 ms; mid-wall: 50 ms; epicardial:
100 ms). The degree of early phase 1 repolarization is also blunted and delayed, evident
in the the loss of the notch. The rate of phase 3 repolarization is also slowed in all cell
types. The intracellular Ca®* transient is slowed, and its peak magnitude is blunted by
as much as 50% in all types of failing myocytes. Diastolic recovery is also delayed and
monotonically decreases. These features in AP morphology and Ca®T are consistent
with findings of AP morphology in failing myocytes and reflect changes in Ca?* and

K™ channel dynamics and currents.
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4.3.2 Activation pattern

We compared the nodal activation times between one fully converged electro-
physiology solution and three less-converged solutions to determine the sufficiency of
convergence of the latter solutions; sufficient convergence was achieved when the global
error compared to the fully converged solution was on the order of uncertainty as clin-
ical measurements of electrical activation time obtained by electroanatomic mapping;
the uncertainty of clinical measurements is on the order of 5 msec [36].

Electrical propagation in a patient-derived human biventricular mesh was sim-
ulated at four levels of spatial refinement resulting in simulations with an average cell
Thiele modulus in the primary direction of propagation of 1.0, 4.0, 16.2, and 64.8 for
the four mesh refinements. For this exercise, the simulation with The = 1.0 was con-
sidered fully converged. Activation times in the three less-converged simulations were
compared to the converged activation times at node locations from the coarsest mesh
(Figure (4.2)). Since propagation of the high cell Thiele modulus simulations was too
fast, the total activation time for those simulations was scaled to give a regression line
with a slope of 1.0. The Bland-Altman plot in Figure (4.2) B comparing the scaled acti-
vation times and the fully converged activation times identifies a pattern of outliers (>2
standard deviations) that were too fast compared to the fully converged solution. These
outliers were located in the basal right ventricular free wall. The root-mean-squared
(RMYS) error between fully converged activation pattern and the scaled unconverged ac-
tivation patterns decreases as the Thiele modulus decreases toward 1.0 (Figure (4.2) C).
The RMS error was less than 5 msec for all three unconverged simulations and twice

the RMS error was less than 5 msec for the The = 4.0 and The = 16.2 simulations.

4.4 Discussion

The verification of model results computed by complex solution codes presents
a challenging task. Recently, Niederer et al. [18] introduced an N-version benchmark
problem for which research groups in the electrophysiology simulation community can
participate to solve a canonical problem in order to verify the correctness of solutions ob-

tained by their respective implementations and codes. The problem posed well-defined
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geometries, fiber orientations, conductivity, and AP propagation parameters. The so-
lution method was left for the participating groups to freely choose. Activation time
solutions at the mesh nodes were compared (rigorously by the L? norm). The study
found large discrepancies in total (latest) activation time in the mesh, even at high spa-
tial and temporal resolutions, attributed to differences in solution techniques (e.g. mass
lumping [19] and ionic current solution interpolation [20]), revealing important sources
of solution bias and error that were previously unknown. A main conclusion of the
benchmark study was that spatial resolution required for activation time convergence
was higher (0.1 mm) than previously thought (0.25 mm) [5]. One limitation of the study
is that it did not evaluate solutions produced by high-order interpolation techniques.
High-order schemes of the monodomain problem have been shown to have better con-
vergence properties compared to linear interpolation schemes with the same number
of degrees of freedom [1]. Here we have demonstrated that that high-order solution
methods indeed have faster convergence properties with fewer elements. Moreover, the
Thiele modulus is a more useful estimator of convergence than mean element line length
alone.

For patient-specific modeling, identification of suitable convergence criteria and
subsequent validation are important for model accuracy and economy. The local cell
Thiele modulus shows that for a given mesh of mean line length /4 and chosen ionic
model with characteristic reaction rate k, the electrical conductivity D determines the
value of Th¢ and the degree of convergence. The value for D is roughtly estimated by
the total activation time (QRS duration). However, in the case of DCM with LBBB, pro-
longed QRS durations are a result of enlarged ventricles, abnormal activation sequence,
and slowed conduction. In terms of modeling, slowed conduction and larger elements
will result in a higher Thc and less-converged solutions, particularly when computa-
tional costs limit the minimum /4 and total number of elements in the mesh. We have
demonstrated that although the absolute activation times solved by the model vary as a
function of conductivity, the activation pattern remains similar for different conductivi-
ties. Therefore, one is able to scale activation times solved from a converged simulation
with fast conduction to a situation with prolonged QRS duration in order to estimate

absolute activation times and patterns in models of LBBB. This provides a strategy to
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execute simulations of cardiac electrophysiology with better accuracy at greatly reduced

computational cost.

4.5 Conclusion

We have described the basis for electrophysiology models of action potential
genesis and propagation in failing myocytes and important numerical considerations for
simulation. The main quantity of interest for patient-specific electrophysiology model-
ing is the electrical activation pattern. We demonstrated that fully converged simulations
were not required for the purposes of validating simulated electrical activation times to
electroanatomic mapping measurements with sufficient accuracy. The cell Thiele mod-
ulus Thc is a useful index to estimate the degree of solution convergence and deter-
mine suitable model parameters (i.e. conductivity, mesh resolution, reaction kinetics) to

achieve sufficient convergence.
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Figure 4.1: Action potentials and Ca®" transients in normal and failing myocytes. Shown here
are single-cell simulations of normal and failing myocytes in endocardial, mid-wall, and epicar-
dial regions [33]. Prominent features of AP morphology in failing myocytes include prolonged
APD and slowed repolarization rates. [Ca®>"] transients in failing myocytes feature depressed
peak [Ca®*] and slowed diastolic recovery.



98

"uonB[UWIS Y} JO SNNPOW AL, [[99 Y} YIIM SISBAIOIP surdyed
UOTIBATIOR PIZIOAUOD A[[NJ pUB PISIOAUOIUN Y} UIM]Iq JOIId pasenbs ueowr 1001 Ay, (D) "OUI] UOISSAITII AU} WOIJ S[ENPISAI Y} UT SUOTIBIAID
pIepuE)S 0M] I8 SQUI[ USY0Iq 9Y) PUB SUONN[OS OM] A} UOMIOq OUIQIP ueaw o) Juasaidar saury prjos a1aym joid ueuny-pue[q e suisn
SOUWIT) UOTIBATIOR PASISAUOD I} 0) ParedwIod e SAUWIT) UOTIBATIOR PI[BIS 9SAY L, "()' [ JO 2dO[S B Ul UOISSAIFII O} SAIS 0] PA[eIS U} AIoM UOTIBIO[
PaS1oAuOOUN AY) UT SOWIT) UONBALIIOR AU, () "UI] USYOIq B SB UONN[OS PISISAUOIUN (OB IOJ UMOYS dIB SOUI[ UOISSAITIY "UONN[OS 9oUIIJAI () |
= Oy ],) poSI9AUOD B WOIJ YSOW Y} UO UOIIBIO[ dWES Y} I8 sawl} uoneande jsurese pano[d are (849 = dY, - poI pue ig'9] = Oy, - on[q ‘0'{ =
Jy, - yoe[q) suonernuwrs A30[01sAYdonoo[e paSIoAuOIUN 991y} WOIJ SAUWT) UONBATIOY (V) "UOSLIEAWOD 90UQSI0AUO0D QW) UOHBAIIOY T { 9In3I]

SMNAOKW 313IHL 113D (SW) JWLL NOLLYALLDY NY3W (5W) WL NOLLVALLDY Q3DH3ANOD
oL 09 0 or 0 0z 01 % 09 0S or (3 0z o1 O9z- 09 0S or 0€ 0z o1 %

51~ c

* iz A o1

Q o

S or-§ -

z =) m

. (B 2 0z 3

= - m

3 . S
m

. ¢ M o 0 m
]

m A 5

o = =}

1 niw m. ot =

: : ;

- m

X 3 053

= o

o
Q
8
o
2
<<



99

Bibliography

1.

10.

Arthurs, C. J., Bishop, M. J., Kay, D., 2012. Efficient simulation of cardiac electri-
cal propagation using high order finite elements. Journal of computational physics
231 (10), 3946-3962.

Bers, D. M., 2002. Cardiac excitation—contraction coupling. Nature 415 (6868),
198-205.

Beuckelmann, D. J., Ndbauer, M., Erdmann, E., 1993. Alterations of k+ currents
in isolated human ventricular myocytes from patients with terminal heart failure.

Circulation research 73 (2), 379-385.

Clayton, R., Bernus, O., Cherry, E., Dierckx, H., Fenton, F., Mirabella, L., Panfilov,
A., Sachse, F., Seemann, G., Zhang, H., 2011. Models of cardiac tissue electro-

physiology: progress, challenges and open questions. Progress in biophysics and
molecular biology 104 (1), 22-48.

. Clayton, R., Panfilov, A., 2008. A guide to modelling cardiac electrical activity

in anatomically detailed ventricles. Progress in biophysics and molecular biology
96 (1), 19-43.

Curran, J., Brown, K. H., Santiago, D. J., Pogwizd, S., Bers, D. M., Shannon, T. R.,
2010. Spontaneous ca waves in ventricular myocytes from failing hearts depend
on ca 2+-calmodulin-dependent protein kinase ii. Journal of molecular and cellular
cardiology 49 (1), 25-32.

. Gonzales, M. J., Sturgeon, G., Krishnamurthy, A., Hake, J., Jonas, R., Stark, P.,

Rappel, W.-J., Narayan, S. M., Zhang, Y., Segars, W. P., 2013. A three-dimensional
finite element model of human atrial anatomy: new methods for cubic hermite
meshes with extraordinary vertices. Medical image analysis 17 (5), 525-537.

. Grines, C. L., Bashore, T., Boudoulas, H., Olson, S., Shafer, P., Wooley, C., 1989.

Functional abnormalities in isolated left bundle branch block. the effect of interven-
tricular asynchrony. Circulation 79 (4), 845-853.

Hasenfuss, G., Reinecke, H., Studer, R., Meyer, M., Pieske, B., Holtz, J., Hol-
ubarsch, C., Posival, H., Just, H., Drexler, H., 1994. Relation between myocardial
function and expression of sarcoplasmic reticulum ca (2+)-atpase in failing and
nonfailing human myocardium. Circulation research 75 (3), 434-442.

Hodgkin, A. L., Huxley, A. F., 1952. A quantitative description of membrane cur-
rent and its application to conduction and excitation in nerve. The Journal of physi-
ology 117 (4), 500-544.



1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

100

Hooke, N., Henriquez, C., Lanzkron, P., Rose, D., 1994. Linear algebraic transfor-
mations of the bidomain equations: implications for numerical methods. Mathemat-
ical biosciences 120 (2), 127-145.

Hove-Madsen, L., Llach, A., Bayes-Genis, A., Roura, S., Font, E. R., Aris, A.,
Cinca, J., 2004. Atrial fibrillation is associated with increased spontaneous cal-
cium release from the sarcoplasmic reticulum in human atrial myocytes. Circulation
110 (11), 1358-1363.

Keener, J., Bogar, K., 1998. A numerical method for the solution of the bidomain
equations in cardiac tissue. Chaos: An Interdisciplinary Journal of Nonlinear Sci-
ence 8 (1), 234-241.

Koumi, S., Backer, C. L., Arentzen, C. E., 1995. Characterization of inwardly rec-
tifying k+ channel in human cardiac myocytes alterations in channel behavior in
myocytes isolated from patients with idiopathic dilated cardiomyopathy. Circula-
tion 92 (2), 164-174.

Li, X. S., Demmel, J. W., 2003. Superlu_dist: A scalable distributed-memory sparse
direct solver for unsymmetric linear systems. ACM Transactions on Mathematical
Software (TOMS) 29 (2), 110-140.

Lines, G., Buist, M., Grottum, P., Pullan, A., Sundnes, J., Tveito, A., 2003. Mathe-
matical models and numerical methods for the forward problem in cardiac electro-
physiology. Computing and visualization in science 5 (4), 215-2309.

Lionetti, F. V., McCulloch, A. D., Baden, S. B., 2010. Source-to-source optimiza-
tion of cuda c for gpu accelerated cardiac cell modeling. In: Euro-Par 2010-Parallel
Processing. Springer, pp. 38—49.

Niederer, S. A., Kerfoot, E., Benson, A. P., Bernabeu, M. O., Bernus, O., Bradley,
C., Cherry, E. M., Clayton, R., Fenton, F. H., Garny, A., 2011. Verification of car-
diac tissue electrophysiology simulators using an n-version benchmark. Philosoph-
ical Transactions of the Royal Society A: Mathematical, Physical and Engineering

Sciences 369 (1954), 4331-4351.

Pathmanathan, P., Bernabeu, M., Niederer, S., Gavaghan, D., Kay, D., 2012. Com-
putational modelling of cardiac electrophysiology: explanation of the variability of
results from different numerical solvers. International journal for numerical meth-
ods in biomedical engineering 28 (8), 890-903.

Pathmanathan, P., Mirams, G. R., Southern, J., Whiteley, J. P., 2011. The signif-
icant effect of the choice of ionic current integration method in cardiac electro-
physiological simulations. International Journal for Numerical Methods in Biomed-
ical Engineering 27 (11), 1751-1770.



21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

101

Pezzuto, S., 2013. On the effect of a coarse space discretization in electrophysiol-
ogy.

Potse, M., Dubé, B., Richer, J., Vinet, A., Gulrajani, R. M., 2006. A comparison
of monodomain and bidomain reaction-diffusion models for action potential propa-

gation in the human heart. Biomedical Engineering, IEEE Transactions on 53 (12),
2425-2435.

Priebe, L., Beuckelmann, D. J., 1998. Simulation study of cellular electric proper-
ties in heart failure. Circulation research 82 (11), 1206-1223.

Roth, B. J., 2001. Meandering of spiral waves in anisotropic cardiac tissue. Physica
D: Nonlinear Phenomena 150 (1), 127-136.

Rudy, Y., Quan, W., 1987. A model study of the effects of the discrete cellular
structure on electrical propagation in cardiac tissue. Circulation Research 61 (6),
815-823.

Rudy, Y., Silva, J. R., 2006. Computational biology in the study of cardiac ion
channels and cell electrophysiology. Quarterly reviews of biophysics 39 (01), 57—
116.

Saad, Y., 2003. Iterative methods for sparse linear systems. Siam.

Sala, M., Spotz, W. F, Heroux, M. A., 2008. Pytrilinos: High-performance
distributed-memory solvers for python. ACM Transactions on Mathematical Soft-
ware (TOMS) 34 (2), 7.

Schwinger, R. H., Bohm, M., Schmidt, U., Karczewski, P., Bavendiek, U., Flesch,
M., Krause, E.-G., Erdmann, E., 1995. Unchanged protein levels of serca ii and
phospholamban but reduced ca2+ uptake and ca2+-atpase activity of cardiac sar-

coplasmic reticulum from dilated cardiomyopathy patients compared with patients
with nonfailing hearts. Circulation 92 (11), 3220-3228.

Spach, M. S., Kootsey, J. M., 1983. The nature of electrical propagation in cardiac
muscle. American Journal of Physiology-Heart and Circulatory Physiology 244 (1),
H3-H22.

Sundnes, J., Artebrant, R., Skavhaug, O., Tveito, A., 2009. A second-order algo-
rithm for solving dynamic cell membrane equations. Biomedical Engineering, IEEE
Transactions on 56 (10), 2546-2548.

Sundnes, J., Lines, G. T., Tveito, A., 2005. An operator splitting method for solving
the bidomain equations coupled to a volume conductor model for the torso. Mathe-
matical biosciences 194 (2), 233-248.



33.

34.

35.

36.

102

ten Tusscher, K. H., Panfilov, A. V., 2006. Alternans and spiral breakup in a human
ventricular tissue model. American Journal of Physiology-Heart and Circulatory
Physiology 291 (3), H1088—H1100.

Thiele, E., 1939. Relation between catalytic activity and size of particle. Industrial
& Engineering Chemistry 31 (7), 916-920.

Vigmond, E. J., Aguel, F.,, Trayanova, N. A., 2002. Computational techniques for
solving the bidomain equations in three dimensions. Biomedical Engineering, IEEE
Transactions on 49 (11), 1260-1269.

Villongco, C. T., Krummen, D. E., Stark, P., Omens, J. H., McCulloch, A. D., 2014.
Patient-specific modeling of ventricular activation pattern using surface ecg-derived
vectorcardiogram in bundle branch block. Progress in biophysics and molecular
biology 115 (2), 305-313.



Chapter 5

Estimation of Ventricular Activation
Pattern During Bundle Branch Block

Using Vectorcardiograms

Abstract

Patient-specific computational models have promise to improve cardiac disease
diagnosis and therapy planning. Here a new method is described to simulate left bundle
branch block (LBBB) and RV-paced ventricular activation patterns in three dimensions
from non-invasive, routine clinical measurements. Activation patterns were estimated in
three patients using vectorcardiograms (VCG) derived from standard 12-lead electrocar-
diograms (ECG). Parameters of a monodomain model of biventricular electrophysiol-
ogy were optimized to minimize differences between the measured and computed VCG.
Electroanatomic maps of local activation times measured on the LV and RV endocardial
surfaces of the same patients were used to validate the simulated activation patterns. For
all patients, the optimal estimated model parameters predicted a time-averaged mean
activation dipole orientation within 6.7 0.6° of the derived VCG. The predicted local
activation times agreed within 11.5 0.8 ms of the measured electroanatomic maps, on

the order of the measurement accuracy.
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5.1 Introduction

The sequence of electrical excitation in the ventricles of the heart is an important
indicator of cardiac health and disease. Intrinsic cardiac electrical conduction disorders,
such as left bundle branch block (LBBB), are detrimental to normal mechanical syn-
chrony and pump efficiency. In device-based treatments for heart failure (HF) such
as cardiac resynchronization therapy (CRT) (i.e. biventricular pacing), the therapeu-
tic response is dependent on the patient-specific baseline electrophysiological substrate
[28, 40]. The most important electrophysiological characteristic is the myocardial acti-
vation pattern.

Electrocardiographic imaging (ECGI) [33, 41] and noninvasive imaging of car-
diac electrophysiology (NICE) [27] have advanced rapidly in the last decade, and their
clinical use has grown. ECGI and NICE estimate distributions of extracellular potential
and electrical activation, respectively, on the epicardial surface of the heart from body-
surface potential recordings on a subject’s torso. Estimates are based finding inverse

solutions to the forward problem of electrophysiology:

by = Zdy (5.1

where ®g is a vector of the electrical source distribution on the surface of the heart, ®p
is a vector of the potential distribution on the body surface, and Z is the transfer matrix of
the passive volumetric conduction of the thoracic cavity tissue and fluids. ECGI makes
use of a pericardial potential source model for @y, while NICE uses an equivalent dou-
ble layer source model. The potentials ®p are typically sampled over the torso (~ 250
locations in ECGI, ~ 64 locations in NICE) and recorded as electrocardiograms; Z can
be modeled as an isotropic conducting medium (using the boundary element method) or
as a three-dimensional torso with prescribed conductivities (using finite volume or finite
element methods). Though a unique relationship between body-surface and epicardial
potentials exists in certain conditions [30, 43], the inverse problem is ill-conditioned
and sensitive to noise in Z or ®p. This problem is usually handled with numerical
regularization techniques [30, 26, 16, 25, 37, 14]. ECGI and NICE methods have been

successfully applied to a range of physiologic conditions including normal sinus rhythm,
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ventricular pacing, atrial flutter, ventricular tachycardia, bundle branch block [29], and
Wolff-Parkinson-White syndrome [5].

Preconditioning the inverse problem may also take the form of model-based con-
straints by conditioning ®p a priori with solutions from forward models of ventricular
excitation. Recent model-based approaches have been implemented and validated in
animal [19, 18, 24, 45, 20, 23] and human [10] studies. Using electrical activation mod-
els based on artificial neural networks and cellular automata, the results of these studies
agreed with measured surface electrocardiograms, activation times, and known source
locations within reasonable error bounds. One limitation of these approaches is the
computational expense of detailed excitation models. Recent advances in computing
power and GPU architecture, however, make physiologically detailed forward models
more feasible. Recently, Cluitmans et al. found that, compared with conventional reg-
ularization techniques alone, a training model with patient-specific epicardial geometry
and FitzHugh-Nagumo membrane kinetics, optimized to match vectorcardiographic fea-
tures, significantly improved the agreement between recorded electrocardiograms and
localization accuracy of known pacing sites compared to numerical regularization alone
[8].

In light of these advancements, we propose a model-based approach for estimat-
ing patient-specific myocardial electrical activation patterns. We used a forward mon-
odomain model of human ventricular action potential propagation in patient-specific
anatomical models approximated using high-order 3D biventricular geometry, human
fiber architecture, and regions of heterogeneous conductivities due to the presence of
myocardial infarction. From our excitation model, we approximated the total cardiac
dipole at each time and compared it to the vectorcardiogram (VCG) derived from the 12-
lead surface electrocardiogram (ECG). We hypothesized that the optimal combination of
excitation model parameters that minimizes a VCG objective function could predict ac-
tivation patterns within measurement limits. We validated computed activation patterns

directly using invasive electroanatomic maps of endocardial activation isochrones.
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5.2 Methods

5.2.1 Clinical study

Three male patients (ages 67, 71, 85) (74 £9 years) with left bundle branch
block, NYHA class III heart failure, and dilated cardiomyopathy were enrolled from
the Veteran’s Administration San Diego Healthcare System (San Diego, CA) into an
Institutional Review Board (IRB)-approved protocol after obtaining informed, written
consent. End-diastolic cardiac anatomy was obtained with CT imaging (GE Lightspeed,
GE Medical Systems, Milwaukee, W1, in-plane resolution of 0.49 x 0.49 mm, thickness
2.5 mm). Two patients with indications for myocardial ischemia underwent nuclear
perfusion imaging (technetium sestamibi, ECAM-2, Siemens Medical Solutions, Hoff-
man Estates, IL, resolution of 6.59 x 6.59 x 1 mm) to localize the affected regions; one
patient had an inferoseptal infarct, and another an inferior infarct. In the following in-
vasive electrophysiology study, standard 12-lead body-surface electrocardiograms were
recorded (Bard Pro, Bard Electrophysiology, Lowell, MA) at 1 kHz simultaneously with
non-fluoroscopic electroanatomic contact mapping (NavX, St. Jude Medical, St. Paul,
MN) of biventricular endocardial geometry and activation times. The electrocardio-
grams were printed to XPS file format, rasterized at 600 dpi (1.6 ms, 0.004 mV), and
resampled to 1 kHz. Intracardiac electrograms at the LV and RV endocardial surfaces
were recorded using a roving catheter with 3D tip localization [32, 42]. Activation times
were computed by first identifying the global activation time reference (1 = 0) at the ear-
liest onset of the QRS complex in body-surface leads I, II, aVF, and V1. Local activation
at the catheter in contact with the endocardial surface was then marked (with respect to
the global activation time reference) by the onset of the largest deflection in the recorded

electrogram.

5.2.2 Vectorcardiogram derivation

The cardiac dipole or “heart vector” is the net intracellular current that flows
from regions of higher intracellular potential to regions of lower potential at the activa-
tion and recovery wave fronts at a given instant in the myocardium. The magnitude of

the cardiac dipole is proportional to the effective intracellular conductivity of the tissue
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and the strength of the potential gradients, and its orientation is in the mean direction of

the propagating wave front:

Py = —/ o;VP,;dQ (5.2)
Q

where o; is the intracellular conductivity, ®; is the intracellular potential, and Q is the
geometric domain of the ventricular myocardium. Burger was one of the first to inves-
tigate the relationship between the cardiac dipole and body-surface electrocardiogram

recordings [6]:

by =Adg (5.3)

where @y is the cardiac dipole, ®p is the vector of electrocardiogram recordings on the
body surface ECG, and A is the matrix of transfer coefficients accounting for the passive
conductivity of the thoracic cavity tissue and fluids. This system is similar to the inverse
problem with the exception of the reduced dimensionality of @y as a lumped vector rep-
resenting the magnitude and mean orientation of the instantaneous potential distribution
in the myocardium. Prior studies [21, 11, 12] have determined general transformations
between the cardiac dipole and surface electrocardiograms by obtaining simultaneous
measurements of 12-lead ECG and Frank-lead VCG in a wide patient population and
minimizing the differences between derived and measured signals. In this study, we
utilize the inverse Dower and Kors transformations to derive VCGs from the surface

ECGs. The transformation coefficients are given in Table (5.1).

5.2.3 Patient-specific computational model
Anatomical model

Patient-specific finite element meshes of ventricular anatomy were generated
from the clinical CT and perfusion images together with previously described diffusion
tensor magnetic resonance images (DTI) from a cadaver heart [1]. Ventricular my-

ocardium from apex to the basal valve plane was identified in the CT images, manually
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segmented, and triangulated in ITK-SNAP (www.itksnap.org; [44]). The coordinate
frame of the resulting geometry was rotated to coincide with the ECG reference frame:
the positive x-direction corresponds to right to left (lead I), the positive y-direction cor-
responds to superior to inferior (lead aVF), and the z-direction corresponds to anterior
to posterior (~ lead -V1).

A generic biventricular control mesh (132 elements, AX ~ 12.5 mm) with linear
hexahedral elements was manually overlaid onto the endocardial and epicardial surfaces
of the triangulated segmentations. The resulting linear mesh was converted into a high-
order cubic Hermite mesh with extraordinary vertices [15]. The mesh was subdivided
thrice in a 1-8 fashion to the final level of refinement (67,584 elements, AX ~ 2 mm) for
electrophysiology simulations.

Regions of myocardial infarction were identified from sestamibi perfusion im-
ages during stress and rest in the two ischemic patients. The boundaries of the regions
were manually demarcated on the anatomical meshes by an expert cardiac electrophys-
iologist (DEK); Patient 1 had a posteroseptal infarction, and Patient 2 had an inferior
infarction. The regions were registered in the anatomical model as a binary field of
normal and infarcted tissue.

The myofiber architecture was estimated empirically using a log-Euclidean inter-
polation framework previously described [22, 1, 13, 3] for registering DT-MR measure-
ments to the anatomical models. Briefly, DT-MR images of an isolated human donor
heart were obtained. The reconstructed diffusion tensors were fitted as a field of the
log-transformed components in a corresponding anatomical mesh to interpolate local
fiber, sheet, and sheet-normal axes. The fiber orientations in the resulting model were
mapped to each patient via large-deformation diffeomorphic mapping [7] and reoriented
based on the 3D deformation gradients between the atlas and target patient ventricular
geometries to account for the effect of ventricular shape differences on fiber orienta-
tion [2]. The resulting fiber-sheet model formed the local basis of transversely isotropic

electrical conductivity with a fiber-sheet anisotropy ratio of 7.
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Electrophysiology model

Myocyte transmembrane potentials are described by a recent model of human
ventricular myocytes [36] which was modified to accommodate changes in channel ki-
netics during heart failure [1]. Action potential propagation was modeled in a mon-
odomain reaction-diffusion framework. Electrical conductivity in the ventricular do-
main was partitioned into LV and RV subendocardial regions (~ 3 mm transmurally),
infarct region, and the remaining bulk myocardium. The conductivity in the endocar-
dial regions was allowed to vary up to 10 times that of bulk myocardium [1] to account
for the fast conduction of the Purkinje system which was not explicitly modeled. In
infarcted regions, conductivity was isotropic and allowed to vary between 10%—90% of

that in the bulk myocardium.

5.2.4 Model parameter optimization to derived VCG

Electrophysiological parameters including a single ectopic stimulus site and elec-
trical conductivity values were optimized to simulate an activation sequence with a VCG
that best matched the measured VCG. Parameter ranges are summarized in Table (5.2).
Stimulus sites were sampled at 118 locations (~ 4 mm spacing) in the RV endocardium
spanning from apex to base and anterior to posterior septal junctions. Stimuli were ap-
plied for a duration of 5 ms at a magnitude of 80,000 uA/cm?. Electrical conductivity
in the sheet direction of the bulk myocardial regions (Opyx) Was sampled in the range
of 0.0001-0.004 cm?/ms. Electrical conductivity ratios with respect to Gk in the LV
(ALv) and RV (Ary) subendocardial regions were sampled in the range of 1 (myocardial
conduction) and 10 (fast Purkinje conduction). A simulation database of the solutions
of all possible parameter combinations was created for each patient (approximately 600
per patient). Due to the computational cost of searching the parameter space, we made a
first approximation of the optimal parameters in a coarse mesh (8448 elements, Ax ~ 4
mm). The approximate optimal stimulus location for the coarse mesh was found and
applied in the nominal mesh. The conductivities in the nominal mesh were adjusted to

match the total activation time of the initial optimal approximation.

We utilized an objective function 8 to compare the orientations of the simulated
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and measured cardiac dipoles:

arccos | L
o Ll BIE
a lot ;= “77?1| T

(5.4)

where at time 7, V" is the measured dipole (VCG), ¥ is the simulated dipole, 7% is
measured dipole at the R peak, ¥ is the simulated dipole at the R peak, and # is the
total measured activation time. The objective function computes the weighted time-
average of the dot products between the two dipoles. Note that 0 is computed between
3D dipoles and represents the maximal angle in the plane containing them. Weighting by
the relative strength of the measured signal gives more importance to deviations between

dipoles with greater magnitude.

5.3 Results

5.3.1 Clinical electrophysiological measurements

The recorded ECG and computed VCG for each patient are shown in Figure (5.1).
Indications for LBBB [9] include the following: QRS durations for Patient 1, Patient 2,
and Patient 3 were 152 ms, 148 ms, and 115 ms, respectively. All ECGs exhibited rS
patterns in leads V1-V3 which transitioned into RS patterns in the lateral leads. Dis-
cordant T waves are also a consistent feature in the precordial leads for all patients.
Mid-QRS notching was present in lead I and V6 for Patient 1 and lead II for Patient
2. In Patient 3, measurements were taking during right ventricular apex pacing which
closely approximates LBBB activation pattern. The RV pacing lead was positioned at
the posterior septal surface near the RV apex during an ICD insertion procedure. The
derived VCG loops were oriented primarily from RV to LV and apex to base, indeed
confirming a right to left activation sequence. In Patient 3, the loop was oriented anteri-
orly. We estimated a 12.5 4-2.2° variability in the derived VCGs between the Kors and
inverse Dower transformations by computing 6 between the two derived VCGs for each
patient.

We estimated the measurement error in the activation times and spatial coordi-
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nates of the electroanatomic contact maps. To estimate the timing error, we measured
the variability of the QRS onset as automatically detected for all beats in the surface
ECG for each patient and found it to be in the range of 7-11 ms. Assuming the same
uncertainty in the intracardiac electrogram of the roving catheter, the combined uncer-
tainty results in an activation time noise floor in the range of 10-16 ms. We accounted
only for measurements made by physical contact with the endocardial surface in our
analysis to minimize systematic and methodological bias by the electroanatomic map-
ping software which can densely interpolate endocardial surface geometries for the LV
and RV. The total number of contact measurements were 63 for Patient 1 (25 RV, 38
LV), 21 for Patient 2 (7 RV, 14 LV), and 22 for Patient 3 (11 RV, 11 LV). The contact
measurements were registered to the anatomical model by translation and rigid rota-
tion of the interpolated endocardial surfaces to the centers of the LV and RV cavities;
interpolated measurements representing the lateral walls were positioned closest to the
lateral walls of the model. Separate affine transformations were applied to the LV and
RV electroanatomic measurements for direct comparison to the nearest points on the en-
docardial surface of the anatomical model. The mean distance of the final measurement

locations to the model surfaces was 5 mm.

5.3.2 Optimization of cardiac dipole orientation

The objective 8 was computed for VCGs derived from both Kors and inverse
Dower transformations. A parameter set was identified as optimal if it ranked in the top
ten best parameter sets in both VCG comparisons and were within 10 ms of the mea-
sured total activation time. The simulated total activation times were 157 ms (152 ms
measured) for Patient 1, 150 ms (148 ms measured) for Patient 2, and 120 ms (115 ms
measured) for Patient 3. Figure (??) lists the optimal parameter values and correspond-
ing 0 values (compared to Kors only): 7.6° for Patient 1, 6.1° for Patient 2, and 6.5°
for Patient 3. The time course of 6 is shown in Figure (5.3) (A). For all patients, instan-
taneous O values were typically less than 10° and deviated by no larger than 20°. The
VCG traces of the measured and optimal VCG are compared in Figure (5.3) (B). The
morphologies and relative magnitudes of the simulated VCG components agree with the

measurements. The 3D orientations of the VCG loops are compared with respect to the
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ventricular anatomy in Figure (5.4). Predicted early activation sites in the RV shown in
Figure (5.5) (B) are located anteriorly in Patient 1, laterally in Patient 2, and close to the

known RV apex lead location in Patient 3.

5.3.3 Validation to electroanatomic maps

We compared the optimal activation maps with the registered electroanatomic
measurements. Figure (5.5) shows the point-by-point comparison of the electroanatomic
measurements and the corresponding nearest point on the endocardial surface. We com-
puted a linear regression of the corresponding activation times and measured the scat-
ter oar (one standard deviation) of local activation times about the line to determine
goodness-of-fit. The scatter was 12.6 ms for Patient 1, 10.9 ms for Patient 2, and 11.0
ms for Patient 3. Overall, the activation time scatter was on the order of the estimated

measurement precision.

5.4 Discussion

In the present study, we have demonstrated that patient-specific models of ven-
tricular depolarization can estimate LBBB and RV-paced activation sequences from
VCGs generically derived from routine 12-lead body-surface ECGs within the accu-
racy of invasive measurements. We estimated the activation sequence of a single de-
polarization wave by recapitulating the time course of the total cardiac dipole with an
optimal set of electrophysiology model parameters. We show good agreement between
the predicted activation sequence and invasive electroanatomic measurements of endo-
cardial activation times to within measurement precision. In addition to providing a
quantitative estimation of 3D activation pattern in patient-specific ventricles, a detailed
transmembrane current model which includes calcium kinetics also allows extension of
the model to contractile ventricular mechanics [22].

A reduced ionic model would have been sufficient to predict similar LBBB and
RV paced activation patterns as those obtained with the ten Tusscher model. Simplified
FHN-like models are of lower computational cost partly due to slower depolarization

kinetics. Though the predicted activation patterns may be similar, the reduced rate of
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the potential upstroke at the wave front of a FHN-like model would result in different
potential gradients and cardiac dipoles. Though this difference does not necessarily
invalidate our approach, it could obfuscate comparison of simulations to measurements.

Activation patterns were estimated on the basis of the objective function 8 which
compares deviations between simulated and measured cardiac dipole orientations. Since
a direct comparison of absolute time-voltage tracings was not possible due to incomplete
lead position data, 6 was intended to compare the relative magnitudes of orthogonal
dipole components over the course of activation. Deviations in dipole orientations are
weighted by the R-peak normalized magnitude of the measured dipole. Since VCG
loop shape and size are functions of the absolute dipole magnitude, it may be possible
for loops of different shape and size to show good agreement if the relative ratios of the

VCG components agree at times near the peaks of the measured signal.

Numerical convergence

We verified the numerical convergence of the simulated dipole orientations and
activation times by comparing the results of the coarse and nominal meshes. For our
purposes, a sufficiently converged wave front was taken as one that could recapitulate
the dominant morphology and features of the measured VCG and produce activation
patterns that were independent of mesh resolution. We compared the mean cost values
in a representative solution for a coarse and nominal mesh with the same parameters
(stimulus location, scar and endocardial conductivities and adjusted bulk conductivity
for equal total activation time). The mean difference in dipole orientation between the
coarse and nominal meshes was less than 5°. Considering that the uncertainty of the
dipole orientations derived from measurements due to a generic transformation is ap-
proximately 10°, the VCGs are converged to within estimated limits of accuracy of the
measured signals. The predicted activation times of the coarse and nominal meshes at
corresponding anatomical locations also have a RMS difference of approximately 4 ms

which is within the limits of the accuracy of the data (10 ms).
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Limitations

The validity of the activation pattern estimation approach using the VCG rests on
the condition that depolarization wave dynamics can can be simplybe approximated by a
single dominant excitation wave and described unambiguously by a single rotating fixed
dipole. This assumption holds for activation patterns such as true LBBB [35, 4, 31] and
RV pacing. The electrophysiology model assumes this condition by including a single
RV activation site without a detailed description of the cardiac conduction system. Intact
cardiac conduction in the present model is approximated by allowing rapid electrical
conduction of the LV and RV subendocardial layers relative to the bulk myocardium.
Our results show that with the current degrees of freedom, the model can capture the
features of a simple rotating dipole representation of depolarization in conditions of
LBBB and RV paced activation within the measurement limits of accuracy. However,
most arrhythmias and activation sequences in disease states typically involve complex
wave dynamics with multiple wave fronts [39]. In these more general cases, a single
activation site and fixed dipole equivalent source model would be unable to describe
ventricular depolarization patterns in any meaningful detail.

The lack of precise lead position information warranted the use of a patient-
generic ECG to VCG transformation. Transformations such as Kors represent the aver-
age effects of heart size, body size, lead position, and heart orientation of a wide patient
population and do not account for patient-specific torso properties. We estimated the
error due to different transformations (Kors vs. inverse Dower) to approximately 10° to
limit the accuracy we can expect to match measurements. We attempted to normalize
out the effects of heart size, location, and body habitus by considering only the relative
signal magnitudes and dipole orientation relative to the cardiac anatomy. We estimated
the relative orientation of simulated dipoles to the measurements by co-registering the
ventricles and VCG reference frame using the CT images. Compression of the 12-lead
ECQG to three orthogonal leads has been shown by factor analysis to preserve 99% of the
original data content, with little information added by additional leads [34]. A full 12-
lead description of the signal would be more valuable for patient-specific torso models
where the individual lead positions are known. Future studies may include lead position

measurements by leaving the 12-lead ECG electrodes in place during the CT scan or
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applying radio-opaque markers in the same locations as the leads. Detailed lead posi-
tion information in a patient-specific torso model would also allow direct comparison of
the simulated voltage-time traces to actual body-surface electrocardiograms or invasive
electrograms as an additional validation of the model.

The present model focuses on ventricular depolarization in heart failure. Heart
failure is a complex disease state with changes in ventricular shape, fiber orientation,
and ion channel expression remodeling. The anatomical model accounts for the gross
fiber architecture remodeling in dilated ventricles by mapping the architecture of a hu-
man DT-MRI dataset according to differences in ventricular shape. Similar approaches
to estimating fiber architecture have been described and validated by other groups [38].
It is currently impractical to measure patient-specific fiber orientations using in vivo DT-
MRI. A generic phenotype of HF-induced electrophysiological ion channel remodeling
is described by a modified ten Tusscher transmembrane current model [1] and does not
fully account for patient-specific HF ionic remodeling. The present model may be ex-
tended to estimate ventricular repolarization and atrial activation. Transmural ion chan-
nel heterogeneities of action potential morphology in HF remodeling and more stringent
steady state convergence of electrical properties (e.g. APD restitution and conduction
velocity) are required for accurate steady and non-steady state predictions of T-wave
morphology. A more detailed description of the geometry, conductivity, and fiber orien-
tation in infarcted regions are also necessary to account for T-wave modulations effected
by a scar. Estimation of atrial activation from the P-wave would require at least a dif-
ferent generic VCG transformation to account for the difference in the location of the
origin of the atrial dipole from the ventricular dipole [17]. An appropriate anatomical
model must also incorporate the geometry and fiber orientations of the valvular plane

and atrial chambers.

5.5 Conclusion

We have described a method to estimate three dimensional LBBB and RV-paced
activation patterns based on VCG derived from routine body-surface ECG using patient-

specific computational models of HF electrophysiology. The early RV stimulus site and
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myocardial conductivities in the model are optimized by minimizing the total deviation
of simulated and measured cardiac dipole orientations during activation. The activation
pattern predicted by the optimal parameters agrees with invasive measurements of en-
docardial activation time. This approach has potential to advance solution techniques
for non-invasive electrocardiographic imaging and extend the utility of patient-specific

computational models in clinical diagnosis and therapy planning.
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Table 5.1: ECG to VCG transformations using the inverse Dower and Kors methods.

Inverse Dower Kors
X Y V4 X Y Z

V1 -0.17 0.06 -0.23 V1 -0.13 0.06 -043
V2 -0.07 -0.02 -0.31 V2 0.05 -0.02 -0.06
V3 0.12 -0.11 -0.25 V3 -0.01 -0.05 -0.14
V4 023 -0.02 -0.06 V4 0.14 006 -0.2
V5 024 0.04 0.06 V5 0.06 -0.17 -0.11
V6 0.19 0.05 0.11 Vo6 054 0.13 0.31
I 0.16 -0.23 0.02 I 0.38 -0.07 0.11
II -0.01 0.89 0.10 1II -0.07 093 -0.23

Table 5.2: Range of tested electrophysiology parameter values.

Stimulus locations Oy (cm2/ms)  Arv, ARy Ascar
118 0.0001-0.004 1-10 0.1-09

117

Table 5.3: Optimal electrophysiology parameter values and corresponding VCG objective (0)

and local activation time Ot errors. Patient 3 did not have a myocardial infarction.

Patient Stimulus location  Opyk (cm?/ms) Ay ARV Ascar 0 OaT

1 Anterior RV 0.0002 1 1 09 7.6 12.6
2 Lateral RV 0.0006 1 33 09 6.1 109
3 Postero-apical RV 0.0005 1 1 - 6.5 11.0
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A. Clinical data B. Empirical data C. Parameter Optimization

A1. Ventricular geometry B1. Fiber architecture C1. Myocardial conductivity C2. Stimulus location
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Figure 5.2: Overview of the patient-specific model of LBBB activation. The four main com-
ponents of the model are derived from clinical measurements (A) of ventricular geometry (A1)
and myocardial infarction (A2) and empirical data (B) of fiber architecture (B1) and cellular and
tissue electrophysiology (B2). Parameter optimization (C) is performed by simulating activation
from combinations of prescribed regional conductivity values (C1) and stimulus locations (C2).
The deviation (0) in dipole orientation between the measured and simulated dipoles during acti-
vation was computed for all parameter combinations (shown here at + = 80 ms for Patient 1; R
at 56 ms) (C3); the circles represent the vector tips of simulated unit dipoles, and the color (blue
to green to red) reflects the orientation deviation (0° < 45° < 90°) with the measured vector (tip
marked by white circle). The time course of deviations for all simulated parameter sets in one
patient, with the value of 6 (0° < 90° < 180°) for each trace represented by the color (blue to
green to red) (C4); the solution of the parameter set with minimal 6 and total activation time
within 5 ms of the measured duration was chosen as optimal.
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Figure 5.3: Summary comparisons between optimal and measured VCGs. A. The time course of
the cost value 6 (°) during activation. B. Comparison of the peak-normalized magnitude (Mag),
X, Y, and Z components of the optimal simulated (dashed line) and measured (solid line) VCGs
(for Kors transformation).
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Figure 5.4: Comparison between optimal simulated and measured VCG loops. The loops rep-
resent the spatial trajectory of the tip of the cardiac dipole with its tail at the origin. The polar
plots show the projections of the simulated (blue) and measured (green) VCG loops (Kors trans-
formation) on to the left sagittal, frontal, and horizontal planes. The relative orientation of the
loops to the anatomical meshes (red — LV endocardial surface; blue — RV endocardial surface) is
illustrated.
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Chapter 6

Cardiac Resynchronization Therapy
Reduces the Amount of Myocardium

Performing Negative Work

Abstract

In patients with dyssynchronous heart failure (DHF), the distribution of myocar-
dial work in the dilated ventricles becomes heterogeneous as a result of non-uniform
mechanical function. During cardiac resynchronization therapy (CRT), the redistribu-
tion of myocardial work may play an important mechanistic role in favorable CRT re-
sponse by linking synchronous tissue-level function to cell-level processes leading to
left ventricular (LV) reverse remodeling. In the present study, regional myocardial work
during DHF and acute CRT was quantified using patient-specific, multi-scale models
constructed from clinical measurements of individual patients at baseline. We found
that, during acute CRT, the degree of reduction of septal myocardium performing nega-

tive work relates to the degree of LV reverse remodeling at 6 months of CRT.
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6.1 Introduction

Heart failure (HF) affects 5.7 million people in the US causing more than 550,000
deaths annually. Half of all HF patients exhibit reduction in left ventricular ejection frac-
tion and dilated cardiomyopathy (DCM), particularly in dyssynchronous heart failure
(DHF) caused by left bundle branch block (LBBB). Cardiac resynchronization therapy
(CRT) is a cost effective device-based treatment aimed to improve ventricular synchrony
using an implantable, programmed pacemaker. Patients who respond to CRT exhibit im-
provement of symptoms and evidence of left ventricular (LV) reverse remodeling (>10%
reduction in LV end-systolic volume [19]). Conventional clinical guidelines recommend
CRT use based on patient etiology, severity of symptoms, and various features of cardiac
structure and function measured by standard clinical modalities [48, 37]. Identification
of patients who will likely benefit from CRT has proven difficult given a 30-40% rate of
non-response wherein patient symptoms do not improve or in some cases worsen. With
over 50,000 implant procedures (at a 10% failure rate) performed annually at a cost of
over $7B in the US and over $17B globally, there is an urgent socio-economic need for
clinical decision support tools to help cardiologists improve overall care by maximizing
patient benefit and minimizing risks and costs.

An important physiological effect of CRT is thought to be improved mechanical
pump efficiency by synchronous ventricular function, resulting in increased cardiac out-
put at diminished energy cost to the myocardium [32]. Patients with evidence of severe
dyssynchrony at baseline are therefore more likely to improve. In the last decade, clin-
ical researchers have sought non-invasive markers of electromechanical dyssynchrony
in DHF (baseline) to predictive acute improvements in hemodynamic performance and
chronic LV reverse remodeling in CRT. Electrical dyssynchrony, marked by a QRS dura-
tion > 150 ms on a 12-lead body-surface electrocardiogram (ECG), remains the strongest
predictor of CRT on morbidity and mortality [13]. Markers of mechanical dyssynchrony
(e.g. regional delays in onset of shortening, peak velocity, septal flash) (refs) and me-
chanical dis-coordination (e.g. internal shortening fraction (ISF) [47] circumferential
uniformity ratio estimate (CURE) [18], septal rebound stretch [28, 16]), have proven to
be of value but are inconsistent [12], possibly due to technical challenges of echocardio-

graphic imaging and analysis [44, 15]. Acute hemodynamic improvement during CRT
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depends on patient-specific anatomical lead positions [9] and programmed A-V [8, 34]
and V-V delays [41], however stroke work and dP/dt only relate weakly with outcomes
[7].

The pathophysiological consequence of dyssynchronous function on the ventric-
ular myocardium manifests as a redistribution of regional mechanical work [39, 17, 4].
In DHF caused by LBBB with DCM, work is depressed in the early-activated septum
and elevated in the late-activated LV lateral wall. Kerckhoffs et al demonstrated that
the coefficient of variation of work (COVW) is a sensitive measure of work heterogene-
ity introduced by mechanical dis-coordination in dogs [23], suggesting its utility as a
marker for distinguishing responders and non-responders at baseline. Corresponding
with changes in regional myocardial work are recently observed changes in myocardial
perfusion [43, 45, 38], metabolism [35, 17], and structural remodeling [31], suggesting
that that the altered mechano-energetic condition elicits pathophysiological adaptations
in the local myocardium. Furthermore, recent molecular studies have characterized re-
markable degrees of cellular adaptation [11, 22] that coincide with redistributions in
perfusion and metabolism in early- and late-activated regions, including myocyte gene
expression [5], electrical properties [2], and cell survival [10].

The regional distribution of work in DHF and CRT may therefore play an im-
portant role in cellular responses underlying mechanisms of adverse and reverse re-
modeling. However, non-invasive estimation of regional mechanical work in human
individuals remains a challenge for standard clinical practice. In the present study, we
develop patient-specific, multi-scale computational models using clinical measurements
to estimate the regional work heterogeneity in DHF and investigate its impact on the

benefit from CRT by long-term LV reverse remodeling.

6.2 Methods

6.2.1 Clinical study

Eight male patients aged (66 4= 11 years) with NYHA class III heart failure, di-
lated cardiomyopathy, left bundle branch block (LBBB) (QRS duration 145 + 22 ms),

and left ventricular ejection fraction (LVEF) 28 4 7% were enrolled from the Veteran’s
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Administration San Diego Healthcare System (San Diego, CA) in 2008-2014. Patients
gave informed consent to participate in the human subject protocol approved by the
Institutional Review Board. One patient (BiV6) had a previously implanted RV pace-
maker. Anatomical, electrophysiological, and hemodynamic measurements for each
patient were obtained at baseline LBBB and immediately after pacemaker (St. Jude
Medical) implantation and operation (acute CRT).

Several types of imaging data sets were obtained before device implantation.
End-diastolic ventricular geometry was imaged by 64-slice computed tomography (CT)
(Lightspeed VCG, GE Medical Systems, Milwaukee, WI) with an isotropic in-plane res-
olution of 0.49 mm (256 x256 pixels) and slice thickness of 0.625 mm. In two patients,
end-diastolic geometry was imaged by magnetic resonance (MR) imaging (specifica-
tions) with an in-plane resolution of 0.9 mm (128 x 128 pixels) and slice thickness of
2 mm. In five patients with myocardial infarction, affected regions were localized by
singe-photon emission computed tomography (SPECT) (technetium sestamibi, ECAM-
2, Siemens Medical Solutions, Hoffman Estates, IL) during rest and stress with an
isotropic in-plane resolution of 6.59 mm and 10 mm slice thickness.

Electrophysiology and hemodynamic measurements were obtained before and
after device implantation. Standard 12-lead body-surface electrocardiograms (ECGs)
were recorded (Bard Pro, Bard Electrophysiology, Lowell, MA) over 5-6 beats at 1
kHz sampling rate. Vectorcardiograms (VCGs) were derived from the ECGs [26]. Left
and right ventricular cavity pressures were continuously monitored by cardiac catheter-
ization over several beats at 1 kHz sampling rate. Mean aortic pressure was recorded
by sphygmomanometer measurements. Two-dimensional (2D) transthoracic echocar-
diography (TTE) (Sonos, Philips Medical IE33, Bothell, WA) recorded two- and four-
chamber long-axis views of the ventricles over two beats. End—diastolic LV volumes and
valve diameters (aortic and mitral annuli) were computed from the images. Continuous-
wave Doppler TTE estimated regurgitated and forward stroke volumes by the velocity
time integral (VTI) of hemodynamic flows through the mitral and aortic valves. Ta-
ble (6.1) summarizes patient characteristics at baseline.

BiVP’s were implanted with pace/sense leads placed on the right atria (lead A),
RV septal surface (lead V), and the LV free wall (lead V) epicardial surface through
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a coronary vein. Final V-lead positions on the ventricles were localized from bi-plane
chest x-ray images by an expert electrophysiologist (David E. Krummen). A-V delays
were programmed to 161.25 +21 ms (paced) and 121.25 4= 14 ms (sensed). The V-
V delay, (w.r.t. the V-lead on the LV) was programmed to 19.4 £ 16.6 ms according
to an algorithm (QuickOpt, St. Jude) to maximize cardiac output from Doppler TTE.
Following 3 + 1 months of bi-ventricular pacing, the V-V delays were reprogrammed
to 27.5 £+ 17.9 ms to maintain maximum stroke volume. After 6 months of pacing, a
follow up 2D TTE study assessed changes in cardiac output and ventricular volumes
(LV reverse remodeling). CRT responders were identified by > 10% decrease in LV

end-systolic volume from baseline.

6.2.2 Patient-specific cardiovascular model
Anatomy

Biventricular anatomical model construction from clinical and empirical data
have been described previously [27, 1]. Briefly, CT or MR images of the ventricles at
end-diastole were segmented and triangulated. A high-order cubic Hermite biventricular
mesh atlas with 64 hexahedral elements was fitted to the triangulation using an iterative
linear least squares algorithm [33]. The resulting mesh was refined to a total of 128
elements for biomechanics simulations. A child mesh atlas with 132 linear hexahedral
elements was co-registered to its parent, converted to cubic Hermite hexahedral elements
[20], and refined to 8448 elements for electrophysiology simulations [46].

Human ventricular fiber architecture was estimated using diffusion tensor MR
(DT-MR) images of an explanted human donor heart [27]. Reconstructed tensors in
myocardial regions were registered to a high-order mesh of the explanted heart using a
log-Euclidean tensor interpolation framework. Local orthogonal fiber, sheet, and sheet-
normal axes were computed from the eigenvectors of the fitted tensors. The fiber archi-
tecture of the explanted heart was mapped to each patient-specific geometry via large
deformation diffeomorphic mapping and tensor reorientation to account for changes in
fiber structure due to differences in ventricular shape.

Regions of myocardial infarction were localized from rest and stress SPECT by
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an expert cardiac electrophysiologist/nuclear radiologist (David E. Krummen). Regions
of depressed perfusion were manually demarcated on the CT/MR triangulations and

registered in each patient-specific mesh as binary fields of normal and infarcted tissue.

Electrophysiology

Action potential propagation was modeled as mono-domain reaction-diffusion
with human ventricular myocyte ionic currents [42]. Ion channel properties were ad-
justed to approximate observed changes in AP morphology during HF [1]. Patient-
specific 3D regional depolarization times at baseline were estimated by optimizing the
location of an ectopic stimulus in the RV sub-endocardium and myocardial electrical
conductivities to match vectorcardiograms derived from measured ECGs [46]. Using
the optimized baseline electrophysiology properties, acute CRT depolarization patterns
for paced beats were simulated by applying stimuli according the prescribed V-V lead
delays and locations in the anatomical model; programmed A-V delays were less than
180 ms.

Biomechanics

The unloaded ventricular geometry at zero pressure and active and passive biome-
chanics properties at baseline were estimated as described in previous work [27, 1]. Us-
ing an empirical PV relation [25] and transversely isotropic passive stiffness [21], the
diastolic pressure-volume (PV) loading curves for the unloaded ventricles were matched
to the observed end-diastolic pressure and volume measured by intra-cardiac catheteri-
zation and echocardiography. The estimated unloaded geometry served as the reference
configuration for subsequent stress and strain computations. Left and right systolic pres-
sure traces were matched to the observed pressure traces (particularly peak systolic pres-
sure, dP/dt max, and dP/dt min) and end-systolic volume by adjusting parameters of an
active contraction model [29]. Local onset of contraction was defined by the estimated

local depolarization times in the electrophysiology model.
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Hemodynamics

A closed-loop, self-adaptive model of the systemic and pulmonary circulation
[3] was coupled to the biomechanics model via pressure boundary conditions to compute
systolic and diastolic pressure traces [27, 1]. Measured valve annuli diameters from 2D
TTE were input directly as dimensional parameters, while others (e.g. atrial diameter)
were predetermined within normal human physiologic limits. Aortic and pulmonary
arterial length parameters were manually adjusted to match measured systolic pressures.
Remaining circulatory parameters (e.g. vessel compliance) were self-adapted during
non-steady state beats to match the cardiac output (accounting for mitral regurgitation)
measured from Doppler TTE and aortic pressure measured by sphygmomanometer. The
fully parameterized hemodynamic model was simulated over 11 beats at measured heart

rates until steady-state pressure traces were obtained.

6.2.3 Global and regional myocardial work metrics

Principal (fiber, sheet, and sheet-normal) myocardial stresses and strains (refer-
enced to the unloaded geometry) were computed during the 10th steady-state beat at
the Gauss-Legendre quadrature points (27 per element, 3,456 total) of the biomechan-
ics meshes. The external myocardial work density (kJ/m?®) over the complete cardiac
cycle beat was calculated by the areas enclosed by the stress-strain loops; clockwise
and counter-clockwise loops were defined as positive and negative work, respectively;
positive work indicates work performed by myocardium on the blood volume, and neg-
ative work indicates work performed by the blood volume on the myocardium. Global
(i.e. stroke work, total LV myocardial work, efficiency 1, and COVW) and regional
(i.e. RV, septal, and LV) work metrics were examined to determine significant (p<0.05)
differences between responders and non-responders during LBBB and CRT. Significant
differences were determined by student’s t-tests and 2-way ANOVA between respon-
ders versus non-responders and LBBB versus CRT. Metrics which differed significantly
between response groups and physiologic states were correlated with the measured
AESV1y to determine significant relations with LV reverse remodeling. Significance

was defined by the critical values for Pearson’s correlation coefficient.
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6.2.4 Work sensitivity analysis

The sensitivity of important work metrics to patient-specific variations in phys-
iological components was assessed. Work metrics during steady-state beats were re-
computed in 8 knock-out simulations (6 for LBBB, 2 for CRT) where, for the complete
set of 8 patients, patient-specific parameters of each model component were replaced
by patient-averaged parameters for a total of 64 additional simulations. The patient-
averaged geometry (—G) was computed from the spatial average of the patient-specific
geometries. The patient-averaged LBBB activation pattern (—A) was simulated using
the spatial average of the ectopic stimulus location in the RV and myocardial conduc-
tivities in the patient-averaged geometry. Patient-averaged CRT activation pattern was
simulated using the average of the V-lead locations and V-V delays. Patient-averaged
biomechanics (M) and hemodynamics (—H) were obtained by averaging optimized pa-
rameters. The patient-averaged unloaded geometry was re-estimated from the averaged
biomechanics parameters. Regions of myocardial infarction were removed (-I) entirely
in ischemic patients. Finally, the simultaneous interaction effect of patient-specific ge-
ometry and LBBB activation pattern (-GA) was evaluated.

The recomputed work metrics from each knock-out simulation were compared
against AESVyy. An important patient-specific variation of physiological property was
identified when a knock-out resulted in a loss of the original significant correlation with
AESVyy. The contribution of each physiological component on the original patient-
specific work metrics was assessed by the correlation coefficient (R%) and normalized
root-mean-squared deviation (nRMSD) between paired (fully patient-specific vs patient-

averaged) sets of work metric values.

6.3 Results

6.3.1 Clinical outcomes

After 6 months of pacing, CRT responders were identified by a reduction (+) in
LV end-systolic volume AESV1y > +10% measured by 2D TTE. The responders were
BiV6 (+50 mL; +59%), BiV3 (+14 mL; +16%), BiV5 (+32 mL; +15%), and BiV1 (+17
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mL; +12%). Non-responders with a sub-threshold reduction or increase (-) in LV end-
systolic volume included BiV8 (+8 mL; +7%), BiV2 (-3 mL; -2%), BiV4 (-22 mL;
-12%), and BiV7 (-55 mL; -36%). BiV7 was classified as a clinical non-responder due
to mortality.

Baseline clinical measurements including QRS duration, LVEF, LV end-diastolic
volume, LV peak systolic pressure, dP/dt max, dP/dt min, LV end-diastolic volume, and
LV mass were compared (Figure (6.2)) against AESVLy to determine possible corre-
lates with CRT response. None of the clinical measurements showed a correlation with

AESV1y.

6.3.2 Patient-specific CRT model validation

Patient-specific electromechanical function during acute CRT was validated to
measured hemodynamic features. Peak LV systolic pressure and dP/dt max are com-
pared in Figure (6.3). The RMS error values were 5 mmHg and 0.3 mmHg/s for peak
LV pressure and dP/dt max, respectively. Changes in QRS duration were not validated
since electrical resynchronization has been shown to be unrelated to hemodynamic re-
sponse, and pacing may still provide clinical benefit despite QRS duration prolongation

[14].

6.3.3 Regional work distributions

Stresses and strains were computed from steady-state beats during LBBB and
CRT. Figure (6.5) illustrates regional stress-strain loop distributions of a representa-
tive CRT responder (BiV6) and non-responder (BiV7) during LBBB. In LBBB, early-
activated regions in the RV and septum feature loops with little contained area, resulting
in low total cycle work performed by the myocardium. Loops in septal regions near the
apex tend to feature intersections, revealing systolic periods when work is done on the
myocardium (negative work) attributed by blunted systolic stress and systolic stretch.
In contrast, late-activated regions in the LV lateral wall produce large loops with aug-
mented positive work magnitudes due to increased systolic stress. Peak shortening did

not differ significantly between the two regions. In CRT, stress-strain loops with the
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regional distribution is reversed, with early-activated regions occurring at the LV lateral

wall near the pacing site.

6.3.4 Baseline work heterogeneity and efficiency

We first determined whether regional work heterogeneity distinguishes respon-
ders and non-responders during LBBB and CRT. Regional work heterogeneity was com-
puted as the COVW from total cardiac cycle work sampled at the Gauss-Legendre points
(3,456 in total) of the patient-specific meshes. Figure (6.4) (A) shows box plots of the
COVW distributions for responders and non-responders at baseline LBBB and CRT.
COVW values were significantly (p<0.05) different in responders (1.554-0.12) and non-
responders (1.28 +0.2) at baseline LBBB, confirming the utility of COVW as a marker
for CRT outcome as suggested by Kerckhoffs [23]. During acute CRT, work heterogene-
ity was reduced overall for both responders and non-responders, but not significantly.
Responders had a marginally significant (p=0.05) difference in COVW at baseline and
CRT compared to non-responders, indicating that global work homogenization is not
strongly related to outcomes.

Next, we assessed whether improved pump efficiency during acute CRT is greater
in responders compared to non-responders. We defined the global pump efficiency 7 to
be the simulated LV stroke work normalized by the LV myocardial work. Box plots of
the LV stroke work, myocardial work, and efficiency are shown in Figure (6.4) (B). At
baseline, LV stroke work (mean+std) and myocardial work (mean-+std) were similar
between responders and non-responders. During CRT, there was a minute increase in
LV stroke work and decrease in myocardial work in responders and non-responders, re-
sulting in increased 1 for both groups. Interestingly, non-responders saw a significantly
increased 1, while responders did not. No significant difference in 1 was observed
between LBBB and CRT for all patients or between responders and non-responders at
LBBB and CRT. Therefore, 11 does not appear to be an important distinguishing feature

between responders and non-responders.
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6.3.5 Negative work and late systolic stretch in the LV and septum

Features of the regional work distribution were examined in detail. Histograms
of the work density as fractions of the myocardium were partitioned among LV free wall
(LVFW), septum, and RV free wall (RVFW) regions in Figure (6.6) for LBBB and Fig-
ure (6.6) for CRT. Apparent features of the distributions are long tails of positive work
values, primarily in the LV free wall, and short tails of negative work values, particu-
larly in the RV and septum. No trend between CRT response and reduction of high work
values (truncation of the positive tail) was observed; during acute CRT, the fraction of
LV lateral wall performing high positive work (upper quartiles of baseline work distribu-
tions) decreased on average by 4% for responders and 6% for non-responders. However,
significant differences in the volume fraction of negative work in the LV (LVNW) and
septum (STNW) were observed. Figure (6.7) shows box plots comparing LVNW and
STNW for responders and non-responders at baseline LBBB and CRT. A significant
difference in the baseline fraction of LVNW (p=0.04) and STNW (p=0.02) between re-
sponders and non-responders was observed. There was also a significant difference in
LVNW (p=0.04) and STNW (p=0.003) between LBBB and CRT in responders. Notably,
STNW was significantly different (p=0.002) between LBBB and CRT for all patients.
A significantly (p<0.05) larger fraction of LV performing negative work at baseline,
particularly in the septum, was present in responders compared to non-responders. A
significant reduction in the fraction of septum performing negative work during CRT.

Reduction of systolic stretch, particularly in the septum, has been associated
with mechanical dyssynchrony, acute hemodynamic improvement, and long-term LV
reverse remodeling [30, 28, 16]. As a possible kinematic surrogate of the work dis-
tribution, the fraction of septum with late systolic stretch, ST Ajue, referenced to the
end-diastolic configuration) was quantified during LBBB and CRT. Late systolic stretch
was defined as Ajye > 1 during or following peak shortening of myocardium in high
work, late-activated regions of the LVFW. Figure (6.7) illustrates the stretch traces for
a representative responder (BiV6) and non-responder (BiV7) in the septum and LVFW
during LBBB and CRT. Both responders and non-responders have evidence of ST Ay
during LBBB. During CRT, the amount of ST A, is visibly reduced to a greater degree

compared to non-responders. The box plot in Figure (6.8) shows a marginally signifi-
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cant (p=0.05) difference in ST A}y during LBBB and CRT in responders. There was a
significant (p=0.03) difference in ST A, among all patients between LBBB and CRT.

6.3.6 Reduction of myocardium performing negative work corre-

lates with CRT response

Having identified critical differences in LVNW, STNW, and ST Aj in respon-
ders and non-responders, the patient-specific values during LBBB, CRT, and the change
(defined as LBBB value - CRT value) were correlated directly with measured AESVyy
(Figure (6.9)). At baseline, significant correlations were found for LVNW (R%=0.82;
p<0.01) and STNW (R%=0.68; p<0.02), but not for ST Ajue. None of the metrics cor-
related during acute CRT. However, the change in the work metric values between
LBBB and CRT correlated with outcomes: ALVNW (R?=0.52; p<0.05) was modest,
but ASTNW (R?=0.78; p<0.01) and AST Aje (R?=0.74; p<0.01) were strong. The lat-

ter results in particular suggest a causal mechanism for the degree of benefit from CRT.

6.3.7 Work is sensitive to hemodynamics, geometry, and electrical

activation

We determined the sensitivity of LVNW, STNW, and ASTNW to patient-specific
variations in physiology model components by substituting each with patient-averaged
parameters. The summary results are shown in Table (6.2). The original correlation
between CRT outcomes and baseline LVNW and STNW were lost with the removal of
patient-specific variations in hemodynamics (-H) (LVNW - 0.815 to 0.374; STNW —
0.675 to 0.130) and combined geometry and electrical activation pattern (-GA) (LVNW
—0.815t00.478; STNW —0.675 to 0.466). During CRT, the original correlation between
CRT outcomes and ASTNW was lost with the removal of patient-specific variations in
the geometry (-G) (ASTNW - 0.779 to 0.499) and pacing protocol (-A) (ASTNW —
0.779 to 0.044).

The significance of removing patient-specific model components to the patient-
specific variation of work was also evaluated by computing the R? and normalized root

mean squared deviations (nRMSDs) between the work values produced by the origi-
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nal patient-specific and patient-averaged model components. Substitution of patient-
averaged hemodynamics (—H) at baseline left only 9.2% and 30.3% of the original vari-
ation remaining in LVNW and STNW, respectively; this corresponded with nRMSD
values of 31% and 33%. Substitution of patient-averaged geometry and electrical activa-
tion (—H) at baseline left 81.2% and 58.6% of the original variation remaining in LVNW
and STNW, respectively; this corresponded with nRMSD values of 14% and 31%. Sub-
stitution of patient-averaged geometry (—G) alone also resulted in a significant impact
on baseline LVNW (85.7%; 14% nRMSD) and STNW (66.3%; 33% nRMSD). During
CRT, ASTNW was significantly affected by substitution of patient-averaged geometry
(-G) (46.3%; 41% nRMSD) and activation pattern (—A) produced by the averaged CRT
pacing protocol (11.7%; 47% nRMSD).

6.4 Discussion

This is the first study to demonstrate in human patients the significance of the
regional work distribution during DHF and CRT on LV reverse remodeling. These re-
sults suggest that LV reverse remodeling as a long-term outcome of CRT is not due to
an acute increase in work efficiency, but rather an acute and sustained improvement of
the distribution of myocardial work in the LV, particularly in the septum (STNW). Fur-
thermore, LV reverse remodeling is more likely in patients with more severe baseline
electromechanical dyssynchrony (as estimated by LVNW) and have greater capacity for
improvement.

The finding that the improvement of septal myocardial work is supported by re-
cent experimental evidence. Studies in DHF patients have demonstrated that depressed
septal glucose metabolism at baseline [6] and improvement in septal perfusion during
CRT [36] predicts long-term LV reverse remodeling. These findings strongly suggest
that tissue-level mechano-energetics, particularly in the septum, have important effects
on cell-level mechanisms which underlie DHF pathophysiology and CRT remodeling.
Specifically, transcripts for proteins involved in metabolic (oxidative phosphorylation,
fatty acid, amino acid, and glucose metabolism) and signaling (MAPK, JAK-STAT,

TGF-beta) pathways were down- and up-regulated, respectively, cardiomyocytes sam-
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pled from early-activated regions [5]. CRT was shown to reverse the levels of transcripts
across the genome to normal. Other cellular changes include regional heterogeneities
in activity of stress kinases (affecting muscle function, survival, and fibrosis), electrical
properties (affecting arrhythmogenesis), Ca>+ handling (affecting contractility), and
micro-RNAs. mIRs in particular are responsible for modulating myocyte hypertrophy,
excitation-contraction coupling, apoptosis, and fibrosis [40]. Global changes are char-
acterized by blunted beta-adrenergic response, contractility, and cell survival. CRT has
been found to restore Ca’+ sensitivity of myofilaments through GSK-3B reactivation
and phosphorylation at sites on Z-disk and M-band proteins [24]. For stress signal-
ing, CRT reversed regional heterogeneities of stress signaling caused by increased p38
MAPK and Ca-calmodulin kinase II (CaMKII) activity and increased tumor necrosis
factor (TNF)-alpha expression. Localized differences in stress kinase activation were
shown to be consistent with disparities in regional work load in DHF and its equaliza-
tion by CRT.

The analysis of sensitivity of the myocardial work revealed that patient-specific
variations in baseline hemodynamics and ventricular geometry and electrical activation
combined were important determinants of baseline regional work. This suggests that
the degree of ventricular dilation and dyssynchrony introduced by LBBB are important
properties that determine CRT outcomes, supporting the original hypothesis by Ker-
ckhoffs et al. [23]. While the degree of dilation is measurable by clinical imaging, the
severity of dyssynchrony is less obvious to measure from standard ECGs alone. Because
the width of the QRS reflects the increased size of the ventricles, slowing of myocar-
dial conductivity, and activation of the LV and RV, a more specific clinical measure of
electrical delay in the LV is needed for an accurate assessment of dyssynchrony. Hemo-
dynamics was also found to be an important determinant of regional work. The model of
hemodynamics used in this study contained a large amount of parameters which made
identification of a specific significant hemodynamic property more difficult. Further
sensitivity analysis of hemodynamic outputs (e.g. LV and RV time-courses of pressures
and volumes) to input patient data could reveal which clinical measurement(s) are im-
portant for estimating baseline severity of DHF and long-term CRT outcomes. Finally,

the improvement in septal work due to CRT was also dependent on ventricular geom-
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etry and pacing protocol parameterized by lead position and V-V delay. This finding
underscores the importance of patient-specific application of CRT to maximize work
improvement. The electrical activation pattern produced by a given lead position and
V-V delay depends on the geometry and electrophysiological properties of given pa-
tient’s ventricles. Further model analysis of the individual contributions of geometry,
myocardial conductivity, lead location, and V-V delay on the regional work will identify
the most important pacing parameters to consider for maximizing CRT outcomes for a

given patient’s baseline condition.

6.5 Conclusion

This work suggests a possible mechano-energetic mechanism for LV reverse re-
modeling due to CRT for the first time in human patients. Specifically, the fraction of
myocardium performing negative work at baseline is a strong indicator of the likelihood
of LV reverse remodeling measured after 6 months of CRT. Reduction of the fraction of
septal myocardium performing negative work is also strongly correlated with the degree
of LV reverse remodeling. The fact that the models can reliably predict outcomes based
solely on baseline data suggests that more diagnostic information from clinical measure-
ments can be extracted and integrated using models than the measurements alone. We
have also identified patient-specific hemodynamics, geometry, and electrical activation
sequence as important determinants of the work distribution. Since the heart adapts to
changes in its environment by growth and remodeling, acute changes predicted by the
model are still insufficient to answer questions relating to the long-term development of
optimal intervention therapies. Future work can develop computational models that can
predict chronic response to pacing by allowing for changes in the heart geometry due to

local tissue growth.
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Figure 6.4: Differences in global work metrics between responders and non-responders. Re-
gional work heterogeneity in LBBB differs between responders and non-responders, but LV
stroke work, myocardial work, and efficiency do not. Box plots of computed distributions of
(A) coefficient of variation of work (COVW) and (B) global work metrics (including LV (B1)
stroke work, (B2) myocardial work, and (B3) efficiency (I&)) show few differences between re-
sponders and non-responders during LBBB and CRT. Regional work heterogeneity (COVW) is
significantly (p<0.05) different between responders and non-responders in LBBB (A) (Pair 1-3).
Decrease in work heterogeneity during CRT is marginally significant between responders and
non-responders (Pair (1,3)-(2,4)). LV stroke work increases and myocardial work decreases in-
significantly among responders and non-responders between LBBB and CRT (B1, B2). Work
efficiency 7 increases significantly among non-responders (Pair 3-4) during CRT, but insignifi-
cantly among all patients (B3) (Pair (1,3)-(2,4)).
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Figure 6.6: Regional volume fractions of work in the ventricles. Parts of the LV and septum per-
form negative work in LBBB and CRT. The regional volume fraction frequency of the predicted
values of the myocardial work density (at Gauss-Legendre quadrature) points were enumerated
as fractions of regional volumes partitioned into septum, LV free wall, and RV free wall regions.
The fraction of negative work values (left of the solid line at zero) is associated with the degree
of measured CRT response (AESVyy). Patients are ordered column-wise according to degree
of measured improvement (BiV6 was the strongest responder, and BiV7 was the weakest re-
sponder). The frequency of the predicted values of the myocardial work density (computed at
the Gauss/Legendre integration points) were enumerated as fractions of regional volumes parti-
tioned into septum, LV free wall, and RV free wall regions. The fraction of negative work values
(left of the solid line at zero) is associated with the degree of measured CRT response (AESVyy).
Patients are ordered column-wise according to degree of measured improvement (BiV6 was the
strongest responder, and BiV7 was the weakest responder).
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Figure 6.7: Late-systolic fiber stretch in the septum. Late stretch occurs in the septum following
peak shortening in the LV free wall. The time-course of fiber stretch A during a steady-state beat
for a representative (A) responder (BiV6) and (B) non-responder (BiV7) are shown during (1)
LBBB and (2) CRT for (a) regions of high (>98%ile) work in the LV free wall (LVFW) and (b)
all work regions of the septum (ST). Traces are colored by the total local myocardial work over
a single beat. In LBBB, peak systolic shortening in regions of high work in the LVFW (A-1a,
B-1a) is followed by prominent late-systolic fiber stretch (ST Ajue>1) in the septum (A-1b, B-
1b). During CRT, time to peak shortening is hastened (A-2a, B-2a), and the amount of septal
myocardium with late fiber stretch is apparently reduced in a responder (A-2b) compared to a
non-responder (B-2b).
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Figure 6.8: Differences in regional work metrics between responders and non-responders. Re-
gional fractions of myocardium with negative work and late-systolic stretch differ between re-
sponders and non-responders during LBBB and CRT. Box plots of computed distributions of
work (LVNW, STNW) and kinematic metrics (ST Ajae) show significant (p<0.05) differences
between responders and non-responders during LBBB and CRT. The volume fractions of LV
with negative work (LVNW) (A1) and septum with negative work (STNW) (A2) are significantly
different among responders during LBBB compared with CRT (Pair 1-2) and during LBBB be-
tween responders and non-responders (Pair 1-3). STNW is also significantly different for all
patients during LBBB and CRT (Pair (1,2)-(3,4) and Pair (1,3)-(2,4)). The volume fraction of
septum with late systolic stretch (ST Ajue) (B) is significantly different among all patients during
LBBB compared with CRT.
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Figure 6.9: Reduction of regions of negative work correlates with CRT outcomes. Reduction
of negative work in the LV and septum correlates with the degree of LV reverse remodeling.
Correlations between LV reverse remodeling (AESVry) and volume fractions of the (A) LV
with negative work (LVNW), (B) septum with negative work (STNW), and (C) septum with
late-systolic stretch (ST Ajue) are shown for simulated values at (1) baseline LBBB, (2) CRT,
and (3) the change (defined as LBBB value - CRT value; reduction is positive). Marker colors
denotes patient responders (green), echo non-responders (AESVyy <10%) (red), and clinical
non-responders (pink); shapes denote non-ischemic (circle), ischemic (triangle), and ischemic
with mitral regurgitation (diamond). At baseline, larger fractions of LVNW (A1) and STNW
(B1) are associated with greater AESVyy outcomes. Volume fractions during acute CRT (A2,
B2, C2) do not relate to outcomes. However, the magnitudes of ALVNW (A3), ASTNW (B3),
and AST Ajue (C3) relate to the magnitude of AESVyy, implicating improved septal mechano-
energetic function as an important feature leading to reverse remodeling.
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Chapter 7

Dyssynchrony Biomarkers Predict and
Optimize Long-term Outcomes of

Cardiac Resynchronization Therapy

Abstract

The 12-lead body-surface electrocardiogram (ECG) is an important clinical data
set for making routine, non-invasive assessments of electrical abnormalities, particu-
larly in dyssynchronous heart failure (DHF) introduced by left bundle branch block
(LBBB). Current clinical guidelines evaluate patient candidacy for cardiac resynchro-
nization therapy (CRT) based primarily on the severity of electrical activation delay
measured by QRS duration >150 ms. However, since the recorded QRS complex on
the ECG is the result of complex interactions between ventricular electrophysiology,
geometry, and orientation within the patient’s chest, the baseline QRS width criteria
is only 50% successful at predicting long-term, objective positive outcomes for CRT
candidates.

Patient-specific computational models are to able deterministically simulate bun-
dle branch block and compute the resulting ECG, providing a quantitative framework
for making more precise estimates of electrical activation delays using the measured

ECGs. We have found that a model-derived biomarker of total LV activation time at

162



163

baseline is a strong predictor (R> = 0.95) of long-term CRT outcomes. A biomarker of
LV activation delay between the septum and LV lateral wall is also a strong predictor
(R? = 0.86) of the degree of electrical resynchrony achieved by CRT. Extending this
result further, we tested the ability of a kernel-based regularization learning algorithm
to estimate the biomarkers from simulated ECG signals during CRT. By training with 33
CRT simulations in two patients each, we achieved good agreement (10% mean RMS

error) between model-derived and estimated biomarkers in six other patients.

7.1 Introduction

The 12-lead body-surface electrocardiogram (ECG) is the standard clinical mea-
surement for assessing cardiac electrical activity. The relative and absolute timing and
magnitude of body surface potentials capture the various phases of electrical events (e.g.
P, Q, R, S, T, U waves) in the heart. The QRS complex captures ventricular depolariza-
tion. Normal ventricular depolarization produces QRS complexes of approximately 90
ms in duration. In the case of dyssynchronous heart failure (DHF) introduced by left
bundle branch block (LBBB), depolarization follows a characteristic, delayed pattern
across the ventricle which exhibits a particular morphology in the ECG: the QRS com-
plex is widened >120 ms, QS or rS complexes appear in lead V1, and mono-phasic R
wave with absent Q waves appear in leads V6 and I [5]. Cardiac resynchronization ther-
apy (CRT) has been shown by large randomized studies to improve survival for patients
with mild and advanced DHF by improving synchrony of electrical activation [4, 1].
Subgroup analyses have frequently identified baseline QRS duration and morphology
as independent predictors of CRT outcomes: patients with LBBB and prolonged QRS
duration (>150 ms) exhibit better long-term outcomes, particularly LV reverse remod-
eling [3]. This reinforces the concept that LV electrical delay is an important factor for
predicting benefit from CRT [16] and remains an essential clinical guideline for recom-
mending patients for CRT.

The QRS duration is a coarse, global metric for electrical activation delay in
patients with LBBB. In reality, the recorded ECG is the result of complex interactions

between the intrinsic electrophysiological properties of the ventricular myocardium and
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its geometry and orientation relative to the body-surface electrodes. Patient-specific
computational models have the ability to deterministically simulate integrative processes
and provide more detailed estimates of patient-specific electrophysiology. The estimated
three-dimensional activation patterns predicted by the electrophysiology models (see
Chapter 5) allow the derivation of biomarkers of electrical dyssynchrony, particularly
in the LV, at baseline and during CRT. These markers can potentially provide better
estimates of likely CRT responders before device implantation and guide optimal CRT
settings for maximal long-term benefit. Moreover, since models of electrophysiology
deterministically capture the complex relation between the observed ECG signal and
model-derived biomarkers, we hypothesize that the biomarkers can be estimated using a

kernel-based regularization algorithm trained with simulations from a subset of patients.

7.2 Methods

7.2.1 Clinical data

The clinical data used for this study has been described extensively in Chapter 6.
In summary, 8 patients with dilated cardiomyopathy, left bundle branch block (LBBB),
NYHA class III heart failure, and LVEF < 35% were enrolled from the Veteran’s Ad-
ministration San Diego Healthcare System (San Diego, CA) after obtaining informed,
written consent to participate in an Institutional Review Board (IRB)-approved proto-
col. End-diastolic cardiac anatomy was obtained from CT and MR images. Standard
12-lead body-surface electrocardiograms were recorded (Bard Pro, Bard Electrophysi-
ology, Lowell, MA) at 1 kHz sampling rate. Details of measured patient properties at
baseline are described in the Methods section of Chapter 6.

Measurements of LV end-systolic volume were obtained for each patient after 6
months of pacing during an echocardiography study. CRT responders were identified by
a reduction LV end-systolic volume AESVyy > 10%. Responders were BiV6 (+50 mL;
+59%), BiV3 (+14 mL; +16%), BiV5 (+32 mL; +15%), and BiV1 (+17 mL; +12%).
Non-responders with a sub-threshold reduction or increased AESVyy included BiV8
(+8 mL; +7%), BiV2 (-3 mL; -2%), BiV4 (-22 mL; -12%), and BiV7 (-55 mL; -36%).
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7.2.2 Patient-specific electrophysiology model and simulations

Patient-specific biventricular models of end-diastolic geometry and fiber archi-
tecture were constructed from the clinical images of each of the 8 patients. The details
of geometric and fiber architecture models are given in the Methods sections of Chap-
ters 2 and 3, respectively. The human ventricular electrophysiology model included a
realistic description of ionic currents and monodomain reaction-diffusion. Transversely
isotropic electrical conductivity was defined in a 7:1 (fiber:transverse) ratio according to
the fiber architecture of the anatomical model. Details of the electrophysiology model
are presented in the Methods section of Chapter 4.

Simulations of ventricular depolarization during LBBB were performed as de-
scribed in the Methods section of Chapter 5 [21]. In summary, patient-specific activation
patterns were estimated by optimizing stimulus and regional conductivity parameters to
minimize the difference between simulated and measured vectorcardiograms (VCGs)
derived from 12-lead body-surface ECG; a total of 608 parameter combinations were
tested for each patient. The optimal parameter set minimized VCG angular deviations
and matched the measured total activation time (QRS width) within 10 ms. The LBBB
depolarization times at the mesh nodes were obtained from the resulting models.

Patient-specific activation patterns during CRT were simulated by applying ec-
topic stimuli at the ventricular lead positions and V-V delays of the pacing protocol
prescribed at time of device implant; details of the pacing protocol can be found in the
Methods section of Chapter 6. To explore the possibility for more optimal CRT pacing
settings than that prescribed at time of implant, 33 depolarization simulations were per-
formed for V-V delays in the range of -80 ms to 80 ms in 5 ms steps for each patient;
V-V delay is defined as tyry —tygy. CRT depolarization times at the mesh nodes were

obtained from the resulting models.

7.2.3 Derivation of electrical dyssynchrony biomarkers

Biomarkers of electrical dyssynchrony or delay between RV, septum, and LV re-
gions were computed from the activation times solved at the mesh nodes (8448 in total)

of the LBBB and CRT models. See Figure (7.1) for the definition of ventricular regions.
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Regional dyssynchrony metrics are of several generic types: 1) durations or delays com-
puted from the earliest and latest activation times within a region or between regions,
2) durations or delays computed from the mean activation time between regions, 3) re-
gional volume fraction of myocardium with periods of simultaneous activation (overlap)
with other regions, and 4) activation dyssynchrony defined as the mean difference in ac-
tivated volume fraction between regions. All quantities are expressed as fractions of
total regional dyssynchrony. See Table (7.1) for a description and associated equations

of selected biomarkers.

7.2.4 Kernel-based regularization learning algorithm

We applied a kernel-based, regularized machine learning algorithm with demon-
strated success for blood glucose monitoring [15] to estimate model-derived dyssyn-
chrony biomarkers from simulated VCG signals. We develop the mathematical frame-

work in this section.

Mathematical problem formulation

Without loss of generality, we can reformulate the problem of the dyssynchrony
biomarker prediction from simulated VCG signals as the problem of the reconstruction
of a real-valued function f : X — R,X C R¢ from a given data set z = {(i,yi) ¥, C
X x R. In particular, a training set z = {(x;,y;) }?_, consists of a simulated VCG signal
x; € R200%3 for the given delay and the corresponding dyssynchrony biomarker y; € R.

Our goal is to find a function f such that it minimizes the given data error, for

example,

fr=argmin ) (y; — g(x;))?, (7.1)
g i=1

where 77 is some class of functions. In practice we usually do not know the class .7
and also we assume that given metric values y; are not exact.

The choice of .77 could be a challenging task since if we choose .7 to be too
large then the function f in (7.1) will interpolate the given noisy data, and we end up in
over-fitting. However, our primary goal here is to predict biomarkers from VCG signals

rather than describe the data at hand. On the other hand, if .77 is chosen to be too simple,
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e.g. the space of linear polynomials, our function f may not even describe the training
data adequately, and will provide similarly bad performance. Therefore, one has to trade
off between the data fitting and the complexity of a data fitter.

Regularization provides us with one way to strike the appropriate balance in
creating our model or, equivalently, choosing an appropriate .7 [8]. One way to do this
is to introduce a penalization term in our minimization procedure as follows:

ERR(f) +4 w ,

empirical error penalization term

where the regularization parameter A governs a compromise between the attempt to fit
the given data and the desire to reduce the complexity of a data fitter. This will cause
the minimization to seek out simpler functions and incur less of a penalty.

One of the most efficient and well-known regularization methods is Tikhonov

regularization that can be written as:
1 ¢ 2 2
mZ(yi—f(xi)) + A5 (7.2)
i=1

where A is a regularization parameter and || - || ;» is the norm in the function space .77 .
It is clear from this formulation that the penalization should force a choice of f which is
as smooth as possible while still fitting the data. The norm of .7 will allow us to encode
this criterion, but in order to do that we need to choose a rather general and powerful
family of hypothesis spaces .77 . In the sequel we assume that .7#” belongs to a family of
reproducing kernel Hilbert spaces (RKHS).

Reproducing kernel Hilbert spaces

A reproducing kernel Hilbert space ¢ is a space of real-valued functions f de-
fined on X C R such that for every x € X the point-wise evaluation functional L, (f) :=
f(x) is continuous in the topology induced by the inner product (-,-), which gener-
ates the norm of 7. By the Riesz representation theorem, to every RKHS 7 there
corresponds a unique symmetric positive definite function K : X x X — R, called a re-
producing kernel of /# = J#%, that has the following reproducing property: f(x) =
(f(-),K(-,x)) forevery x € X and f € k.
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Having this general notion of a reproducing kernel is important because it allows
us to define a RKHS in terms of its reproducing kernel, rather than attempting to derive
the kernel from the definition of the function space directly. The following theorem

formally establishes the relationship between the RKHS and a reproducing kernel.

Theorem 1. A RKHS defines a corresponding reproducing kernel. Conversely, a repro-

ducing kernel defines a unique RKHS.

Examples of reproducing kernels

e Linear kernel

K(x,t) =x-t
e Gaussian kernel )
lx—1]
K(x,t) =exp(— 2 ), >0

e Polynomial kernel

K(x,t)=(x-t+1)?, deN

The concept of RKHS is widely used in learning, approximation, and regularization
theory, as well as computer vision. In general, it is quite difficult to find useful function
spaces that are not RKHS.

To summarize, if a space of functions can be represented as an RKHS, it has use-
ful properties (namely the inner product and the ability for each function to be evaluated
at each point) that allow us to use it to solve reconstruction and learning problems. A

comprehensive theory of reproducing kernel Hilbert spaces can be found in [2].

Choice of a regularization parameter and space

The Tikhonov method, even in its simplest form (7.2), raises two issues that
should be clarified before use of this scheme. One of them is how to choose a regu-
larization parameter A. This problem has been extensively discussed. A few selected
references from the literature are [19, 7, 11].

Another issue which needs to be addressed is the choice of a space 7. In the

case of RKHS setting the issue is, in fact, about the choice of a kernel for an RKHS. At
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the same time, as it has been mentioned by Micchelli, Pontil [13], even for the classical
RKHS-setting, a challenging and central problem is the choice of the kernel K itself.
Indeed, since in view of Wahba’s classical representer theorem [10] the minimizer f; of

(7.2) can be written in the form:

n

fr=re,()=Y K(x), i R i=1,2,...,n, (7.3)
i=1

the choice of the kernel K is tied to the problem of choosing the basis for the approx-
imation of the unknown function f. Clearly, this choice is problem-dependent and can
make a significant difference in practice.

In our case, we will use a specifically designed kernel choice rule, the kernel
adaptive regularization (KAR) algorithm [14], which is based on a split of a given data
set z, oriented towards extrapolation. The development of the KAR algorithm was moti-
vated by the problem of the blood glucose prediction in a diabetes patient from available
past and present blood glucose measurements. The algorithm was successfully tested in
extensive clinical trials and showed superior performance with respect to the state-of-

the-art methods based on autoregressive models and neural network models [15].

A posteriori regularization parameter choice

Suppose a kernel K is fixed, then an appropriate choice of the regularization
parameter A is important to get a good performance of f;. For example, one can use a
data-driven method for choosing the regularization parameter called the quasi-balancing
principle [6]. This heuristic principle can be seen as a combination of the balancing-
principle [6] and the quasi-optimality criterion [19]. In [6] and [11] it has been shown
that the balancing-principle and the quasi-optimality criterion may potentially give an
accuracy of optimal order for a given kernel K.

To apply the quasi-balancing principle [6] one needs to calculate the approxima-

tions f3 given by (7.3) for A from a finite geometric sequence

Ay ={A=204"5=0,1,2,....v}, g> 1. (7.4)
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Then one needs to calculate the norms

As As—
Gezmp(s> = ||nyz_fK7z] ||2 lzl (75)
{xitizy
A 2
= mz Z(cj’—cj“ VK (xi,x;) |
i=1 \j=1
A oAy
Gﬁ?&@) - ||fK,z_fK,z]||%(7 (76)
(7.7)
and find
Aemp = Ap, h:argmin{cfmp(s),s:1,2,...,v},
A = lp,p:argmin{cﬁﬁ((s),s:1,2,...,v}.

Finally, in accordance with the quasi-balancing principle a value of the regularization

parameter A = A, € Ay is given as
Ay =min{Aemp, Loz } (7.8)

As can be easily seen, the choice of the regularization parameter is fully governed by

the kernel and input data.

Kernel adaptive regularization algorithm

The general idea of the algorithm is to select a kernel from a set of admissible

kernels which allows for accurate extrapolation. It consists of four steps:

1. Split the given data set z = {(x;,y;) } lzz‘l into two parts z = zy Uzp without common

data points

co{xi: (xi,yi) € zr } N{x; : (xi,yi) €zp} =0,

where co{x;} is the closed convex hull of data points {x;}.

2. Then for the fixed z7 and the corresponding Tikhonov-type regularization func-

tional
1

e,

Y i)+ Alf % (7.9)

(xi,yi) €z

TK,A,ZT (f)

one considers a rule A = A(K) that for any kernel K on X selects a regularization

parameter from some fixed interval [Amin, Amax], Amin > 0.
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3. Using the set zr, one constructs the regularized approximant

A .
fK,zT :argmlnTK77L7zT(f)7 A :)L(K)?
and measures its extrapolation performance on the set zp by the value of the func-

tional P(f} 27+ ZP), Where

Pifar) =1 X Pk, (1.10)

2| i:(x;,yi)€zp

and p(-,-) is a continuous non-negative function of two variables.

4. Finally, the kernel K is chosen as the minimizer of the following functional

Q“(K,A,,Z) = .UTK,LZT (fl/},zr) + (1 - nu)(P(fI)(L,zT?ZP)) (7.11)
over the set of admissible kernels %", for example,
H = {K(x,u) = (xu)* —I—ﬁe_Y(x_“)z, o, B,ye[1074,3]}. (7.12)

Note that the parameter it € [0, 1] in (7.11) can be seen as a performance regulator
on the sets zr and zp. Taking u closer to zero we put more emphasize on the

ability to extrapolate, while for u > % we are more interested in interpolation.

It has been shown in [14] that the existence of a kernel of choice can be guaranteed for

a rather general form of set 7 .

Theorem 2. Let % (X) be the set of all kernels defined on X, Q be a compact metric
space, and G : Q — # (X) be a continuous map in the sense that for any x,u € X the
function w — K,,(x,u) € R is continuous on Q, where for w € Q the kernel K,, € # (X)
is given as K,, = G(w). Define

H =X (Q,G)={K:K=G(w),K € #(X),weQ}

to be the set of kernels parametrized via G by elements of 2.
Then for any parameter choice rule A = A(K) there are K° € #(Q,G) and A° €
[Amin, Amax| such that

0u(K°2%2) = inf{Qu(K,A(K),z),K € #(Q,G)}.

The proof of the Theorem can be found in [14].
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7.2.5 Estimation of dyssynchrony biomarkers from simulated VCGs

We explored the possibility to use the Theorem 2 in the context of predicting a
biomarker measuring the delay between the mean regional activation times of the septum
and LV lateral wall. To illustrate this, we used simulated data sets of eight patients. The
data set of each patient consisted of VCGs produced by CRT simulations where the
pacing protocol was varied over a range of V-V delays (-80 ms to 80 ms in 5 ms steps;
33 in total for each patient). Each profile contained a VCG signal with 200 time steps.
The corresponding biomarker value for each simulation was computed.

The training set z was formed by the data sets of the best and worst CRT respon-
ders (BiV6 and BiV7): z = {(x;,y;) ?gl,xi € R?00%3 y, ¢ R. The training set was used
to choose a kernel as described above. For this purpose, we split z into two parts z7 and
Zp, namely zp = {(xi,yi)}ilgl formed by five minimum and five maximum values of y;;
and zy = z\zp. The purpose behind such a split is to incorporate more data in the con-
struction of the estimator fI%JT (+), thus |z7| > |zp|. At the same time, we test the ability

of the estimator to extrapolate to extreme cases from observed data. Then the kernel
KO(x,1) = (xt)%% 4 1.001 exp(—0.25|x —1]?),

was chosen as approximate minimizer of the functional (7.11), where u = 0.1 and A =
A(K) is given by the quasi-balancing criterion (7.4)—(7.8) with Ag = 1.01-107%,¢4 =
1.01. Moreover, in (7.11) the functional P(f,zp) is given as a quadratic loss function,
e P(f,2p) = 51 Lic(wnyeny 01 — f(31))

The minimization was performed by a full search over the grid of parameters
o =10"%,8;=10"%j,3=10"%, i, j,l=1,2,...,3-10% Of course, the application
of the full search method in finding the minimum of (7.11) is computationally intensive,
but in the present context it can be performed off-line.

For the other six patients this kernel K° was used to construct regularized esti-
mators (7.3) that, starting from simulated VCG signal x € R?°%3 return an estimated
dyssynchrony metric value y = f; ko (x), where A (K?) was chosen from (7.4) in accor-

dance with the quasi-balancing principle (7.8) for the kernel K°.
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7.3 Results

7.3.1 Biomarkers of baseline dyssynchrony predict CRT response

Several biomarkers of electrical delay during LBBB showed high correlation
with CRT outcomes (AESVyy) measured after 6 months. Table (7.1) lists the top ten
predictive biomarkers of CRT outcome with R? coefficients greater than 0.75. Of note
is the total LV activation time defined as the delay between the earliest and latest acti-
vated parts of the LV as a fraction of the total QRS duration; Figure (7.2) illustrates the
derivation of the marker from the nodal activation times of the patient-specific models
optimized to the measured baseline VCG. The degree of total LV activation delay dur-
ing baseline LBBB explains up to 96% of the variance of CRT outcomes (Figure (7.3)),
highlighting the significance of this biomarker for indicating patient-specific pathophys-
1ological substrates that are highly amenable by CRT from baseline clinical measure-
ments only. Other predictive biomarkers include various measures of intra-ventricular
and inter-ventricular delay between the LV lateral wall and septum (late LV-early ST du-
ration, mean LVI]at-ST AT difference), RV lateral wall and septum (ST-RV AT duration
difference, ST-RV early AT delay), and LV and RV (LV-RV early AT delay, LV-RV AT
duration difference, LV-RV early AT delay, LV lateral-RV AT duration difference, LV
lateral-RV early AT delay). Overall, these results suggest that the severity of regional
dyssynchrony is an important predictor for the likelihood of positive long-term CRT

outcomes.

7.3.2 Biomarker of dyssynchrony during CRT suggests optimal pac-

ing protocol

A biomarker measuring the delay between the mean activation time of the sep-
tum and LV lateral wall (mean LVlat-ST activation delay) exhibited a high correlation
(R%2=0.91) with AESVy at baseline as well as with the change due to CRT (R2=0.92);
Figure (7.4) illustrates the derivation of the marker from the nodal activation times of the
patient-specific models during simulated CRT, where the effective V-V delay (adjusted

for pacing capture delays) was determined by matching to the measured QRS duration
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of the ECG recorded during acute CRT. The degree of reduction of delay between the
septum and LV lateral wall due to CRT explained up to 92% of the variance of CRT
outcomes (Figure (7.5)).

Using the mean LVIat-ST activation delay as a biomarker of acute CRT efficacy,
the variation of this marker was recomputed from CRT simulations over a range of V-V
delays in each patient. Figure (7.6) shows the generated curves for each patient with the
effective V-V delay during acute CRT denoted by circles. The minimal dyssynchrony in
the range of tested V-V delays occurs at the zero-crossings (x intercept) of the curves,
though not all occur at a V-V delay of 0 ms. The shift of the point of minimal dyssyn-
chrony away from simultaneous pacing is due to patient-specific variations in ventricular
geometry, relative V-lead position, and myocardial conductivity. In the case of BiV2,
a considerable shift of minimal dyssynchrony toward a negative V-V delay of -25 ms
(RV lead before LV lead) is possibly due to the presence of an infero-septal infarct near
the RV lead. All curves feature a steep, approximately linear slope about the point of
minimal dyssynchrony, with flattened slopes at extreme V-V delays. This suggests that
minimal dyssynchrony between septal and LV lateral activation is achieved mechanisti-
cally by well-timed stimuli such that their resulting depolarization waves meet between
the septum and LV lateral wall. Sub-optimally programmed V-V delays give rise to
situations where the depolarization waves meet closer to either wall, thereby increasing
the delay in mean activation time of the regions. In extreme cases (flat regions of the
curve), the depolarization wave from the early lead reaches the location of the late lead
before the latter stimulates, introducing possibly worse dyssynchrony than baseline and

reducing the sensitivity of dyssynchrony to local changes in V-V delay.

7.3.3 Machine-learned estimates of dyssynchrony biomarkers

We tested the ability of the kernel-based regularization learning algorithm to
predict the mean LVIat-ST activation delay for a given patient and V-V delay using only
the corresponding simulated VCG signal during CRT. The optimal kernel was trained
by the biomarker values and simulated VCGs from BiV6 and BiV7, and estimates of
the biomarker at a given V-V delay were made in the remaining 6 patients using the

corresponding VCG signal. Figure (7.7) compares the estimated and computed values
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of mean LVIat-ST activation delay over the range of tested V-V delays. Table (7.2)
shows the mean relative error
-l

RE=1y Ilya = vyl
na=1 H)’dH

Y

where y; and yjl are the model and estimated biomarker values, respectively, for a given
V-V delay d, over all n V-V delays tested in each patient. Estimated values from the
learning algorithm showed very good agreement with the original model-derived values
over the range of tested V-V delays, particularly at the V-V delay of minimal dyssyn-
chrony, despite inter-patient variability in ventricular geometry, lead placement, and
myocardial conductivity. This result demonstrates the possibility of machine learning
algorithms to extract important physiological detail from relatively simple signals, given

appropriate model assumptions and training data sample size.

7.4 Discussion

In this study, we used patient-specific computational models to predict electrical
characteristics during LBBB and CRT that are predictive of long-term CRT outcomes.
The combination of computational models with machine learning techniques is a pow-
erful technique to derived detailed model-derived details of physiology from observed
clinical measurements. The models can provide “ground truth” information to explain
the variations in measured clinical data. This is a relatively new field given the com-
plexity of computational physiological models. A recent example of combining model
simulations with machine learning was by Prakosa et al. to estimate electrical activa-
tion times from cardiac image sequences using a simulated database of model-derived
motion descriptors [17]. The results shown here demonstrate the possibility of using
standard, routine clinical ECG measurements to provide clinicians with important phys-
iological details for making clinical decisions. In addition to the dyssynchrony met-
rics, the estimated activation patterns reveal the earliest and latest activation sites in the
ventricles which may guide optimal anatomical positioning of the LV and RV V-leads
during CRT device implantation. The influence of lead position is an area of intense

study. In this study, lead position was not varied to determine how much more the mod-



176

els could have improved. This could be an area of further study, as the lead position and
V-V delays will undoubtedly affect the resulting electrical activation and mechanical
contraction sequence.

Clinical investigations support the idea that more precise characterization of LV
electrical dyssynchrony are associated with better CRT outcomes. Gold et al. demon-
strated that the severity of electrical delay as measured by QLV strongly predicts reverse
remodeling after 6 months of CRT [9]. A study by Lin et al. confirmed the predictive
value of QLV, adding that the timing between the RV and LV lead positions be accounted
for [12]. Similarly, Singh et al. [18] also demonstrated invasively that baseline LV acti-
vation delay correlates with reverse remodeling. Optimal CRT parameters are typically
determined at time of implant by adjusting durations of the A-V and V-V delay to maxi-
mize ejection fraction. Van Deursen et al. [20] used vectorcardiography (VCGQG) to adjust
the delay parameters, demonstrating that optimal acute hemodynamic improvement is
obtained by adjusting the VV delay such that the mean amplitude of LV-only and RV-
only pacing extremes is achieved. Optimal lead placement has been also been found to

coincide with the latest activated parts of the LV wall [12, 9].

7.5 Conclusion

We have demonstrated that patient-specific models of LBBB and CRT electro-
physiology can provide useful indices of electrical dyssynchrony and resynchrony that
are predictive of CRT outcomes. A kernel-based regularization learning algorithm was
employed to explore the possibility of estimating resynchrony metrics from simulated
VCGs alone. This is a proof of concept that it may be possible to estimate baseline
dyssynchrony, defined as total LV activation time, from standard clinical ECG mea-
surements alone by training the learning algorithm with a comprehensive database of
simulated VCGs of LBBB activation. If validated, this could potentially become a pow-
erful tool for low-cost, non-invasive assessment of patient-specific CRT candidacy and

prediction for likelihood for CRT response.
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Table 7.1: Table of selected dyssynchrony biomarkers.
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Metric Title Description State Equation R?
| | Total LV AT The total activation duration Baseline ATy max — AToy min 093
duration (% QRS) | in the whole LV QRS pss :
The total activation duration
between the earliest
5 | Late LV-early ST | activation time in the septum Baseline ATy max — ATsr min 093
duration (%QRS) | and the latest activation in QRS s ’
the whole LV. This is similar
to metric (1).
3 Mean LVIat-ST Th‘? de.l ay b.etwef:n tlllle mean | . seline/CRT AT yiat_mean — ATsT mean 0.91/0.92
AT difference activation times in the change —Q RS A .
septum and LV lateral wall LBBB
ATsr max — ATsr_min
ST-RV AT The difference in total %
4 | duration activation time between ST Baseline ST max 0.87
. . (ATRV max ATRV min)
difference and RV regions. -
ATRV_max
ST-RV early AT The delay between the . ATsr_min — ATRy_min
5 delay (%QRS) carliest activation times in Baseline BT — 0.86
Y the septum and RV LBBB
LV-RV electrical | The delay between the ATro— — ATw
6 | early AT delay earliest activation times in Baseline W 0.85
(%QRS) the whole LV and RV. LBBE
ATiviat max — ATwiae_min
LV-RV AT The difference in total (AT, t;”, Wiat min)
7 | duration activation time between LV Baseline Lviat max 0.85
. . (ATRV max ATRV min)
difference and RV regions. T
RV_max
LV-RV carly AT | Lhe delay between the . ATy min = ATry min
8 delay (%QRS) earliest activation times in Baseline BT — 0.85
Y the LV and RV. L8B3
LV lateral-RV AT AT, _ AT, ]
duration The difference in total ATy ;;";x wtat min)
9 | difference (Y%max activation time betyveen LV Baseline (ATsr mg "i—’;"fn i) 0.78
ATs) lateral and RV regions. -——
ATST,max
LV lateral-RV The delay between the AT AT
10 | electrical early AT | earliest activation times in Baseline —lat min TRV min 0.76

delay (%QRS)

the LV lateral wall and RV.

QRSLBBB

Table 7.2: Relative errors of biomarker estimates from simulated VCGs during CRT.

Patient ‘ BiVl BiV2 BiV3 BiV4 BiV5 BiV8

Error ‘0.086 0.183 0.011 0.167 0.129 0.050
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Figure 7.3: LV activation time biomarker correlates with CRT outcomes measured as the degree
of LV reverse remodeling AESV1y after 6 months of CRT.
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Figure 7.5: The change in mean LVIat-ST activation biomarker correlates with CRT outcomes.
The difference between the mean activation times in the septum and LV lateral wall during CRT
is a strong predictor of the degree of LV reverse remodeling after 6 months of CRT.
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mean LVIat/ST AT difference (%max ATs)
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VV delay (ms)
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Biv4 O  BiV4-usedVV
BiV5 O  BiV5-usedVV
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Figure 7.6: Variation of mean LVIat-ST delay over VV delay. The circles denote the effective
VV delay (adjusted to measured QRS) programmed at time of implant. Optimal VV delays for
maximal resynchronization should minimize the mean LVI]at-ST delay to zero. Note that in some
patients (BiV1, BiV2, BiV8) minimal mean LVIat-ST is achieved at negative VV delays where
the RV lead is stimulated before the LV lead. The presence of an postero-septal infarct near the
RV pacing site in BiV2 may explain the need to use a considerably negative VV delay.
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Figure 7.7: Estimated mean LVlat-ST biomarker values over VV delay by the learning algo-
rithm. Mean relative errors over the curve are listed in Table (7.2). The learning algorithm was
trained to relate the simulated VCGs to mean LVI1at-ST over a range of VV delays using data
from BiV6 and BiV7. The trained learning algorithm estimated the value of the biomarker using
only the simulated VCGs correponding to each VV delay in the remaining six patients.
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Chapter 8
Conclusion to the Dissertation

We have successfully demonstrated the novel use of patient-specific computa-
tional models of dyssynchronous heart failure (DHF) and cardiac resynchronization
therapy (CRT) to gain new understanding of physiological mechanisms and predictors
of LV reverse remodeling in order to support clinical decisions regarding CRT candidacy
and personalization of therapy.

We first developed a process for constructing computational models of DHF
from clinical data. Biventricular anatomy was modeled using high-order finite ele-
ment methods to capture dilated geometry and myocardial infarction from CT, MR, and
SPECT images (Chapter 2). The ventricular fiber architecture was estimated by map-
ping an atlas fiber model fitted to DT-MR measurements of a human organ donor heart
to the patient-specific geometric models (Chapter 3). Within the biventricular geomet-
ric domain, a model of human ventricular myocyte action potential electrogenesis and
propagation was described, and the numerical convergence of activation time solutions
was validated to be on the order of certainty of gold—standard clinical electroanatomic
measurements (Chapter 4). Finally, we estimated patient-specific, 3D electrical acti-
vation patterns due to LBBB by a novel method using ECG-derived VCG signals to
localize an ectopic RV stimulus site and tune regional myocardial conductivities (Chap-
ter 5). The estimated electrical activation patterns defined the local onset of LV systolic
contraction and global ejection fraction using patient-specific models of biomechanics
and hemodynamics developed with Adarsh Krishnamurthy.

The complete electromechanics models were used to test hypotheses for physi-
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ological mechanisms and predictors of long-term CRT outcomes. We showed that the
baseline and change in fraction of LV and septal myocardium performing net negative
cardiac cycle work correlated with the degree of LV reverse remodeling (Chapter 6).
This results suggests that the regional work could be an important tissue-level stimulus
for cell-level reverse remodeling processes. Furthermore, myocardial work was found to
be most sensitive to patient-specific hemodynamics, geometry, and electrical activation
pattern due to LBBB and CRT. Finally, using biomarkers derived from reduced patient-
specific models of electrophysiology only, we showed that the baseline and change in
LV dyssynchrony also correlated with the degree of LV reverse remodeling (Chapter 7).
This result suggests new criteria for recommending DHF patients for CRT and person-
alizing CRT pacing parameters to achieve maximal therapeutic benefit. Moreover, we
provided initial proof of the concept that a kernel-based regularization learning algo-
rithm can estimate LV dyssynchrony directly from VCG signals.

Future work can address several issues with model construction from clinical
data. Further development and validation of models constructed from minimal clini-
cal data are important for striking a balance between cost and accuracy. For example,
sufficiently accurate geometries may be constructed from 2D or 3D echocardiography
images rather than full 3D MR and CT scans. Mesh generation throughput can also im-
prove from automated, image-based deformable registration of geometric atlases. We
expect that the influence of patient-specific fiber architecture is minimal for comput-
ing work distributions and electrical activation patterns. Therefore, a fiber atlas from
DT-MR data of excised hearts may be sufficient to estimate patient fiber architectures
without in vivo DT-MR data. The parameterization of patient-specific electrophysiology
models was a computationally expensive procedure that involved hundreds of depolar-
ization simulations for each patient. However, machine learning techniques could train
on simulation databases to estimate conductivity and ectopic activation sites from ECG
signals.

The hypothesis that regional myocardial work drives cellular mechanisms lead-
ing to reverse remodeling can be further tested by coupling the current model to known
mechano-energetic processes of cellular growth and remodeling. The validity of model-

derived biomarkers for making baseline predictions of LV reverse remodeling should be
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tested in a large, blinded patient study. Similarly, a biventricular pacing study should
validate the relation between VCG morphology and V-V delay, lead position, and LV
electrical activation. Finally, by incorporating and abstracting the information contained
in large simulation databases of deterministic, biophysically detailed models, machine
learning algorithms could possibly make predictions of long-term outcomes and sug-
gestions for therapy planning and application from routine clinical measurements alone,
given appropriate assumptions and use cases. The results of Chapter 7 should be vali-
dated in a large patient cohort using VCGs derived from measured standard 12-lead or
reduced-lead ECGs .

As shown by the work in this dissertation, computational modeling holds great
promise as a viable and important clinical tool to help cardiologists and other health care

providers deliver the best personalized treatment for the individual heart failure patient.
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