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Abstract 
Congenital heart disease (CHD) remains the most prevalent major birth defect, affecting 

millions of children globally each year. Though advances in surgical and medical care have 

substantially improved survival, long-term morbidity persists, often due to maladaptive 

cardiac and vascular remodeling. Whether from congenital lesions or their surgical 

correction, abnormal ventricular loading leads to complex growth and remodeling 

processes that initially compensate for increased stress but ultimately lead to dysfunction 

and heart failure. Predicting these growth patterns, particularly in children whose hearts 

are concurrently undergoing somatic development, remains a significant clinical 

challenge. 

This dissertation develops a unified computational framework linking hemodynamics and 

ventricular growth across health and disease, with specific applications to coarctation of 

the aorta (CoA) and borderline left heart (BLH) hypoplasia. A reduced-order lumped 

parameter circulation model was first used to study the hemodynamic and structural 

consequences of CoA and its surgical repair in a rabbit model. By employing inverse 

modeling to fit simulation outputs to experimental data, we identified persistent reductions 

in ascending aortic compliance even after CoA correction, suggesting enduring vascular 

remodeling. 

To establish a healthy baseline for pathologic growth studies, the circulation model was 

extended and coupled to a strain-based growth model to simulate normal somatic 
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ventricular growth during infancy. Using weight-based allometric scaling and maturation 

functions to generate input parameters, the model simulated normal cardiac growth from 

birth to three years of age. Model validation against published clinical data confirmed that 

outputs for pressures, chamber volumes, and wall thicknesses fell within expected 

physiological ranges. 

Building upon these validated results, the framework was applied to simulate staged left 

ventricular recruitment (SLVR), a novel surgical strategy for infants with BLH. Through 

simultaneous simulations across a range of patient phenotypes, we explored the factors 

governing successful versus unsuccessful SLVR outcomes, where success was defined by 

the current clinical standard of a post-SLVR indexed left ventricular end-diastolic volume > 

40 ml/m2. Machine learning analysis of model results identified initial left ventricular end-

diastolic volume Z-score, presence of endocardial fibroelastosis, and degree of aortic valve 

regurgitation as key determinants of SLVR success or failure. Successful cases 

demonstrated balanced hypertrophic growth (increased wall thickness and cavity volume), 

whereas failed cases exhibited minimal adaptive hypertrophy beyond somatic growth 

expectations. 

Overall, this work integrates somatic development and pathologic adaptation into a 

cohesive computational growth framework. The models advance our understanding of how 

persistent mechanical abnormalities drive both adaptive and maladaptive remodeling, 

providing tools for optimizing surgical decision-making in complex congenital heart 

disease.   
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Chapter 1: Introduction 
 

Abbreviations 

BLH: borderline left heart 

CHD: congenital heart disease 

CoA: coarctation of the aorta 

LV: left ventricle 

RV: right ventricle 

SLVR: staged left ventricular recruitment 

SV: single ventricle 

 

Background and Clinical Motivation 

Congenital heart disease (CHD) affects between 560,000 to 7 million  children born per 

year, making it the most common form of major birth defects [1, 2]. Advances in care have 

significantly reduced mortality rates, with the largest reduction occurring in infants and 

children with severe forms of CHD [2, 3], where surgical intervention is required in the first 

year of life. The number of adults living with severe CHDs now rivals the number of children 

[4], and it is expected that 85% of children born today with severe CHDs can expect to live 

into adulthood [5].  However, with that reduction comes increased rates of complications 

persisting well past adolescence, including systemic or pulmonary hypertension, 

aneurysm, and arrhythmias [3].  

All CHDs lead to abnormal loading of the ventricles [6]. For example, coarctation of the 

aorta leads to pressure overload of the left ventricle (LV) due to increased afterload [7], 
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while the LV of a patient with a large ventricular septal defect can experience volume 

overload from pulmonary over-circulation arising from left-to-right shunting [8]. The 

ventricles adapt to the abnormal loading conditions at both the macroscopic and 

microscopic levels in a simultaneous process of growth and remodeling (colloquially, these 

are often combined into a singular “remodeling”). During growth, cardiomyocytes respond 

to increased stress and strain by hypertrophying, expanding the ventricular cavity volume in 

response to volume overload (eccentric hypertrophy) and/or increasing the ventricular wall 

thickness in response to pressure overload (concentric hypertrophy) [9]. During 

remodeling, the cellular composition and extracellular matrix of the ventricle changes, 

often characterized by myocyte hypertrophy or apoptosis, fibroblast infiltration, and 

interstitial fibrosis [10]. Though in the short term growth and remodeling can initially 

attenuate the increased stress from abnormal loading patterns, in the long term it is 

ultimately a maladaptive process—the abnormal ventricles produce abnormal 

hemodynamics, which lead to adverse remodeling in the intrathoracic great vessels, which 

leads to abnormal loading of the ventricles. This vicious cycle continues until the ventricles 

can no longer compensate, with heart failure soon to follow [11].  

Even with treatment, most abnormal loading conditions are not completely eliminated, 

particularly when remodeling has already occurred [12–14]. Occasionally, abnormal 

loading is inherently part of the treatment itself. Patients with hypoplastic left heart 

syndrome, for example, will unavoidably experience both types of overloading to various 

degrees throughout the course of surgical palliation, which reroutes blood flow in each of 
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the three staged surgeries [15]. These multiplicative changes to ventricular loading in both 

pathology and treatment make predicting outcomes—especially in growing children—

incredibly challenging.  

Computational models are useful tools for addressing this challenge. By translating the 

cardiovascular system into discrete interconnected elements, the in-silico environment 

allows researchers to overcome limitations of traditional studies: patient populations are 

potentially infinite, computational models are risk free, and the effects of interventions can 

be analyzed in isolation. Cardiovascular models have been designed with a wide range of 

fidelity, from three-dimensional models replicating patient-specific anatomy from MR or CT 

imaging to zero-dimensional models of the average adult human circulation [16]. All have 

their own benefits and drawbacks. Higher-order models are ideal for analyzing local effects 

such as myocardial stress and strain distributions [17], velocity profiles [18], and energy 

losses [19], and are often preferred when modeling individual patients [16]. However, they 

pay for their precision with high computational expense, making simulation of long-term, 

iterative processes like growth and remodeling impractical for clinical translation [20]. In 

contrast, reduced-order models sacrifice local spatial fidelity for speed, allowing for the 

efficient simulation of global hemodynamics. Faster computation times give reduced-order 

models an advantage in tasks that require numerous consecutive simulations, such as 

growth modeling, patient-specific parameterization, and sensitivity and uncertainty 

analyses [21, 22]. Of those tasks, growth modeling has proved the most challenging, with 

the highest potential benefits in making longitudinal predictions. For soft tissues, two 
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methods are commonly employed in computational models: the simpler volumetric 

growth theory, which treats the tissue as a uniform material [23], and the more complex 

constrained mixture theory, which considers multiple constituents, each with their own 

rates of cell turnover and evolving material properties [24]. For a more thorough 

explanation of soft tissue growth models, we refer interested readers to reviews by 

Humphrey [25] and Yoshida and Holmes [26]. 

Vascular Remodeling and Load: Lessons from Coarctation of the Aorta 

Coarctation of the aorta (CoA) is a congenital cardiovascular lesion that typically presents 

as a localized narrowing of the proximal descending aorta just distal to the left subclavian 

artery. The constriction forces the LV to work harder to pump blood to the systemic 

circulation, often leading to concentric LV hypertrophy as well as hypertension [27–30]. The 

vessels surrounding the coarctation remodel in response to the abnormal flow pattern: 

proximal to the coarctation, vessel walls present with fibrosis, intimal thickening, and 

elastin degradation, all of which increase stiffness [31, 32]. Immediately downstream of the 

coarctation, a high velocity jet impacts the aortic wall, increasing wall shear stress and 

causing endothelial dysfunction [12].  

Much of this adverse remodeling—and the symptoms that come with it—appears to persist 

even after coarctation repair [29, 30, 33]. However, the incidence and time course of the 

remodeling are highly variable, and no single clinical metric fully describes the interplay 

between cardiovascular remodeling and function. To that end, we developed a zero-

dimensional lumped parameter model of the heart and circulation capable of simulating 
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aortic coarctation, then used it to estimate differences in ascending aortic compliance and 

peripheral resistance from imaging and catheterization data collected using a rabbit model 

of CoA and correction [34]. We used an inverse modeling approach, fitting our unknown 

input parameters by minimizing the difference between model hemodynamic outputs and 

experimental measurements. By examining the final values of those parameters between 

each group, we could gain insight into similarities and differences between the control, 

CoA, and treated groups. In particular, we found that we could not match the 

hemodynamics of the CoA or the treated group without reducing ascending aortic 

compliance from its control value, suggesting these groups experienced aortic remodeling 

that persisted after coarctation repair. In addition, both groups required an increase in the 

parameter dictating LV thickness, though the magnitude of increase was less in the 

corrected group, and the increase in measured thickness between the corrected and 

control groups was not significant. This suggests the potential for a partial reversal of 

hypertrophy after treatment, aligning with results in humans with CoA [35]. However, the 

model only considered a single moment in time—determining the time course of growth 

requires a more sophisticated approach. 

Somatic Growth: Baseline for Understanding Pathologic Growth 

Unless driven by exercise or pregnancy, ventricular growth in adults is invariably a 

pathologic process. In children, however, this is not the case. All children and adolescents, 

healthy or not, experience normal somatic growth of all their tissues, including the 

cardiovascular system. To effectively simulate pathologic ventricular growth in children, it 
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is essential to account for somatic growth. This area is underexplored in growth modeling—

to our knowledge, pediatric growth modeling has been limited to skin and bone in humans 

[36, 37] and aortas in developing mice [38]. 

To model ventricular growth in children, we modified the aforementioned circulation model 

to represent a healthy infant’s cardiovascular system and connected it to a two-

dimensional model of the ventricles, which use a volumetric growth method to grow and 

atrophy in the circumferential and radial directions with changes in ventricular strain 

(Figures 1-2). Using weight-based allometric scaling [39] and maturation functions [40], we 

generated a matrix of input parameters from birth to three years of age. We validated the 

model throughout this age range by comparing outputs to clinical measurements of 

pressures, ventricular and atrial volumes, and ventricular thicknesses. All model outputs 

for this ventricular growth model fell within two standard deviations of multiple studies of 

healthy infants. 
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Figure 1: Schematic of the normal infant circulation model, coupled with the ventricular 

growth model. Inset: simplified left ventricular geometry. AV: aortic valve; h: ventricular 

thickness; LA: left atrium; LV: left ventricle; MV: mitral valve; PV: pulmonary valve; r: 

ventricular radius; RA: right atrium; RV: right ventricle; TV: tricuspid valve  
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Figure 2: Illustration of concentric ventricular growth in the model. At day i, the ventricle 

has a somatic unloaded thickness, h0_s. At day i+1, the ventricle has a new somatic 

unloaded thickness, and some additional thickness due to pathology, determined by 

multiplying the somatic thickness by growth tensor Fg. Eccentric growth follows the 

same pattern, using unloaded cavity radius r0. 
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To test the model’s ability to superimpose pathologic growth onto somatic growth, we 

simulated CoA by gradually increasing the resistance associated with the ascending aorta 

to represent progressive restriction as the tissue around the coarctation grows with age. 

This led to expected increases in LV thickness, end-diastolic volume, and systemic blood 

pressure—in addition to the normal development-driven trajectories of these metrics. 

Exploring Pathologic and Adaptive Growth in Borderline Left Heart 

The central clinical challenge addressed by this thesis concerns the LV growth of patients 

with borderline left heart (BLH) undergoing staged left ventricular recruitment (SLVR). BLH 

is a subset of left heart hypoplasia, wherein the LV and associated structures such as the 

mitral valve and aorta fail to develop properly in utero [41]. BLH is associated with a broad 

spectrum of defects, including complex aortic stenosis with or without coarctation, 

Shone’s complex, unbalanced atrioventricular septal defects, double outlet right ventricle, 

hypoplastic left heart syndrome with mitral and aortic stenosis, and interrupted aortic arch 

with ventricular septal defect, among others [41, 42]. The large variability in phenotypes 

complicates treatment decisions. If the LV is near-normal size with only minor inflow or 

outflow tract defects, clinicians can opt to perform a biventricular repair soon after birth. If 

the LV is considered too small to salvage, the patient is initiated on a single ventricle (SV) 

palliation pathway, ultimately converting the RV or combined RV-LV into a single systemic 

ventricle. Both options are not without significant risk. Critically, when biventricular repair 

is performed and fails, there is rapid development of pulmonary hypertension and recurring 

obstructive lesions leading to difficulty listing for transplant and increased mortality [43–
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45]. As the more traditional treatment option [43], the risks of SV palliation (consisting of 

three staged surgeries within the first few years of life) are now well-known, including shunt 

thrombosis, RV dysfunction, and Fontan (third stage) failure [46–48].  

For patients with BLH—the gray area between the two extremes of left heart hypoplasia—

the bi- versus univentricular decision is more challenging still. Though scoring systems 

have attempted to predict survival for patients undergoing early biventricular repair, they 

are heavily flawed. The most common systems are based on patients with critical aortic 

stenosis [49–51] rather than the more complex BLH, and more modern systems developed 

for BLH [52, 53] are based on retrospective analyses of single-center populations that 

included only 12 and 8 biventricular patients, respectively. 

Within the past 15 years, SLVR has emerged as a strategy to postpone the critical treatment 

pathway decision for patients with BLH [54]. Patients are initially started on the SV 

pathway, typically completing two of the three staged palliative surgeries by 4-6 months of 

age. During the second surgical stage, rather than leaving the interatrial communication 

widely patent, it is made restrictive, forcing blood to flow into the hypoplastic LV while the 

RV continues to supply the majority of systemic flow. This state is maintained until the 

typical Fontan age (~ 2 to 3 years of age), when clinicians can assess the LV for adequate 

growth and commit to either an SV or biventricular pathway [55]. 

As it is a relatively new technique, several questions about the effectiveness of SLVR have 

yet to be answered, chief of which is the LV growth process itself. SLVR success is 
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determined using indexed LV end-diastolic volume (LVEDV), which only considers cavity 

dimensions, not overall LV mass or thickness. An increase in LV cavity volume without a 

concurrent increase in wall mass (dilatation, see Figure 3) can be indicative of 

decompensation, such as that seen in patients with dilated cardiomyopathy [56].  
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Figure 3: Patterns of ventricular hypertrophy. An increase in cavity volume without a 

concurrent increase in thickening presents as pathologic dilatation (top right). 
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Thus, our objective was to apply and extend our circulation and growth model framework to 

simulate SLVR to determine LV hypertrophy trajectories and patterns. By generating a 

simulated group of BLH patients with a variety of phenotypes, we determined which initial 

factors influence SLVR success and failure, providing insight into risk and resilience 

metrics. A predictive model trained on model results determined that initial LVEDV Z-score, 

the presence of endocardial fibroelastosis, and aortic valve regurgitation were the most 

important factors governing SLVR success and failure. We also explored whether observed 

LV growth in patients with a “successful” SLVR reflects healthy hypertrophy or maladaptive 

dilatation.  According to model results, thickening generally matched dilatation in 

successful SLVR, suggesting LVEDV is an acceptable surrogate measurement for overall LV 

hypertrophy. In patients with unsuccessful SLVR, the LV did not demonstrate much growth 

beyond the expected somatic amount, i.e., they did not experience additional adaptive 

growth from SLVR. 

Rationale and Hypotheses 

This sequence of models builds a unified framework linking vascular mechanics, cardiac 

load, and ventricular growth in health and disease. With the CoA circulatory model 

(Chapter 3), we investigated how changes in pressure and flow drive vascular and 

ventricular remodeling. With the somatic infant growth model (Chapter 4), we established 

normal ventricular adaptation to developmental load. Finally, with the SLVR model 

(Chapter 5), we combined our approaches to explore maladaptive remodeling. 

Our hypotheses were threefold: 
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1. Persistent mechanical abnormalities (e.g., elevated afterload or abnormal 

compliance) underlie maladaptive growth patterns. 

2. SLVR patients do not experience proportional thickening of the LV wall during SLVR; 

their apparent increase in volume primarily reflects dilatation. 

3. By integrating somatic and pathologic growth processes, we can predict which 

patients may achieve true functional hypertrophy sufficient for successful 

biventricular repair. 

Chapter Overview 

In Chapter 2, I review the literature on reduced-order cardiovascular modeling of SV 

pathologies. Chapter 3 describes the rabbit CoA circulation model and results. Chapter 4 

covers the somatic infant growth model and validation. Chapter 5 presents the SLVR 

model, results, and analyses. Chapter 6 synthesizes insights, discusses clinical 

implications and limitations, and outlines future directions for our model and the 

computational modeling field as a whole.  
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Chapter 2: In Silico Hemodynamics of the Single Ventricle: 
Lumped Parameter Approaches 
 

Abstract 

Single ventricle (SV) pathologies encompass a group of severe congenital heart defects 

that result in a heart with a single functional ventricle supporting both systemic and 

pulmonary circulations. Management is palliative in nature, typically proceeding through 

three surgical stages (S1P-S3P). Each stage profoundly alters cardiovascular anatomy and 

physiology, modifying ventricular loading conditions, vascular resistances, and flow 

throughout the circulatory system. Computational models have emerged as useful tools 

for elucidating the complex hemodynamics of SV physiology, testing surgical variations, 

and guiding clinical decision-making. Among these, lumped parameter models (LPMs) 

provide a computationally efficient framework for simulating global hemodynamics by 

leveraging electrical circuit analogies. This review focuses on the development of SV LPMs 

by first tracing the history of cardiovascular LPMs, including governing equations and key 

assumptions. We then address their application to SV physiology, distinguishing between 

uncoupled (zero-dimensional) and multiscale models that couple the LPM to higher-order 

(typically 3D finite-element) representations. For each palliative stage—S1P, S2P, and 

S3P—we summarize major modeling efforts, highlight insights gained, and discuss 

limitations. Finally, we explore emerging directions in SV LPM research, including fetal 
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interventions, non-surgical modeling opportunities, and the need for cross-disciplinary 

collaboration. 

Abbreviations 

ABG: assisted bidirectional Glenn 

AV: atrioventricular 

BCPA: bidirectional cavopulmonary anastomosis 

CFD: computational fluid dynamics 

CHD: congenital heart disease 

CO: cardiac output 

DO2: oxygen delivery (to tissues) 

EDPVR: end-diastolic pressure-volume relationship 

ESPVR: end-systolic pressure-volume relationship 

FAV: fetal aortic valvuloplasty 

HLHS: hypoplastic left heart syndrome 

IVC: inferior vena cava 

LPM: lumped parameter model 

LV: left ventricle 

mBTT: modified Blalock-Thomas-Taussig (shunt) 

PVR: pulmonary vascular resistance 

Qp:Qs: pulmonary-to-systemic flow split 

RBTT: reverse Blalock-Thomas-Taussig (shunt) 

RV: right ventricle 

RVPA: right ventricle-to-pulmonary artery (shunt) 

S1P: Stage 1 Palliation 

S2P: Stage 2 Palliation 
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S3P: Stage 3 Palliation 

SV: single ventricle 

SVC: superior vena cava 

TCPC: total cavopulmonary connection 

VAD: ventricular assist device 

 

1. Introduction 

“Single ventricle” (SV) is a general term used to describe a range of congenital cardiac 

abnormalities resulting in a heart with a single functional ventricle. Conditions include 

hypoplastic left/right heart syndrome, tricuspid atresia, double-inlet left ventricle, and 

unbalanced atrioventricular septal defects [1]. Though SV pathologies are rare, comprising 

only 7.7% of all congenital heart disease (CHD) diagnoses, they are responsible for nearly a 

quarter of all neonatal CHD deaths [2]. Additionally, current SV treatment strategies are not 

curative, and survivors face lifelong, debilitating declines in overall health, burdened by 

persistent dysfunction not only in the cardiovascular system, but also across the 

gastrointestinal, pulmonary, and renal systems [3, 4]. In the aggregate, these comorbidities 

lead to increased hospitalizations and healthcare resource utilization [5]. On an individual 

level, they can lead to a decline in self-assessed quality of life and mental health [6]. 

Infants with SV defects typically require immediate treatment within the first week of life to 

ensure their functional ventricle can supply both systemic and pulmonary circulations [7]. 

However, this anatomic configuration places the single ventricle under significant 
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overloading, with some estimating a three-fold increase in stroke volume [8]. As this state 

is unsustainable in the long term, the current standard of care involves staged palliative 

surgeries. The initial surgery stabilizes the patient while their pulmonary vasculature 

develops and pulmonary resistance decreases. Follow-up procedures reconfigure the 

functional ventricle to provide only systemic flow, reducing the overloading. Ultimately, a 

total cavopulmonary connection is placed to bypass the heart entirely, connecting both 

venae cavae to the pulmonary artery to provide passive flow to the lungs. The specifics of 

each surgery vary depending on the SV pathology, their subtypes, and the patient’s 

individual physiology. This review largely focuses on SV patients with left-sided lesions 

requiring three staged palliative surgeries, denoted as S1P, S2P, and S3P. 

Each of these surgeries, particularly when combined with the anatomical heterogeneity 

inherent to the SV population, brings its own challenges in hemodynamic management [9]. 

In patients with a single right ventricle (RV), S1P, commonly termed the Norwood 

procedure, joins the main pulmonary trunk to the hypoplastic aorta to form a neo-aorta to 

provide systemic flow. Pulmonary flow is supplied by a systemic-to-pulmonary shunt, 

which together result in both pressure and volume overloading of the RV. This overload is 

relieved by S2P, when a bidirectional cavopulmonary anastomosis or hemi-Fontan 

operation supplies pulmonary flow via the superior vena cava (SVC). Despite being 

considered a more stable physiology than the Norwood, S2P and the S2P-S3P interstage 

period is not without complications, such as cavopulmonary shunt failure, pulmonary 

artery stenosis, and RV decompensation [10–12]. Finally, the long-term complications of 
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the third-stage Fontan procedure are well known, including liver fibrosis, protein-losing 

enteropathy, and plastic bronchitis [9, 13–15]. The high rate of morbidity and mortality, the 

relatively small patient population, and the large amount of individual variability make 

studying SV hemodynamics both onerous and vitally necessary. 

Computational models provide researchers and clinicians with powerful tools to estimate 

physiological aspects of cardiovascular disease and their treatments—including temporal 

and spatial variations in flow, pressure, heart and vessel wall deformation, and circulatory 

feedback—as well as the hemodynamic effects of comorbidities. The in-silico environment 

allows researchers to overcome limitations of traditional studies: patient populations are 

potentially infinite, computational models are risk free, and the effects of interventions can 

be analyzed in isolation. Models can either be generalized, in which the anatomical and 

physiological patient data used to inform the model are aggregated, or patient-specific, in 

which the model is calibrated to a specific individual. A generalized model represents a 

“typical” patient, providing insight into how an intervention might affect the group as a 

whole. While these models can capture important trends, care needs to be taken to 

address population variability and overinterpretation. Patient-specific models, on the other 

hand, are inherently limited in their applicability to a population, even within the same 

pathology. But they can inform clinical decision-making for that individual patient, such as 

risk prediction and virtual treatment planning [16, 17]. Computational models are 

particularly useful for CHDs [18–20], where the patient population is limited, 
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phenotypically heterogeneous, and often physically fragile, making traditional randomized 

controlled trials a challenge. 

Despite these benefits, computational modelers have historically faced their share of 

quandaries, particularly in assigning boundary conditions. For example, many early 

computational fluid dynamics (CFD) models of the cardiovascular system simulated 

arterial flow using idealized, symmetrical geometries with rigid walls [21, 22]. Velocity 

profiles were prescribed at the inlet(s) to achieve desired flow rates, with a zero-pressure 

condition at the outlet(s). Though these early CFD simulations could produce three-

dimensional velocity fields and quantify local wall shear stress, they could not produce 

accurate pressure fields [16], and their use was limited to artery segments experiencing 

fully-developed laminar flow—a far cry from the type of flow found in complex CHDs [23–

25].  

As computational power grew exponentially in the late 1990s and early 2000s, researchers 

quickly pivoted to constructing patient-specific anatomical models from CT or MR imaging, 

but the problem of boundary conditions remained. While phase-contrast MRI allowed for 

the implementation of more realistic flow profiles at the inlet, achieving realistic outflow 

conditions was more challenging, with inaccuracies caused by assumptions (e.g., constant 

pressure at each outlet) propagating upstream, affecting flow, velocity, and pressure field 

calculations [26, 27]. Furthermore, regardless of their level of anatomic sophistication, 

these models were isolated from the rest of the circulation—local phenomena could not 
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affect global hemodynamics, and vice-versa. Modeling the whole human cardiovascular 

system in a three-dimensional CFD solver, however, was and remains intractable. 

The answer to this problem required—perhaps counterintuitively for cutting-edge 

modelers—a simpler approach. Decades earlier, researchers had recreated the entire 

circulation as a zero-dimensional model of networked “lumped” compartments, leveraging 

hydraulic and electrical circuit analogies to describe flow rate and pressure in each 

compartment [28, 29]. What these lumped parameter models (LPM) lacked in geometric 

fidelity, they made up for in their ability to simulate global hemodynamics. Joining an LPM 

to a higher-order model allowed for automatic conservation of volume throughout the 

system, more realistic preloads and afterloads for the 3D component, and a fast, robust 

approach to determining initial conditions and fitting parameters [30, 31]. 

In this article, we will review LPMs in the context of SV pathologies. We begin with an 

overview of the history and governing equations of LPMs, followed by a separation of SV 

models into two categories: “uncoupled” standalone LPMs and “coupled” multiscale 

models. Each category is further divided into models simulating S1P, S2P, or S3P. Finally, 

we offer perspectives on where SV LPMs are headed in the near term, highlight current 

knowledge gaps, and propose recommendations for addressing these challenges. 

2. Lumped Parameter Models 

Using electrical circuit concepts, LPMs reduce the cardiovascular system into discrete 

compartments (Figure 1). In an LPM, blood flow is analogous to current, compartmental 
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pressure difference is analogous to voltage, and resistors, capacitors, and inductors 

simulate vascular resistance, vascular compliance, and blood inertia, respectively. LPMs 

are governed by the same zero-dimensional differential equations as circuits, enabling the 

computation of time-varying pressures, flows, and volumes. LPMs converge to steady-state 

solutions in seconds on an average desktop computer [32, 33], a significant advantage over 

their CFD counterparts, which can require hours or days of runtime on high performance 

computing clusters for a single cardiac cycle [34–41]. This advantage is most evident for 

analyses requiring many repeated simulations, such as global sensitivity analyses and 

uncertainty quantifications of input parameters. 
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Figure 1: A circuit schematic of a lumped parameter model, representing hypoplastic 

left heart syndrome prior to treatment. The cardiovascular system is divided into 

compartments, where heart chambers are simulated using time-varying-elastances, 

valves are represented as ideal diodes, and vessels are simulated using combinations 

of resistors and capacitors. Arrows describe the direction of blood flow, with their 

colors representing relative levels of oxygenation (red: fully oxygenated; blue: 

deoxygenated; purple: partially oxygenated) 
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Broadly speaking, cardiovascular LPMs are composed of two types of components: vessels 

and heart chambers. Vessel hemodynamics were first mathematically described in 1899 by 

German physiologist Otto Frank, most well-known for the Frank-Starling law relating 

cardiac volume to contraction [42]. Termed a “two-element Windkessel,” this simple model 

utilizes a resistor and capacitor to simulate systemic arterial hemodynamics. Flow, Q, 

against the total peripheral vessel resistance, R, obeys a relationship analogous to Ohm’s 

Law: 

 𝑄 =
(𝑃𝑢𝑝−𝑃𝑑𝑜𝑤𝑛)

𝑅
, (1) 

where Pup – Pdown indicates the pressure difference across the total peripheral resistance. 

The capacitor, C, representing the elastic component of the large arteries that enables flow 

storage (i.e., vessel compliance), is defined as the slope of the overall systemic arterial 

pressure-flow relationship: 

 
𝐶 =

𝑑𝑄

𝑑𝑃
  

(2) 

If linear elasticity is assumed, C simplifies to a constant. Though the two-element 

Windkessel can describe the pressure and flow of mid-sized systemic arteries, it fails to 

capture wave transmission effects in large elastic arteries. This weakness is highlighted 

most definitively by Fourier analysis, where the two-element Windkessel’s performance 

falls far below measured values of both amplitude and phase in the aorta, particularly at 
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higher frequencies [43, 44]. To remedy this, a second resistor, termed the ‘characteristic 

impedance,’ is placed proximally to the capacitor and peripheral resistance to account for 

local inertia in the very proximal section of large elastic arteries [45]. This “three-element 

Windkessel” outperforms its two-element counterpart in the time and frequency domains 

[44–46]. However, it underestimates the true value of characteristic impedance and 

overestimates total arterial compliance [47]. This led to the inclusion of an inductor, L, to 

represent the inertia of the whole arterial system, either replacing the characteristic 

impedance or placed in parallel with it. The consideration of mass acceleration along with 

viscous resistance requires a first order differential equation to relate the pressure 

difference and flow, such that 

 
𝑃𝑢𝑝 − 𝑃𝑑𝑜𝑤𝑛 = 𝑅𝑄 + 𝐿

𝑑𝑄

𝑑𝑡
 

(3) 

In practice, combinations of two-, three-, and four-element Windkessels are also used to 

represent different vessel types when the arterial system is not lumped into a single 

compartment. For example, flow dynamics in arterioles and capillaries can be simplified to 

a single resistor, because the vessel walls are relatively rigid (eliminating the capacitor), 

flow is steady (eliminating the characteristic impedance), and energy loss is dominated by 

friction (eliminating the inductor) [33, 48]. This reduces the amount of parameters that 

must be measured or fit to experimental data, simplifying model calibration, ensuring 

parameter identifiability, and reducing uncertainty in the predicted hemodynamics. 
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A primary benefit of LPMs is the ease with which they can simulate the heart as a source of 

pulsatile pressure and flow, a much more difficult process in three dimensions. Each 

chamber is simulated individually, with or without interaction via the atrial septum, 

ventricular septum, or pericardium. The decision of which chambers to model depends on 

the application: models focused on the systemic circulation need only simulate the left 

ventricle (LV) [49–51] or the LV and left atrium [52–54], whereas models exploring oxygen 

transport [55, 56], pulmonary hypertension [57, 58], or septal defects [59–61] will by 

necessity require inclusion of the right heart. 

A common way of simulating cardiac contraction employs a time-varying elastance 

function, 

 𝐸(𝑡) =
𝑃(𝑡)

𝑉(𝑡)−𝑉0
, (4) 

where E(t) is the instantaneous elastance of the chamber, and P(t) and V(t) are the 

instantaneous chamber pressure and volume. V0, variably termed the “unloaded,” “zero-

pressure,” “unstressed,” “slack,” or “fixed correction” volume, is the point at which the end-

systolic pressure-volume relationship crosses the volume axis, independent of contractile 

state (see Figure 2) [62]. 
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Figure 2: Pressure volume loop (orange solid line), with end-diastolic pressure-volume 

relationship (blue dashed line), end-systolic pressure-volume relationship (red dashed 

line). End diastole marked with blue star, end systole marked with red star, unloaded 

volume (V0) marked with black arrow.  
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By rearranging Eqn. 4, chamber pressure can be computed throughout the cardiac cycle 

using a predetermined function for E(t), such as a sine curve [63], a combined sine-

exponential curve [64], or a double-Hill function [65] (Figure 3a-c). Alternatively, if time-

matched measures of ventricular volume and pressure are available, the elastance 

function can be determined explicitly [62, 66] (Figure 3d). E(t) may also be normalized with 

respect to time and amplitude, such that it acts as an activation function that describes 

only the timing of systole and diastole. In this case, the end-systolic pressure-volume 

relationship (ESPVR) typically takes the form of: 

 𝑃𝑒𝑠 = 𝐸𝑒𝑠 ∗ (𝑉𝑒𝑠 − 𝑉0), (5) 

where Pes is the end-systolic pressure, Ees is the end-systolic elastance of the pumping 

chamber, and Ves is the end-systolic volume. However, experimentalists have argued a 

nonlinear relationship may be more appropriate in situations with hypo- or hyper-

contractility [67]. The end-diastolic pressure-volume relationship (EDPVR) can be linear, 

but numerous experimental investigations support the use of an exponential function [66, 

68–74]: 

 𝑃𝑒𝑑 = 𝐴 ∗ [exp(𝐵 ∗ (𝑉𝑒𝑑 − 𝑉0)) − 1] (6) 
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Figure 3: Examples of time-varying elastance curves. a) Sinusoid [63]; b) Sinusoid with 

exponential decay [64]; d) double-Hill function [75]; d) derived from experimental 

measurements of time-matched ventricular pressures and volumes [66] 
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Though its ease of implementation makes it a popular choice for modeling the heart 

chambers, the classic time-varying elastance model as proposed by Suga et al. [62] is not 

without flaws. Notably, it assumes a linear relationship between instantaneous pressure 

and volume, though later work showed this relationship to be parabolic in shape, including 

at end systole [67, 76]. This calls load independence—the time-varying elastance model’s 

greatest strength—into question, as a varying ESPVR slope inherently implies that 

contractility must vary with end-systolic volume [77]. To address this, Suga et al. [78] and 

Ishide et al. [79] experimentally quantified the effects of preload (i.e., end-diastolic 

volume), afterload (peripheral resistance), ejection onset timing, and ejection velocity on 

ESVPR linearity in the healthy heart using isovolumetric contraction as a baseline. 

Increasing preload caused a 5 to 20% reduction in end-systolic pressure as ejection 

fraction increased from 55 to 75%, but neither ejection onset timing, ejection velocity, nor 

afterload significantly altered end-systolic pressure. Alternatives to the time-varying 

elastance model include Hill’s three parametric model [80–82], electro-mechanical or 

chemo-mechanical models that couple microscopic functions to macroscopic behavior 

[83–85], and the stress-based “single fiber” model [86–89]. Despite its potential 

drawbacks, however, the time-varying elastance model’s assumptions tend to be deemed 

sufficient for simulating chamber dynamics, and it continues to see widespread use in 

LPMs [77]. 

The four valves within the heart are arguably as complex as the chambers they reside 

within. The valves (mitral, tricuspid, aortic, and pulmonary) are responsible for maintaining 
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unidirectional flow in and out of the ventricles. Thus, the simplest approach to model the 

valves in an LPM is to treat them as ideal diodes: when the pressure in the downstream 

compartment (e.g., the LV for the mitral valve) is lower than that of the upstream 

compartment (e.g., the left atrium), the valve is open. When the pressure is higher, the 

valve is closed. The diode is commonly combined with a linear or nonlinear resistance to 

simulate some degree of frictional loss due to blood flowing through the valve. In reality, 

valve dynamics are far more intricate. All valves have leaflets that must act in concert with 

the fibrous annuli surrounding them to open and close dozens of times per minute in 

humans. In terms of solid mechanics, the valves are layered and anisotropic [90–92], 

experience large multimodal deformations in vivo, and, in the case of the atrioventricular 

(AV) valve (mitral and tricuspid) leaflets, are asymmetric and unequally sized [93]. Motion 

within the AV valves is further complicated by the presence of chordae tendineae and 

papillary muscles, which prevent the leaflets from prolapsing into the atria during systole. 

In terms of fluid-structure interaction, the flow of blood (a non-Newtonian fluid) through 

the valves is incredibly disordered and experiences rapid acceleration and deceleration 

[94, 95]. Of course, the zero-dimensional nature of LPMs precludes most of these features 

from being fully delineated in silico, but more sophisticated LPM-compatible alternatives 

to the diode model have been proposed, such as those utilizing  time-dependent drag 

coefficients [81], opening angles [82, 96], terms accounting for acceleration-induced 

losses [97, 98], and time-varying inductance [75, 99]. Unlike the diode model, each of 

these alternatives considers the valve orifice area throughout the cardiac cycle, enabling 
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simulations of clinically relevant valve pathologies such as stenosis (incomplete opening) 

and regurgitation (incomplete closure). 

3. Lumped Parameter Models in the Context of Single Ventricle Pathologies 

Modeling SV pathologies with LPMs is a relatively new entry in the history of computational 

modeling. In 1996, Dubini and colleagues coupled an LPM of the pulmonary circulation to a 

3D finite element model of the total cavopulmonary connection (TCPC) used in the Fontan 

procedure [100]. The LPM comprised few elements when compared to more modern 

counterparts—a constant pressure reservoir for the right atrium and two parallel resistors 

for the lungs—but it allowed for the reproduction of pulmonary afterload. A similar coupled 

setup was used by de Leval and colleagues that same year, this time to investigate 

pulmonary artery stenosis in conjunction with a TCPC [101].  

Both studies used LPMs as a support to the primary 3D model, providing a modifiable and 

computationally efficient boundary condition to one inlet of their finite element model, 

thus avoiding a completely open-looped system. While this method, termed multiscale 

modeling, continues to be commonly used when simulating SV pathologies, separate 

“uncoupled” lumped parameter models have been developed for all three surgical stages 

of SV treatment. This section will explore these two modeling types, further delineated by 

surgical stage. 
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3.1. Uncoupled Lumped Parameter Models 

Uncoupled LPMs have been developed in tandem with multiscale models for studying 

mechanisms of SV and its treatments. Both uncoupled LPMs and multiscale models can 

offer insights into global hemodynamics. However, the lack of a 3D component is a double-

edged sword: uncoupled LPMs are orders of magnitude faster than their multiscale 

counterparts, but they sacrifice the ability to determine local fluid dynamics. 

3.1.1. Stage 1 Palliation (S1P) 

The Norwood procedure, also called S1P, is typically performed in the first week of life and 

has three main goals [7]: 

1) Provide systemic blood flow from the functional ventricle to the reconstructed 

aorta, 

2) Reinstitute controlled pulmonary flow, and 

3) Establish an interatrial communication to allow venous return to bypass the 

hypoplastic ventricle [9, 102]. 

The classic Norwood procedure achieves the second objective using a modified Blalock-

Thomas-Taussig (mBTT) shunt, which provides pulmonary blood flow by connecting the 

innominate or subclavian artery to the pulmonary arteries. Migliavacca et al. [103] 

developed an early uncoupled LPM of the Norwood anatomy with an mBTT shunt using 

clinical catheterization data of SV patients for model inputs and validation. They explored 

the effects of shunt size, pulmonary and systemic vascular resistance, and heart rate on 
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hemodynamics and oxygen delivery. Their model showed that while the standard 3.5 mm 

diameter mBTT shunt provided optimal oxygen delivery at rest, it failed to provide optimal 

oxygen delivery during simulated exercise conditions, as pulmonary flow could not 

increase. Historically, the choice of appropriate shunt size for the Norwood was a 

challenging decision [104, 105], and one that was not feasible to rigorously test in patients, 

making it ideal for an in silico investigation. This model has become significantly influential 

in the field, forming the basis of numerous other S1P LPMs, uncoupled and multiscale, for 

over two decades [106–112]. Other uncoupled LPMs simulating mBTT shunts have 

examined the effects of tricuspid regurgitation [99] and the addition of ventricular assist 

devices [106, 113]. Notably, Pant et al. [99] adopted a patient-specific approach, 

addressing the difficult task of parameter estimation by utilizing data assimilation 

techniques via an unscented Kalman filter. 

For patients with a hypoplastic LV, pulmonary blood flow can also be provided by a right 

ventricle-to-pulmonary artery (RVPA) shunt during S1P [114]. This method eliminates the 

“coronary steal” effect of diastolic runoff inherent to the mBTT shunt [7, 115], but it 

introduces its own diastolic complication in the form of regurgitation into the right ventricle 

[115, 116]. Shimizu et al. [117] investigated this effect by modeling valved and non-valved 

RVPA shunts. They determined that both valved and non-valved RVPA shunts have 

improved mechanical efficiency (the ratio of stroke work to systolic pressure-volume area) 

over the mBTT shunt due to a reduction in RV end-diastolic volume, even with regurgitation 

from the non-valved shunt. 
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A third option for S1P is the hybrid procedure, wherein the ductus arteriosus  is stented and 

bands are placed around the right and left pulmonary arteries to limit pulmonary flow [7]. 

This method avoids cardiopulmonary bypass, making it a more attractive option for high-

risk neonates [118, 119]. Uncoupled LPMs have explored pulmonary arterial band tightness 

and ductus arteriosus stent size as variables [120–122]. One model by Shimizu et al. [123] 

compared the hemodynamics and ventricular energetics of the hybrid procedure to the 

Norwood with an RVPA shunt, finding that the hybrid procedure resulted in increased pulse 

pressure and decreased mechanical efficiency. Young et al. [122] took the additional step 

of comparing their uncoupled LPM of the hybrid procedure to an equivalent multiscale 

model, demonstrating close equivalence (<10% difference) in most hemodynamic and 

ventricular energetic outputs between the two models. 

3.1.2. Stage 2 Palliation (S2P) 

The Glenn procedure, also called S2P, is commonly performed when the patient is between 

three to six months of age. The procedure can either be elective, when the pulmonary 

arteries are deemed sufficiently mature, or nonelective, in cases of progressive hypoxemia, 

shunt occlusion, atrioventricular valvular insufficiency, or ventricular dysfunction [124]. 

During S2P, the mBTT or RVPA shunt is taken down and the SVC is anastomosed to the right 

pulmonary artery. This surgical technique, known as the bidirectional cavopulmonary 

anastomosis (BCPA) was first modeled with an LPM by Pennati et al. in 1997 [125]. Though 

results from their previous 3D CFD simulations were used to inform some aspects of the 

LPM, it was not a true multiscale model with coupled 0D-3D components. This model and 
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its later expansion [126] investigated competing flows between the BCPA and the main 

pulmonary artery, which is occasionally left in its native configuration if allowed by patient 

anatomy. This creates a paradoxical situation: the additional pulmonary flow is beneficial 

for oxygen delivery, which is chronically impaired in Glenn patients [127]. However, it also 

risks increasing the pressure in the SVC to intolerable levels. The pulmonary-to-systemic 

flow split (Qp:Qs) is dependent on pulmonary vascular resistance (PVR) and the amount of 

RV outflow tract obstruction, making it difficult to predict how beneficial this configuration 

will be for an individual patient. By simulating varying amounts of PVR and outflow 

obstruction, Pennati et al. determined a range of both values that would lead to an 

“optimal” post-surgical outcome (defined as a Qp:Qs between 0.75 and 1.25 and SVC 

pressure less than 15 mmHg). 

Other models have used “virtual surgeries” to explore the conversion from S1P to S2P and 

S2P to S3P. For example, Pant et al. [128] developed an uncoupled LPM that simulates AV 

regurgitation due to either incomplete leaflet closure or prolapse. They modeled the 

hemodynamic effects of regurgitation before and after S2P, finding that while the volume 

unloading of the RV in S2P reduces regurgitation, the effect is offset and ultimately 

worsened by an increase in ventricular pressure. AV regurgitation is common in this 

population [129], and Pant et al.’s model suggests that correction of moderate to severe 

regurgitation prior to or during S2P will improve outcomes. Liang et al. [130] expanded on 

this concept by identifying changes in hemodynamic outputs (e.g., central venous pressure 

and oxygenated flow) under normal conditions as well as with AV regurgitation, diastolic 
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dysfunction, systolic dysfunction, and variations in PVR and lower body arterial resistance. 

They considered both the BCPA, used in S2P, and the TCPA, used in S3P. In contrast to the 

pronounced effects of AV regurgitation during S2P demonstrated by Pant et al., Liang and 

colleagues found AV regurgitation to have less of an impact on S2P hemodynamics 

compared to increased PVR and the presence of diastolic dysfunction. Notably, both 

models are based on SV patients with a functional LV and therefore mitral valve 

regurgitation rather than tricuspid. Whether the results could be applicable to both AV 

valves is an important consideration, especially given the very different loading conditions 

faced by each valve in a normal biventricular circulation [131]. 

Conover et al. [132] took on the significant challenge of simulating virtual surgery for all 

three stages. Available patient-specific data (body surface area, heart rate, pressures, 

pulmonary and systemic vascular resistances, shunt type, presence of collaterals or 

coarctation, etc.) were used to tune the heart and circulation model after allometric scaling 

determined “base” values for the circulation parameters. To validate post-surgical 

simulations, Qp:Qs, systemic arterial saturation, mean pulmonary artery pressure, and 

systemic venous saturation (none of which were used to tune the model) from twenty 

catheterization reports spanning each stage were compared to model outputs. Of these, 

only the difference between arterial and venous saturations (SaO2 – SvO2) was statistically 

significantly different between measurements and model outputs in the S1P and S2P 

simulations. However, these differences were considered too small to be clinically 

significant. 



44 

 

 

Finally, Vallecilla et al. explored situations beyond the surgery itself, modeling the effects of 

high altitude exposure [133] and exercise [134] on S2P physiology. High altitude was 

simulated by increasing PVR and heart rate, and exercise was simulated with the same 

changes along with a reduction in systemic vascular resistance. Both simulated conditions 

highlighted the deficiencies of S2P physiology: even under ideal conditions, patients 

experience poor oxygen saturations and decreased cardiac function. Furthermore, as both 

models demonstrate, any factor that increases the stress on the S2P system only serves to 

exacerbate these deleterious effects. 

3.1.3. Stage 3 Palliation (S3P) 

The final stage of SV palliation, the Fontan surgery, has garnered the most attention from 

the modeling community. This is likely because patients are ideally expected to live with a 

Fontan circulation for decades, in contrast to the shorter durations of the Norwood and 

Glenn. However, reduced cardiac output and chronic systemic venous congestion are 

inherent to Fontan physiology, and if transplant referral is not timely, patients enter a 

vicious cycle known as “Fontan failure” that ends with multiorgan dysfunction and death 

[135]. 

Given this prospect, Fontan failure is of particular interest to clinicians and researchers. 

Non-pulsatile flow to the pulmonary circulation and chronically elevated central venous 

pressure can lead to a host of issues for SV patients, presenting as multiple and potentially 

interrelated phenotypes: Fontan failure with reduced ejection fraction, preserved ejection 

fraction, abnormal lymphatics, or even relatively “normal” cardiac function despite 
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noncardiac organ dysfunction [136]. Though failure occurs in a quarter of all Fontan 

patients by age twenty, only 2.5-3.6% of such patients will undergo transplantation [137, 

138]. As treatment advances and more children with single ventricles—particularly those 

with right heart dominance—survive into adulthood, understanding appropriate 

management and treatment of Fontan failure becomes all the more critical [139]. 

Uncoupled LPMs of Fontan physiology have aided this effort. In 2001, Cavalcanti et al. 

[140] used catheterization pressures from twelve Fontan patients, half of whom had 

symptoms of Fontan failure, as inputs to their model, holding back measured pressures in 

the venae cavae and pulmonary arteries to serve as validation. They found close agreement 

between those measurements and model outputs for both groups, suggesting that 

inefficiency of the cavopulmonary connection and a concurrent increase in atrial pressure 

can lead to the pressure alterations in the venous and pulmonary circulations observed in 

patients with Fontan failure. The model did not, however, fully replicate the reduced 

cardiac output (CO) reported in Fontan failure patients, implicating additional mechanisms 

beyond pressure disturbances, such as ventricular dysfunction or compensatory cardiac 

inhibition. 

In the years following, several researchers have attempted to elucidate these mechanisms. 

By leveraging the discrete yet interconnected nature of LPMs, Liang et al. [141] compared 

Fontan and biventricular circulations, deducing that while PVR, ventricular diastolic 

function, and systemic vascular compliance all play major roles in regulating CO, no 
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parameter has a linear relationship with CO, nor is any single relationship free from the 

influence of other cardiac parameters. This complexity was further emphasized in their 

later patient-specific expansion, where, for example, the parameter controlling PVR needed 

to vary from 23-411% of its base value to adequately match measured hemodynamics from 

four patients [142]. Though Watrous and Chin [143] found a similar impact of PVR and end-

diastolic elastance on CO as Liang et al. in their Fontan model, a significant reduction in 

end-systolic elastance was also required to match target hemodynamic outputs. In a 

sensitivity analysis of their normal and failing Fontan models, Doyle et al. [144] also found 

that ventricular systolic elastance played a large role in CO. Unlike the other two models, 

however, their model was less sensitive to PVR compared to its systemic counterpart, 

possibly due to a lack of separation of upper and lower body circulations. Ultimately, the 

lack of consensus among these models of Fontan failure mirrors the observed range of 

clinical phenotypes and implicates systolic and diastolic cardiac dysfunction as well as 

pulmonary and systemic vascular maladaptation in the reduction of CO. 

This reduction in CO is most pronounced during exercise. For patients who are 

asymptomatic or exhibit a normal CO during rest, it may be a sign of early Fontan failure 

[145, 146]. To that end, modelers have simulated exercise conditions to directly study its 

effects in the Fontan circulation [143, 147–149]. Rather than prescribing a simple increase 

in heart rate and decrease in vascular resistance to simulate exercise, Magosso et al. [147] 

developed a robust model that includes arterial and cardiopulmonary baroreflex control, 

variations in intrathoracic pressure to represent the effects of respiration, and a parallel 
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oscillating conductance in the skeletal muscle compartment to simulate vasodilation. 

Compared to normal subjects with a biventricular circulation, they found that though 

Fontan patients have a higher heart rate during exercise, heart rate elevation alone was 

insufficient to compensate for their inability to increase or maintain stroke volume. 

Magosso et al. posited that this inability is caused by an increased resistance to venous 

return in the Fontan conduit. The resulting insufficient CO stimulates the baroreflex 

system, which increases systemic vascular resistance in an attempt to maintain adequate 

blood pressure, leading to a diminished aerobic capacity. Like Cavalcanti et al.’s model of 

Fontan failure, despite matching experimental data well for heart rate and pressures, the 

model overestimated CO, possibly due to a lack of changes to ventricular parameters. 

Kung et al. [149] addressed this shortcoming by determining relationships between input 

parameters—both vascular and cardiac—and metabolic rate, fitting them to experimental 

and literature data. By doing so they could quantitatively investigate the effects of various 

levels of exercise on individual Fontan patients, including metrics such as PVR, which can 

only be measured invasively and is difficult to acquire during exercise. 

For patients in end-stage Fontan failure, ventricular assist devices (VAD) can serve as 

effective tools for bridging to heart transplant by easing elevated systemic venous and 

ventricular filling pressures [150]. However, the complex cardiovascular anatomy of SV 

patients and the poor health of those chosen for VAD support have limited its use, resulting 

in a paucity of clinical data [150–153]. To fill this knowledge gap, LPMs connecting a VAD 

component to Fontan anatomy have explored continuous- versus pulsatile-flow pumps 
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[40, 154], patient-specific indications for VAD use in Fontan failure [155], left (TCPC) versus 

right-sided (left pulmonary artery) microaxial pumps [156], the effects of VAD support in a 

swine model of Fontan circulation [157], partial versus total cavopulmonary assistance 

[158], and comparisons between right, left, and biventricular VADs in Fontan failure [120]. 

Overall, while most models show the use of a VAD in select patients with Fontan failure 

could increase CO and reduce venous pressures, the effect on PVR—a major component 

of Fontan failure risk [159]—is unclear. 

3.2. Multiscale Models 

By adding a three-dimensional component to the zero-dimensional LPM, multiscale 

models are ideal for analyzing local effects such as myocardial stress and strain 

distributions [160], velocity profiles [161], and energy losses [162]. The 3D component—a 

vascular section, a shunt, or the heart itself—can either be a generalized geometry (e.g., a 

tube or prolate spheroid) or, more commonly in recent times, a patient-specific 

reconstruction from MR or CT imaging. 

3.2.1. S1P 

The various shunt types in the first palliative surgical stage make multiscale models useful 

for investigating surgical choices. For example, creating patient-specific models 

contrasting an mBTT shunt (brachiocephalic or right subclavian artery to right pulmonary 

artery or left subclavian artery to left pulmonary artery) with a central shunt (ascending 

aorta to main pulmonary artery) is an intuitive process given a 3D representation of the 

anatomy. In a purely 0D LPM, a meaningful analysis would require separate compartments 
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for each artery, likely complicating the already arduous task of parameter optimization. In 

addition, the three-dimensional aspect of multiscale models is ideal for testing various 

shunt geometries beyond the simple diameter changes investigated by uncoupled LPMs, 

such as tapering or curvature, making them valuable tools for surgical planning. 

As with uncoupled LPMs, Migliavacca and colleagues were early pioneers in S1P 

multiscale models: in 2004, they used their previous LPM [103] as the 0D component of 

two multiscale models to compare the performance of mBTT and central shunts on 

coronary and pulmonary blood flow [163]. A central shunt, though less common than the 

mBTT shunt, has two theoretical advantages due to its more proximal location to the heart. 

First, it was hypothesized that it would provide more balanced flow to the lungs than the 

mBTT shunt, and second, that it would be superior in avoiding the “coronary steal” effect, 

where blood is diverted through the shunt instead of to the coronary arteries during 

diastole. With the aid of computational models, these theories could be more rigorously 

examined than they could be in vivo. Like most multiscale models of its era, the 3D 

component in the model developed by Migliavacca et al. used an idealized shunt geometry 

where blood vessel diameters in the 3D component were taken from angiocardiograms. 

They also assumed rigid walls, leading to an atypically extended period of flow reversal in 

the aortic arch. Surprisingly, they found that neither lung flow balance nor coronary steal 

were improved by the central shunt—though not significant, the central shunt actually 

resulted in slightly less flow to the coronary arteries on average when compared to the 

mBTT shunt (2.9% versus 3.5%). Furthermore, in more downstream vessels in the systemic 
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and pulmonary circulations, the relatively low resistance of the central shunt led to greater 

amplitude of flow and pressure oscillations. While this result favors the mBTT shunt, its 

more distal position relative to the central shunt caused an undesirable phase delay 

between systemic and pulmonary flows and pressure waveforms. In a subsequent study 

using the same model, this group reported similar findings when investigating variations in 

shunt size [107]. As in their previous study, the central shunt produced slightly worse 

coronary perfusion than the mBTT shunt, a trend that was consistent at all shunt lengths 

and diameters. Coronary steal could be reduced in the central shunt if the diameter was 

reduced, but this, of course, came at a cost to pulmonary flow. Finally, this group took a 

patient-specific approach to this question over a decade later, modeling one patient with a 

central shunt and another comparably-sized patient with an mBTT shunt [35]. Two 

additional models of hypothetical subjects were also created by coupling each patient’s 

tuned LPM with another patient’s MRI-derived 3D anatomy. Using the same 3D geometry 

(either central or mBTT shunt) while varying the LPM led to significantly different time-

averaged flows and pressures, particularly in the upper body arteries (a two-fold increase in 

right subclavian arterial flow for the mBTT shunt anatomy and a reduction by half for the 

central shunt anatomy). In contrast, using identical LPMs while varying the 3D anatomy led 

to more comparable hemodynamics ( <= 23% absolute difference), highlighting the 

necessity of accurately fitting LPM parameters in patient-specific multiscale models. 

Other researchers have leveraged the fine spatial detail of multiscale models to investigate 

variations in shunt shape and placement. Though changes in shunt diameter can be 
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approximated as functions of pressure and flow in a 0D model (see Migliavacca et al. 2001 

[103], Young et al. 2013 [121], Shimizu et al. 2016 [123]), the effects are better captured in a 

3D model, where diameter changes can be directly prescribed, either throughout the entire 

length of the shunt or as a localized narrowing or dilatation. It is also possible to model 

different shunt insertion locations and angles in relation to surrounding vessels, an 

important consideration due to the degree of anatomical variance in this patient 

population. Such an approach was taken by Esmaily Moghadam et al. [111] using the 

aforementioned multiscale model by Migliavacca et al. [163] as a base. After conducting a 

survey of clinical experts, they considered three mBTT shunt design parameters to 

maximize oxygen delivery (DO2) to the systemic and coronary circulations: diameter, 

location on both the brachiocephalic and pulmonary arteries, and angle of attachment. Of 

the three, shunt diameter had the largest impact on DO2: a larger diameter improved 

coronary DO2, while a smaller diameter proved more beneficial for systemic DO2. Shunt 

anastomosis location played a reduced yet substantial role. Attachment more distal to the 

aorta was favorable for coronary DO2 and a proximal attachment was favorable for 

systemic DO2. A midrange shunt diameter and placement with a slightly offset attachment 

angle provided the best compromise between coronary and systemic DO2. Arthurs et al. 

[164] took a patient-specific approach to mBTT shunt design, modeling the anatomy and 

hemodynamics of a 4-month-old child with hypoplastic left heart syndrome (HLHS) using 

pre-S2P catheterization, MRI, and angiography measurements and images. In this case, 

matching the data necessitated simulating some amount of shunt occlusion. Confirming 

the presence or severity of shunt occlusion in the patient was not possible with the 
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available MRI resolution, suggesting the possibility of using computational modeling as a 

means of enhancing the utility of existing patient data. The occlusion was modeled as a 

22% reduction in diameter across the length of the shunt, a perhaps controversial choice 

given mBTT shunt occlusion is more common at the pulmonary artery junction rather than 

a uniform distribution throughout the shunt [165–167]. This diameter reduction was then 

carried over into a subsequent analysis of a hypothetical flared shunt design for the same 

patient. Flaring the distal end produced slight increases in pulmonary artery flow and mean 

pressure (6% and 4%, respectively), which may be helpful for underdeveloped pulmonary 

arteries. While the existence, location, and severity of the patient’s shunt occlusion was 

not confirmed in this study, it is plausible this information could be obtained in future 

clinical studies when shunts are removed at S2P with no additional imaging or risk to the 

patient. 

As with uncoupled LPMs, multiscale models have also been used to investigate the hybrid 

S1P procedure, often modifying the 3D component to simulate obstruction of the ductal 

stent, a common complication of the hybrid procedure [168, 169]. Two such examples—

generalized and patient-specific—were developed by Ceballos and colleagues [170, 171]. 

The first modeled four variations of hybrid procedure anatomy: with and without 90% 

preductal arch stenosis and with and without a reverse Blalock-Thomas-Taussig (RBTT) 

shunt. An RBTT shunt varies from the mBTT shunt in that the innominate or right subclavian 

artery is connected to the main pulmonary artery and the flow direction is generally 

pulmonary-to-systemic rather than systemic-to-pulmonary. The RBTT shunt can be placed 
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either reactively or prophylactically as a backup source of perfusion if the aortic arch 

becomes obstructed. As expected, when Ceballos et al. simulated aortic arch stenosis 

they found reduced flow to the coronary and carotid arteries, leading to zones of 

stagnation, reversal, and recirculation—all of which increase thrombosis risk. Though the 

model indicated these deleterious effects to coronary and carotid flow could be eliminated 

by the addition of an RBTT shunt, the shunt itself had inherent zones of recirculation and 

stagnation, ultimately suggesting the danger of thrombosis is incompletely ameliorated. 

This model was extended in 2019 by simulating hemodynamics in a patient-derived 

anatomy. After generating the 3D component, a 90% preductal arch stenosis was then 

manually imposed, and RBTT shunts of various diameters (3.0, 3.5, and 4.0 mm) were 

analyzed for both the nominal and stenosed anatomies. Though the reductions in flow and 

pressure in the coronary and carotid arteries due to the stenosis were less pronounced 

than in the generalized geometry of the previous study (10-15% versus 30%), the addition of 

an RBTT shunt of any diameter returned pressures and flows to near-nominal values. 

Comparing these results to those from Esmaily Moghadam et al., [111] who simulated a 

traditional mBTT shunt, increasing RBTT diameter improved systemic DO2 in the nominal 

hybrid configuration. However, this benefit was offset by low flow velocity and disorganized 

flow within the shunt, again increasing the risk of thrombosis. Both groups went on to 

develop other models of the hybrid procedure exploring particle embolization and shunt 

placement in cases of arch obstruction. DeCampli and colleagues [172] compared hybrid 

S1P with mBTT and RVPA shunts, and Migliavacca and colleagues [110, 173] investigated 

varying sizes of pulmonary bands and ductal stents. 
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One of the primary advantages of computational modeling is feasibility testing. Novel, even 

controversial modifications to conventional treatments can be developed and 

implemented in a risk-free environment, with only the most promising among them then 

making their way into animal models and eventually human patients. An example is the 

S1P bidirectional cavopulmonary anastomosis, also known as the assisted bidirectional 

Glenn (ABG). By removing the need for the RV to supply both systemic and pulmonary 

circulations in parallel, Glenn physiology is an inherently more stable state than that of the 

Norwood. However, high PVR in the neonatal period precludes skipping the Norwood in 

favor of the Glenn, as low pulmonary flow and elevated central venous pressure would be 

inevitable. The ABG aims to remedy this issue with the addition of an end-to-side shunt 

between the brachiocephalic artery and the SVC. This approach leverages the ejector 

pump effect, where a high pressure flowstream (from the systemic artery) mixes with a 

lower pressure flowstream (from the SVC). The inlet of the high pressure flowstream is 

tapered, increasing velocity and, in theory, producing a higher pressure in the pulmonary 

arteries without substantially increasing the pressure in the SVC. Several groups have 

attempted to test this theory in silico. Verma et al. designed a six-parameter constrained 

shape optimization problem for the shunt using a generalized anatomy at varying levels of 

PVR (2.3, 4.3, and 7.1 WUm2) [174]. Of the six geometric parameters considered, only the 

outlet area had a significant effect on hemodynamics, and only simulations with the lowest 

PVR resulted in an increase in pulmonary flow (which was modest at 13%) without a 

simultaneous increase in SVC pressure. Shang et al. [175] later brought the model into the 

patient-specific realm, simulating three pre-S2P patient anatomies and comparing the 



55 

 

 

performance of an ABG with the patients’ existing S1P physiology (an mBTT shunt for 

Patients A and B and a central shunt for Patient C) and a hypothetical BCPA. PVR was set to 

either the patient’s baseline level (3, 3, and 6 WUm2), or doubled. As in the previous study, 

while there were modest improvements in pulmonary arterial flow rate and pressure 

(ranging from 15 to 20%) with the ABG over the traditional BCPA, any ejector pump effect 

was not strong enough to prevent unwanted increases in SVC pressure, even at baseline 

(low) PVR. This may be ameliorated by altering the shunt outlet to be slit-shaped, as shown 

by Jia et al. [176], with the caveat that such a shape would be more prone to occlusion. 

However, it is probable that the lower Reynolds number, reduced injection pressure, and 

shorter mixing distance within the shunt compared to those of an industrial ejector pump 

will prevent the ABG from ever seeing fruition in the clinic. Still, these types of in silico 

investigations are vital for safely and effectively determining the direction of modern 

treatment—including which routes will lead to dead ends. 

3.2.2. S2P 

For S2P, the primary surgical options for single ventricle patients are the BCPA or hemi-

Fontan. Though both achieve the goal of unloading the RV by supplying pulmonary flow via 

a superior cavopulmonary anastomosis, they differ in their approach. The BCPA simply 

connects the SVC to the right pulmonary artery, while the hemi-Fontan additionally 

maintains the continuity of the SVC and the right atrium, preventing flow into the atrium 

with a homograft patch. The hemi-Fontan justifies its higher degree of complexity by 
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facilitating later S3P conversion to the total cavopulmonary connection, specifically the 

intracardiac tunnel variety. 

As in S1P, multiscale S2P models often explore more nuanced differences in surgical 

configurations than their uncoupled counterparts. Comparisons between the two S2P 

techniques slightly favor the BCPA, which results in shorter cardiopulmonary bypass times 

and fewer post-operative complications, though overall transplant-free survival appears to 

be equal [177]. Modelers have sought to determine if there are further differences in the 

underlying fluid dynamics. Corsini et al. [178], for example, replicated the anatomy and 

hemodynamics of a patient prior to hemi-Fontan surgery, then performed “virtual surgery,” 

excising the S1P shunt from the 3D component and creating either a BCPA or hemi-Fontan 

while imposing the geometric constraints of the surrounding organs and vessels. Post-

operative model validation, though sparse, included brachial cuff pressure and SVC 

pressure, with hemi-Fontan model outputs in good agreement with both measurements. 

Model outputs indicated differences between the two surgical methods were minimal, with 

the only exception being a higher power loss at the surgical junction for the hemi-Fontan. 

However, the losses were small in comparison to inlet and cardiac powers, indicating that 

surgical geometry had little impact on the behavior of the overall circulation at rest. Similar 

differences were found in a more extensive study by Kung et al. [179]. They modeled six 

patients, performing virtual BCPA and hemi-Fontan procedures for each. With the inclusion 

of more patients, the difference in power loss between the two methods disappeared: in 

one patient, the hemi-Fontan model produced a higher power loss than the BCPA. In three 
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other patients, the opposite occurred. For the remaining two patients, power losses were 

minimal for both methods. When considering all six patients, there were no significant 

differences between the hemi-Fontan and BCPA models for CO, SVC pressure, left:right 

pulmonary flow distribution, or systemic DO2, and the power losses of either geometry 

were relatively small when compared to the rest of the circulation. Notably, a limitation of 

both these studies—as with the vast majority of S1P and S2P models—is that patients were 

only simulated at rest. As indicated by Corsini et al. [178], hemodynamics can vary widely 

with changes in circulatory parameters due to physiological states, e.g., sedation or 

agitation. Indeed, an earlier study by Kung and colleagues [180] modeling two patients with 

virtual hemi-Fontans generated a surgical junction power loss greater than systemic losses 

when simulating the vasodilation and increased heart rate associated with exercise states 

(equivalent to crying for the age range under consideration). Therefore, the debate about 

whether one surgical option is superior to the other remains unsettled. 

Left pulmonary artery stenosis is a common complication for post-S1P patients, 

particularly those with mBTT shunts [181, 182]. While it is unclear what degree of stenosis 

necessitates additional treatment, such as ballooning or stenting, the non-pulsatile flow 

introduced by S2P makes any obstruction in the pulmonary arteries concerning. Using MR 

images of a patient with 50% left pulmonary artery stenosis as the basis of their 3D 

component, Ma et al. [183] investigated the hemodynamic impact of four degrees of 

stenosis in BCPA physiology: 0%, 25%, 50%, and 75%. Of the four, only 75% stenosis 

produced significant changes in lung perfusion, power loss, wall shear stress, and 
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oscillatory shear index. These findings were largely corroborated by Schiavazzi et al. [184] 

using a patient-specific approach coupled with clinical judgment. They simulated stenoses 

of 35-80% qualitatively graded by physicians as minimal, mild, moderate, or severe, and 

evaluated model results according to the clinically significant metrics of right:left 

pulmonary artery flow split <30% and/or a mean pressure drop of >3.0 mmHg as treatment 

thresholds. However, applying the thresholds to individual patients led to a clinically 

significant stenosis range of 48% to 79%, emphasizing the importance of inter-patient 

variability and suggesting caution when attempting to define thresholds from generalized 

models. 

Other multiscale S2P models have simulated more unusual clinical scenarios, such as 

veno-venous collateral occlusion [185] and hybrid comprehensive Stage 2, a variation of 

S2P for a subset of patients who receive the hybrid S1P procedure [25, 186]. Lastly, unlike 

the other models described in this review, one particularly unique S2P model made its 

patient-derived 3D component the single ventricle itself, rather than some portion of the 

vasculature. Cutrì et al. [187] sought to investigate fiber orientation in the RV of a patient 

with HLHS. As the actual orientation of cardiac fibers in SV patients is unknown and 

especially difficult to assume for a systemic RV, Cutrì and colleagues simulated two 

simplified cases: a physiologically typical RV fiber orientation (ranging from -60° at the 

epicardium to +90° at the endocardium with respect to the circumferential direction) and a 

physiologically typical LV fiber orientation (from -60° at the epicardium to +60° at the 

endocardium). After tuning a purely 0D LPM to produce outputs matching measured 
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patient hemodynamics, the SV component of the LPM was replaced with the finite element 

SV. The passive behavior of the myocardium in the finite element SV was modeled using 

Holzapfel and Ogden’s hyperelastic constitutive equation [188] to account for anisotropy in 

fiber and cross-fiber directions. The active behavior was modeled using the Lumens TriSeg 

approach [89] to account for sarcomere length and mechanical activation. Virtual BCPA 

surgery was performed by modifying the LPM, and the two fiber orientation cases were 

compared. While both cases produced similar hemodynamics, making it impossible to 

determine which orientation was closer to the patient’s actual fiber distribution, they 

produced different local mechanics. When the cardiac fibers of the SV were set to the 

typical LV orientation, strain patterns were homogeneous (though higher in magnitude) and 

stresses were lower than when the typical RV orientation was imposed, implying that a shift 

toward a more LV-like fiber orientation could be beneficial for a systemic RV. 

3.2.3. S3P 

Multiscale models of S3P capture a considerable breadth of surgical innovations and 

physiological states, arguably leading to the greatest impact on clinical practice among all 

stages and model types described herein. 

The earliest of these models aimed to characterize flow patterns in different configurations 

of the TCPC. Using a relatively simple LPM consisting only of pulmonary afterload, in 1996 

Dubini et al. [100] and de Leval et al. [101] simulated various degrees of SVC-to-inferior 

vena cava (IVC) offset, IVC-to-pulmonary artery angle, and IVC anastomosis diameter in 

their 3D component, with the goal of reducing energy loss within the TCPC and optimizing 
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flow distribution between the lungs. However, they discovered that these goals were at 

odds with one another: while an offset of 0.5-0.7 cm was ideal for flow distribution, it came 

at the expense of energy efficiency. This power loss was remedied by enlarging the IVC 

anastomosis diameter, though the authors acknowledged this would require patch 

enlargement of both caval connections, complicating surgery. Nearly two decades later, a 

study of 131 Fontan patients indicated that an offset is commonly used in practice [189], 

though pulmonary artery diameter proved much more significant in determining lung flow 

distribution, an aspect the early models neglected to explore. 

As in uncoupled LPM Fontan models, the importance of exercise testing in assessing 

cardiovascular health has made it a popular target for modelers. Sundareswaran et al. 

[190] modeled 16 different patient anatomies, using energy loss across the TCPC to 

determine 16 individual TCPC resistances. Mean SVR and PVR values from 40 Fontan 

patient catheter studies were used to calibrate the LPM, with compliance and impedance 

values coming from literature. Pressures (systemic arterial systolic and diastolic, and 

systemic venous) and CO were left out for model validation. To compare performance 

during exercise, a non-specific biventricular LPM was designed using equivalent vascular 

parameters, with the exception of venous compliance, which was 4.6x greater than in the 

SV LPM. Exercise was simulated by increasing CO by varying amounts depending on the 

age of the patient. For the SV and biventricular models, this was accomplished by 

increasing heart rate and decreasing SVR and PVR by 50% and 40%, respectively. The 

biventricular model additionally had its contractile parameters modified, an adaptation to 
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replicate the significant impairment observed in Fontan patients [191]. The biventricular 

model, even with the same PVR and SVR values as the SV models, nearly doubled CO 

during exercise. This was not the case with the SV simulations: in particular, TCPC 

resistance was a powerful detriment to CO during exercise and highly variable among 

individual patients, even with the same PVR. The resistance of the “worst” TCPC was 10x 

higher than the “best” TCPC, suggesting substantial room for improvement in TCPC design. 

Marsden et al. [192] implemented a more sophisticated method for simulating exercise, 

including respiratory effects, resistance adjustments of morphometry-based arterial trees, 

and increased IVC flow rates, based on clinical exercise data in Fontan patients. They found 

predicating Fontan success on TCPC energy efficiency alone to be inadequate, even when 

considering it in the context of rest and exercise states. Of the six patients modeled, the 

patient with the best energy efficiency had the highest SVC pressure during both rest and 

exercise, and the patient with the best IVC flow distribution had one of the lowest values of 

energy efficiency, leading the authors to advise modelers to think more broadly when 

attempting to optimize Fontan designs. Baretta et al. [193] also included a respiration 

model in their investigation of different TCPC configurations (T-shaped, offset, and Y-

shaped) under rest and exercise states, generating more physiologically realistic venous 

waveforms. Perhaps surprisingly, given the promise the Y-shaped graft has for hepatic flow 

distribution and energy loss [194], the TCPC configuration had negligible impact on 

hemodynamics, and the Y-shaped graft offered only minor improvements in energy 

efficiency under exercise conditions (mean of 94.2%, compared to 91.7% for T-shaped and 

92.5% for offset). 
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Multiscale S3P models have also had their share of feasibility studies for novel approaches 

to alleviate the effects of Fontan failure. Throckmorton et al. [195] modeled an axial flow 

blood pump placed into the IVC for both idealized and patient-specific anatomies at 

varying degrees of Fontan failure. The pump significantly decreased IVC pressure (from 

20.49 mmHg to 12.57 mmHg for the worst-case Fontan scenario) while reducing particle 

residence time, though blood damage indices were higher than the control simulation due 

to the pump’s impeller blades. Albal et al. [196] addressed the common use of a 

fenestration between the Fontan conduit and right atrium. Designed as a type of pressure-

relief valve to prevent IVC hypertension, the fenestration nevertheless can cause reduced 

pulmonary flow due to excessive right-to-left shunting. Albal and colleagues built benchtop 

in vitro systems to test several novel valved fenestration designs and used the results to fit 

their in silico fenestration resistance. A plus-shaped valved model was compared to a 

typical circular fenestration with the same effective orifice area, producing more controlled 

flow and pressure drops across the fenestration as IVC pressure exceeded 5 mmHg. 

However, the typically sluggish flow in the Fontan circuit increases the risk of 

thromboembolism [197], and the authors warn the leaflets in the proposed plus-shaped 

fenestration may amplify that risk to an untenable degree. Lastly, Ni et al. [198] introduced 

the ejector pump effect of the S1P assisted bidirectional Glenn described previously (see 

Section 3.2.1) to the Fontan circulation via a bifurcated shunt from the aorta to the left and 

right pulmonary artery inflows. After optimizing geometric parameters under steady-state 

conditions to reduce IVC pressure, the final shunt model and surrounding vessels were 

coupled to a non-steady-state LPM. While the ejector pump design appeared to work 
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better here than in ABG models, decreasing IVC pressure by 2.9 mmHg and increasing 

systemic DO2 by 22%, it was under highly idealized conditions: a rigid, non-patient-specific 

geometry, a Qp:Qs capped at 1.5, and a 60% reduction in PVR based on data from adult 

Fontan patients with aortopulmonary collaterals. Several of these issues have been 

addressed in an updated version of the model, which emphasizes an injection jet shunt is 

most effective when operating in tandem with the fenestration [199]. 

Aiding surgical planning is an aspirational goal for many modelers seeking to translate their 

work from the theoretical to the practical. Though a direct impact on surgical decision 

making is still rare, a patient-specific model by Ahmed et al. [200] demonstrates the 

potential of the field. A two-year-old patient was experiencing complications believed to be 

caused by dilatation of the patient’s lateral tunnel Fontan. The patient’s clinical team was 

considering a surgical revision, where a custom-made endograft deployed within the 

Fontan pathway would stabilize and redirect flow. The modeling team created a coupled 

3D-0D model fitted to the patient’s anatomy and hemodynamics. When surgery was 

simulated, the results showed that rather than decreasing the pressure in the IVC and 

reducing hepatic venous reflux, the proposed graft—due to its reduced diameter and 

stiffness—would actually increase IVC pressure and hepatic reflux. These outcomes were 

deemed unfavorable for the patient, and based on the model results and feasibility issues, 

the clinical team decided to pursue other options. 
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4. Future Directions 

Looking ahead, there is substantial opportunity to expand and improve lumped parameter 

models of SV pathologies. With few exceptions, such as the Fontan failure and exercise 

models presented in Sections 3.1.3 and 3.2.3, both uncoupled and multiscale models 

have focused primarily on surgical intervention, with some consideration for comorbidities 

such as valve regurgitation [99, 201], pulmonary stenosis [183, 202], and collateral vessel 

formation [185, 201]. While essential, surgical palliation is only the beginning of treatment 

for SV patients. Advances in surgical intervention and interstage monitoring have 

significantly reduced SV mortality [203, 204], ushering in a new era of care focused on 

reducing the impact of comorbidities and improving quality of life. Many common 

comorbidities have yet to be considered, including bicuspid aortic valve, ventricular septal 

defects, anomalous pulmonary venous return, arrhythmias, pulmonary edema, and 

endocardial fibroelastosis [7, 205]. As we enter this new phase in SV patient care, models 

exploring situations like cardiopulmonary resuscitation (Stromberg et al. 2022 [206]) and 

high altitude exposure (Vallecilla et al. 2014 [133]) will become increasingly important. 

Relatedly, to our knowledge no existing models address the wide range of medications 

commonly used to treat SV patients, such as inotropes, sedatives, analgesics, 

vasodilators, antiarrhythmics, and diuretics [7, 207]. Indeed, multiscale models integrating 

cell signaling and chemo-bio-mechanical processes could explore new avenues of SV 

disease progression and treatment [208]. Further, as more Fontan patients survive into 

adulthood, one major life experience, pregnancy, has received increased attention in the 

SV research community [209]. Understandably, the risk of complications for a pregnant SV 
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patient is much higher than in their healthy biventricular peers. However, the effects of 

pregnancy on the Fontan circulation are still poorly understood and difficult to research 

given the paucity of data, making computational models potentially useful in 

understanding and mitigating risk. 

Though this review has focused on models simulating SV conditions post-birth, these 

pathologies develop in utero, leading to an interest in potential fetal interventions [210]. 

Recently, two multiscale models have been developed to investigate one such 

intervention: fetal aortic valvuloplasty (FAV). FAV aims to prevent progression to HLHS by 

balloon inflating the fetus’s stenotic aortic valve. With the outflow tract less obstructed, 

blood flows more easily into and out of the LV, encouraging left heart growth and increasing 

the likelihood of biventricular circulation at birth [211, 212]. To better characterize the 

drastic change in cardiovascular biomechanics experienced by fetuses undergoing this 

procedure, Wong et al. [213] created a multiscale model of pre-intervention fetal 

circulation, combining 4D ultrasound-derived finite element models of the heart with an 

LPM of the fetal circulation developed by Pennati et al. [214]. They calibrated the model to 

five healthy fetuses and five fetuses with evolving HLHS with gestation ages of 22 to 38 

weeks, finding drastically different flow patterns between the two groups. In the HLHS 

group, mitral valve stenosis caused a fast and narrow diastolic inflow jet, which led to 

elevated vorticity and wall shear stress at the left ventricular apex. In contrast, the healthy 

group had a wide and slow inflow jet, and elevations in vorticity and wall shear stress 

occurred at the mid-ventricle region. Valve malformations were also responsible for 



66 

 

 

elevated intraventricular pressure gradients and energy losses in both systole and diastole. 

Lastly and perhaps most importantly, the HLHS LV had reduced blood turnover (i.e., the 

amount of blood pumped to the aorta versus residual LV blood); this suggests a hypoxic 

environment for the endocardium, which the authors posited could be linked to fetal 

development of endocardial fibroelastosis. A follow-up study using the same methodology 

explored FAV itself, modeling 6 healthy and 9 HLHS fetuses at various gestational ages 

[215]. Their goal was to determine if pre-FAV biomechanical model parameters could 

robustly predict univentricular and biventricular outcomes. One model parameter, peak 

systole myofiber stress, was significantly higher in the biventricular FAV group than either 

the univentricular FAV or healthy groups. As stresses are not measurable clinically, a 

correlation analysis between this parameter and common echo measurements was used 

to develop an empirical equation for estimating peak stress. The stress estimated via this 

equation was statistically superior to other model biomechanical parameters (normalized 

peak LV pressure, normalized work done, normalized myocardial contractility) and 

individual echo measurements (e.g., end-diastolic volume) in predicting univentricular 

versus biventricular results in a separate retrospective cohort (AUC = 0.91, n = 37). The 

authors hypothesized that the ability to withstand higher stresses indicates healthier 

myocardium, and therefore these hypoplastic LVs are better able to support a biventricular 

circulation. The peak stress equation developed in this study could become an important 

diagnostic tool for clinicians to predict which patients will benefit from FAV and achieve a 

biventricular outcome, while avoiding FAV in individuals for whom the procedure offers no 

clear advantage. 
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Science is a collaborative effort, and computational modeling is no exception. To develop 

useful hypotheses and the tools to test them, modelers must collaborate closely with 

surgeons, cardiologists, interventionalists, statisticians, and data scientists. Such 

partnerships are essential for collecting the robust data needed to calibrate and validate 

computer models. For example, the immediate post-S1P period is particularly challenging 

to simulate due to a deficit of age-appropriate measurements. Most models rely on pre-

S2P echocardiogram and catheter data such as that collected by Migliavacca et al. [103] in 

2001, even though measurements taken at 4-6 months of age may not be applicable to 

newborns. This is particularly notable in the case of PVR, which changes dramatically after 

birth [216, 217] and is often a highly sensitive parameter in the LPMs that include it [113, 

141, 214, 218, 219]. Primeaux et al. [41] attempted to overcome this limitation. They first 

created a generalized pre-S2P multiscale model by altering a patient-specific geometry 

(generated using MRI) with morphological data (e.g., aortic diameter) from healthy and 

HLHS patients at the pre-S2P timepoint. Hemodynamic measurements (e.g., systolic 

arterial pressure) from multiple pre-S2P studies were used to fit the LPM parameters. They 

then scaled the 3D component down using morphological data from the post-S1P 

timepoint, refitting the LPM parameters to available post-S1P literature data to create a 

population-level representative post-S1P model. Though the post-S1P and pre-S2P model 

outputs differed in predictable ways, such as flow increasing with age, the post-S1P model 

demonstrated notably higher pulmonary arterial pressures, likely due to increased PVR. 

However, the utility of this result was stymied by the very issue the research team hoped to 

address: the absence of pulmonary pressure data at the post-S1P timepoint for validation. 
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This example also highlights a persistent conundrum in modeling SV pathologies: is it 

realistic to create a “generalized” model for conditions with such a wide range of anatomic 

phenotypes and hemodynamic variability? Primeaux et al. tuned their input parameter set 

using weighted mean values of hemodynamic and morphological measurements, 

combining data from multiple studies, but large ranges of reported data and discrepancies 

between studies make it challenging to interpret these types of results—no patient is 

‘average’ in all respects. On the other hand, a patient-specific model is of limited utility if it 

cannot be quickly adapted to simulate multiple different patient data sets. In light of this, 

model components must be thoughtfully designed, parameter choices must be grounded 

in statistical methods, and data for both parameter tuning and validation must be plentiful 

for computational models to move beyond theoretical use cases.  

Further, to encourage reproducibility, improve model performance, and prevent the “black 

box effect,” model code and its associated documentation should be made open source—

freely available and publicly accessible—whenever possible. Despite a growing awareness 

of the benefits of open source data and code across scientific disciplines [220–223], this 

practice is still uncommon in the cardiovascular modeling field, with SimVascular [224] 

and CRIMSON [225] being the only prominent open source models at this time. 

5. Conclusion 

Lumped parameter cardiovascular models, whether standalone or coupled to higher order 

models, provide an endlessly modular testing ground for exploring hemodynamics, 

treatments, and comorbidities associated with single ventricle pathologies. The low-cost, 
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low-risk nature of LPMs makes them ideal for a patient population that is limited in number, 

highly heterogeneous, and often physically fragile. As more children with single ventricles 

survive into adulthood, the need for individualized treatment plans will only increase. The 

computational efficiency and customizability of LPMs make them an attractive option for 

bedside analysis, with the potential to impact clinical decision-making.  
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Chapter 3: Computational Model of Coarctation of the 
Aorta in Rabbits Suggests Persistent Ascending Aortic 
Remodeling Post-Correction 
 

Abstract 

Coarctation of the aorta (CoA) is a common congenital cardiovascular lesion that presents 

as a localized narrowing of the proximal descending aorta. While improvements in surgical 

and catheter-based techniques have increased short-term survival, there is a high long-term 

risk of hypertension and a reduced average lifespan despite correction. Computational 

models can be used to estimate aortic remodeling and peripheral vascular compensation, 

potentially serving as key tools in developing a mechanistic understanding of the interplay 

between pre-treatment dynamics, post-treatment recovery, and long-term hypertension 

risk. In this study, we developed a lumped parameter model of the heart and circulation to 

simulate CoA. After fitting model parameters using imaging and catheterization data from 

healthy rabbits, we then used the model to estimate differences in ascending aortic 

compliance and peripheral resistance between the healthy group and rabbits with both 

untreated and corrected CoA using their imaging and catheterization data. CoA was defined 

by the current putative clinical treatment threshold (a pressure gradient > 20 mmHg). Model 

inputs were fitted such that outputs matched reported stroke volume, ejection fraction, 

systolic and diastolic aortic pressure, peak aortic flow, mean and peak blood pressure 

gradients, and upper-to-lower body flow split, with all results falling within one standard 

deviation of the data for all groups. In the untreated CoA and corrected simulations, a 

decrease in ascending aortic compliance was necessary to match reported hemodynamics. 
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This suggests exposure to a pressure gradient > 20 mmHg results in vascular remodeling 

that persists after repair, a process strongly correlated with hypertension. 

1. INTRODUCTION 

Coarctation of the aorta (CoA) is a congenital cardiovascular lesion that typically presents 

as a localized narrowing of the proximal descending aorta just distal to the left subclavian 

artery. Each year, approximately 1 in every 1,800 infants born in the United States is 

diagnosed with CoA, making it one of the most common congenital heart defects [1]. While 

surgical or catheter-based interventions can restore flow and reduce the blood pressure 

gradient across the coarctation site to normal levels, successful repair of CoA does not 

ensure long-term cardiovascular health. Even after CoA correction, structural and 

functional changes in the heart and vasculature occur frequently, leading to long-term 

complications such as re-coarctation, aortic aneurysms, and hypertension [2–5]. In 

particular, despite early and effective surgical repair, the incidence of hypertension in 

treated CoA patients in the years following their intervention has been reported to range 

from 30-50% [3, 6–11]. Survival studies document a 20% increased mortality compared to 

age matched controls presumed secondary to the consequences of accelerated 

hypertension that is often resistant to standard medical therapy [6, 8, 9].  

Maladaptive remodeling, a complex response to abnormal loading conditions that 

negatively affects a tissue’s structure and function, has been implicated in much of the 

morbidity presenting after treatment for CoA [12–14]. In the setting of CoA, remodeling can 

occur in the left ventricle (in the form of hypertrophy and fibrosis), the proximal aorta 
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(increased intima-media thickness and stiffness), and the more distal vasculature in the 

upper body (impaired vasoreactivity), however the incidence and time course of this 

remodeling are highly variable. Prior to correction, patients with severe or long-standing 

CoA typically exhibit high systemic pressure and above-normal left ventricular (LV) mass. 

However, following successful CoA repair, the relationship between hypertension and LV 

hypertrophy is less clear. Though some studies report an association between late-onset 

hypertension and LV hypertrophy [15–17], others indicate LV hypertrophy is equally likely in 

normotensive and hypertensive CoA patients post-correction [10, 18, 19]. After repair, 

antecedent LV hypertrophy begins to regress. In many patients, however, LV hypertrophy 

resumes following this regression. This pattern has been reported in both the presence and 

absence of hypertension in adult and pediatric patients [5, 19].  

In the proximal aorta, histologic analysis of tissue from untreated coarctation patients 

indicates increased stiffness, presenting as fibrosis, intimal thickening, and collagen 

degradation [20, 21]. This remodeling and its resultant decrease in proximal aortic 

compliance is strongly correlated with hypertension [22–24]. Unfortunately, it is 

challenging to assess aortic remodeling noninvasively. The two most common non-

invasive metrics of aortic stiffness are pulse wave velocity and aortic distensibility. Using 

cardiac MRI, pulse wave velocity can be determined for a section of the aorta as the ratio of 

aortic length to the time delay in flow [25]. A larger pulse wave velocity indicates a faster 

response and greater aortic stiffness, but results are inherently impacted by the temporal 

resolution of phase-contrast MRI. Aortic distensibility is the ratio of the change in aortic 
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diameter to the change in pressure during the cardiac cycle, normalized to the minimum 

dimension. Therefore, aortic distensibility provides a local measure of aortic stiffness, but 

it requires pressure measurements. These pressures cannot be captured from the aorta 

noninvasively and are thus approximated from brachial cuff pressures, which can lead to 

an overestimation of central aortic pressure [26]. Control and normotensive corrected CoA 

patients have similar pulse wave velocities and distensibility in the ascending aorta, but 

hypertensive CoA patients exhibit significantly higher pulse wave velocity and lower 

distensibility [25].   

Peripheral vascular compensation may also be impaired in coarctation patients, though it 

is challenging to assess since it inherently quantifies a change in vessel dimensions in 

response to a change in hemodynamic loading. One method of assessment, flow-

mediated dilation, uses echocardiographic imaging of the brachial artery prior to and 

immediately following a stimulus, such as the inflation and deflation of a 

sphygmomanometer cuff placed distally on the arm or the administration of a vasodilatory 

agent such as nitroglycerin. In patients with CoA, flow-mediated dilation indicates a 

reduction in the vasodilatory response. Jesus et al. [27] reported patients with native or 

recurrent CoA exhibited a significant multi-fold decrease in percent change in radial 

arterial diameter following both occlusion and nitrate administration in comparison with 

healthy controls. Following CoA correction, however, there are mixed results. Using the 

occlusion method, Meyer et al. [28] reported a significantly lower change in the radial 

arterial diameter from baseline in patients with surgically corrected coarctation in 
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comparison with control subjects, indicating a reduction in vasodilatory capacity. Similar 

results were found using glyceryl trinitrate as the dilatory agent [29].  In contrast, both de 

Divitiis et al. [30] and Cuypers et al. [31] reported no difference in the percent change in 

radial arterial diameter following occlusion or nitroglycerin between patients with 

surgically corrected coarctation and age-matched controls. Results from Heger et al. [8] 

suggest that age at surgical repair is influential in long-term vasodilatory impairment. They 

report that a reduction in the percent change in radial arterial diameter following occlusion 

and administration of nitroglycerin was only significant in patients for whom coarctation 

repair was performed after 9 years of age. However, the International Brachial Artery 

Reactivity Task Force advises caution in interpreting the results of flow mediated dilation 

testing, since baseline diameter varies with patient size and baseline pressure, and there is 

evidence that smaller arteries are generally more reactive [32].  

In short, no single clinical metric can evaluate the interplay between cardiovascular 

remodeling and function. However, computational modeling has emerged as a valuable 

investigative tool to study these interactions. In the context of CoA to date, modelers have 

used computational fluid dynamics techniques from non-invasive imaging to estimate 

pressure and the blood pressure gradient, wall shear stress and oscillatory shear index, 

and turbulent kinetic energy [33–38]. Furthermore, these approaches have been used to 

investigate the effects of surgical approach, stent design, and valve morphology [35, 39–

42]. Modern fluid-structure interaction approaches can even account for aortic wall 

motion and elasticity, thereby permitting estimation of strain, wall tension, and wall stress, 
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all of which have been shown to serve as stimuli for remodeling [33, 43–46]. While these 

sophisticated finite element methods are able to capture geometric detail of the aortic 

arch, there has been a resurgence of interest in lumped parameter approaches [47, 48], 

which “lump” portions of the circulatory system into discrete compartments. Each 

compartment is represented as a combination of resistors, capacitors, and inductors, 

using electrical circuits as an analogy for blood vessels and associated physiology. Such 

models enable coupling of the aorta to the heart and circulation, provide realistic boundary 

conditions, and are much less computationally expensive. Lumped parameter models 

have been successfully used in isolation to model aortic coarctation, demonstrating 

increased simulation speed, reduced parameter requirements, and the ability to inherently 

estimate aortic compliance [49, 50]. Computer models could be key tools to develop a 

mechanistic understanding of the interplay between pre-correction and post-correction 

hemodynamics with long-term remodeling and the potential risk for hypertension. Thus, 

the objective of this investigation was to 1) develop a lumped parameter model of the heart 

and circulation capable of simulating aortic coarctation, and 2) utilize the model to 

estimate differences in ascending aortic compliance and peripheral resistance from 

imaging and catheterization data collected using a rabbit model of CoA and correction. 

Analysis of the model fitting scheme and parameter uncertainty, as well as comparison to 

histologic observations were then conducted to validate the model. These results 

indicated a novel, testable hypothesis concerning persistent maladaptive remodeling in 

the distal arteries of the upper body.   
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2. METHODS 

A predictive computational model of cardiac hypertrophy and hemodynamics in canines 

[51] was modified to replicate the previously published cardiac hypertrophy and 

hemodynamic measurements from three groups of rabbits [14, 52]: a control group, an 

untreated coarctation group, and a corrected coarctation group. In the experimental study 

by Wendell et al., after approval by the Institutional Care and Use Committees of 

Marquette University and the Medical College of Wisconsin, a permanent (silk) or 

dissolvable (Vicryl) suture was tied around the descending thoracic aorta of the CoA and 

corrected groups of rabbits, respectively, at 10 weeks of age against a 16 gauge (1.6 mm) 

stainless steel wire in order to induce aortic coarctation. The surgery was considered 

successful if it produced a 20-mmHg blood pressure gradient, defined as the difference in 

pressure above and below the coarctation [53], the current putative clinical treatment 

threshold. Within one week of CoA induction, rabbits began to develop a pronounced 

vascular stenosis, accompanied by elevated blood pressure above the coarctation, and 

over time, substantial left ventricular hypertrophy. Rabbits in the corrected group, which 

underwent the creation of CoA with a degradable suture (Vicryl), also developed an initial 

stenosis, similar to the CoA group. In the corrected group, however, the suture dissolved 

after approximately 5 weeks, restoring blood pressure to normal levels for ~17 weeks 

before the end of the experimental duration. Control rabbits did not undergo surgery. MRI 

and intravascular blood pressure measurements were performed at 32 weeks for all three 

groups. 
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2.1. Control Group 

The original canine computational model [51, 54] consisted of a six-compartment lumped 

parameter circulatory model linked to a strain-based ventricular growth function. 

Compartments were represented by 2-element (one resistance and one capacitance) or 3-

element (a proximal resistance, a distal resistance, and a capacitance) Windkessels. For 

the current study, only the circulatory portion of the model was used, and additional 

compartments were added to explicitly represent the ascending aorta and the upper and 

lower systemic vasculature.  

A serialized approach was used to modify the original six-compartment lumped parameter 

circulatory model from canines to an eight-compartment model for rabbits (see Figure 1). 

First, the ventricles were simulated using time-varying elastances, where ventricular end-

systolic and end-diastolic pressure-volume relationships were defined by 

 𝑃𝐸𝑆 = 𝐸𝑒𝑠 ∗ (𝑉𝐸𝑆 − 𝑉0) (1) 

 𝑃𝐸𝐷 = 𝐵 ∗ exp[𝐴 ∗ (𝑉𝐸𝐷 − 𝑉0)] − 𝐵 (2) 

respectively, where Ees was end-systolic elastance, V0 was the unloaded volume, and A 

and B were coefficients describing the exponential shape of the end-diastolic pressure-

volume relationship [54–56]. The normalized time-varying elastance was computed from 

time-matched pressure-volume measurements in rats [57].  Unloaded volume V0 was 

calculated as follows: 
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𝑉0 =
𝑉𝐸𝐷
2.543

 
(3) 

where VED, the end-diastolic volume, was determined by dividing reported stroke volume by 

reported ejection fraction for the control rabbits [52]. The value 2.54 was allometrically 

scaled from our previous studies in dogs [51, 58]. In these studies, the end-diastolic 

circumferential stretch relative to the unloaded state was estimated from end-diastolic 

pressure and segment length data recorded during inferior vena cava occlusions [59]. 

Then, Ees was computed by rearranging Equation 1 and inputting the measured end-

systolic volume and proximal systolic blood pressure [52], which was assumed equivalent 

to end-systolic LV pressure. B remained at the canine value since it has a scaling factor of 

zero. From this, A was calculated by rearranging Equation 2: 

 
𝐴 =

1

𝑉𝐸𝐷 − 𝑉0
(ln (

𝑃𝐸𝐷
𝐵
+ 1) 

(4) 

where PED, the end-diastolic pressure, was set to 7 mmHg [60]. Right ventricular 

parameters were kept at the same values as the left, with the exceptions of end-systolic 

elastance and B, which were set at 43% of the LV value [55]. 

Next, vascular parameters for the six-compartment circulatory model (Supplemental 

Figure 1) were allometrically scaled from the original canine values assuming a rabbit 

weight of 3.47 kg [52] and a canine weight of 23.4 kg [51, 61]. Supplemental Section 3 

provides more detail on the allometric scaling process. Measured heart rate was inputted 
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directly into the model. Parameters associated with the three-element Windkessel 

simulating the systemic arterial vasculature were previously found to be highly dependent 

on the location of arterial blood flow and pressure measurements [51]. Therefore, the three 

parameters associated with the systemic arteries (Rcs, Csa, and Rsa in Supplemental 

Figure 1) were refit along with stressed blood volume (SBV in Supplemental Figure 1) to 

minimize the weighted mean-squared error between model outputs and stroke volume, 

ejection fraction, systolic and diastolic ascending aortic pressures, and peak ascending 

aortic flow reported by Wendell et al. using the built-in MATLAB function fminsearch. Each 

mean squared difference was weighted by the squared measurement standard deviation 

and parameters were all initialized at their scaled values. 

Then, a compartment was added to the model to separate the ascending aorta from the 

systemic arteries (Supplemental Figure 2). In general, vessel beds are represented by 

capacitors in parallel with resistors. Therefore, the capacitances and resistances 

associated with the ascending aorta and distal systemic arterial compartments (Caa and 

Raa and Csa and Rsa, respectively, in Supplemental Figure 2) as well as SBV were refit 

using the previously fitted values from the six-compartment model as initial conditions to 

minimize the weighted mean-squared error between model outputs and the 

aforementioned hemodynamic measurements reported by Wendell et al., as well as 

reported mean and peak blood pressure gradients between the ascending and descending 

aorta. Initial values for the seven-compartment Caa and Csa were double the value of the 

six-compartment Csa, while initial values for Raa and Rsa were half the value of the six-
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compartment Rsa. The systemic characteristic resistance (Rcs in Supplemental Figure 2) in 

the seven-compartment model was set to its fitted value from the six-compartment model. 

Lastly, the systemic arterial compartment was split into two compartments to separate the 

upper and lower body. Two additional resistors were added: one to represent the resistance 

of the descending aorta, and another for the head and neck vessels (Rda and Rhn, 

respectively, in Figure 2 and Supplemental Figure 3), which in rabbits comprises the 

innominate and left subclavian arteries arising from the aortic arch. The ascending aorta 

(Raa) and descending aorta (Rda) resistances were made equivalent and determined 

based on reported control rabbit ascending aortic diameter [14]. A parallel split of the 

systemic arterial capacitance and resistance produces identical blood flow and pressure 

for the entire circulatory model when the resistance is multiplied by the same factor 

compliance is divided by (i.e., Cub = Clb = 1/x*Csa and Rub = Rlb = x*Rsa). Therefore, Rhn, 

Raa, and x were fitted to minimize the weighted mean-squared error between model 

outputs and the aforementioned hemodynamic measurements reported by Wendell et al., 

as well as reported mean and peak aortic blood pressure gradients and the upper to lower 

body flow split (unpublished data from Menon et al. 2012a). Rhn and Raa were initialized to 

the previously fitted value of Raa and the proportionality constant, x, was initialized to 0.5. 

SBV and Caa were set to the final values from the seven-compartment model. The final 

input parameters for the eight-compartment model of the healthy control group of rabbits 

are listed in Table 1. 
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Figure 1: Schematic of the model fitting process for the control group. In the six-

compartment model the systemic arteries were simulated by a three-element 

Windkessel consisting of a characteristic resistance (Rcs), a capacitance (Csa), and an 

arterial resistance (Rsa). The stressed blood volume (SBV) indicated the circulatory 

blood volume that contributed to stress. In the seven-compartment model the 

ascending aorta was simulated by a three-element Windkessel consisting of a 

characteristic resistance (Rcs), a capacitance (Caa), and an arterial resistance (Raa), 

and the systemic arteries were represented by a capacitor (Rsa) in parallel with a 

resistor (Csa). In the eight-compartment model the resistance of the head and neck 

vessels (Rhn) and descending aorta (Rda) were represented separately and the ratio 

between the resistances and capacitances simulating the upper and lower body 

systemic arteries was determined by a proportionality constant (x) 
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Figure 2: Left: Schematic of the circuit model used to simulate the pressure-volume 

relationship of the cardiovascular system in the setting of untreated and treated CoA, 

with the eight compartments designated by teal boxes (PV, pulmonary veins; LV, left 

ventricle; AA, ascending aorta; UB, upper body arteries; LB, lower body arteries; SV, 

systemic veins; RV, right ventricle; PA, pulmonary arteries). The left and right ventricles 

(LV and RV) were simulated using time-varying elastances. Ascending aorta behavior 

was simulated by a three-element Windkessel consisting of a characteristic resistance 

(Rcs), a capacitance (Caa), and an arterial resistance (Raa). The pulmonary arterial 

behavior was also simulated by a three-element Windkessel (Rcp, Cpa, Rpa). Other 

vessels were represented by capacitors in parallel with resistors for the upper body 

arteries (Cub and Rub), lower body arteries (Clb and Rlb), systemic veins (Csv and Rsv), 

and pulmonary veins (Cpv and Rpv). The head and neck vessels (Rhn) and descending 

aorta (Rda) were represented separately by resistances. Pressure sensitive diodes (TV, 

PV, MV, and AV) represented the tricuspid, pulmonary, mitral, and aortic valves, 

respectively. Arrows indicate the direction of blood flow and blood oxygenation levels. 

Right: Representative illustration of coarctation in a rabbit aorta, labeled with 

equivalent model compartments 
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Table 1: Parameter Values for Eight-Compartment Control Rabbit Model 

Heart Parameters 

Parameter LV RV 

End-systolic Elastance (Ees), mmHg/mL 65.2 + 27.9 + 

Unloaded Volume (V0), mL 0.188+ 0.188+ 

Coefficient for EDPVR (B), mmHg 0.35* 0.15* 

Coefficient for EDPVR (A), 1/mL 1.05 + 1.05 + 

Unloaded thickness (h0), cm 0.580 + - 

Circulation Parameters 

Heart Rate (HR), beats/min 156+ 

Stressed Blood Volume (SBV), mL 39.5ⱽ 

  Pulmonary Systemic 

Characteristic Resistance (Rcp/Rcs), mmHg∙s/mL 0.251* 0.709ˣ 

Ascending Aortic Resistance (Raa), mmHg∙s/mL - 0.594● 

Descending Aortic Resistance (Rda), mmHg∙s/mL - 0.594● 

Head and Neck Arterial Resistance (Rhn), 
mmHg∙s/mL - 3.48● 

Arterial Resistance (Rpa : Rub/Rlb), mmHg∙s/mL 1.26* 
36.7● 

16.0● 

Venous Resistance (Rpv/Rsv), mmHg∙s/mL 0.063* 0.063* 

Ascending Aortic Capacitance (Caa), mL/mmHg - 0.100ⱽ  

Arterial Capacitance (Cpa : Cub/Clb), mL/mmHg 0.297* 
0.0862● 

0.197● 

Venous Capacitance (Cvp/Csv), mL/mmHg 0.445* 2.52* 

*allometrically scaled from canine parameters [51], assuming a canine weight of 23.4 kg and 
a rabbit weight of 3.47 kg. 
 + input directly or computed directly from reported data [52] 
ˣ fitted using six-compartment model (Supplemental Figure 1) 
ⱽ fitted using seven-compartment model (Supplemental Figure 2)  
● fitted using eight-compartment model (Supplemental Figure 3) 
EDPVR, end-diastolic pressure-volume relationship 
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The circulatory and ventricular parameters were used to calculate pressures and volumes in 

each compartment as well as the flows between them using the differential equation-based 

lumped-parameter circulatory model solved with a fixed-step, fourth-order Runge-Kutta 

integrator. The model was run until it reached steady state, defined as compartmental volumes 

at the beginning and end of the cardiac cycle being within 0.05 mL of each other. Total aortic 

flow was determined by integrating the flow from the LV to the ascending aorta over the cardiac 

cycle. Hemodynamic outputs (stroke volume, ejection fraction, systolic and diastolic ascending 

aortic pressures, peak ascending aortic flow, mean and peak aortic blood pressure gradients, 

and upper to lower body flow split) were saved and compared to measurements, with success 

defined as model outputs falling within one standard deviation of the data. 

To determine the ventricular parameters for the untreated coarctation and corrected groups, 

values for control LV dimensions and material properties were required. Assuming a spherical 

ventricle, the unloaded inner radius, r0, was 

 
𝑟0 = (𝑉0

3

4𝜋
)
1/3

 , 
(5) 

and unloaded thickness, h0, was 

 
ℎ0 = (𝑉𝑤𝑎𝑙𝑙

3

4𝜋
+ 𝑟0

3)
1/3

− 𝑟0  
(6) 
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where Vwall, the ventricular wall volume, was assumed invariant to pressurization and set such 

that the model end-diastolic thickness matched the control group mean anteroseptal wall 

thickness reported by Wendell et al. at the reported end-diastolic volume. Hoop stress relates 

the control unloaded ventricular dimensions (r0 and h0) and pressure-volume relationship 

parameters (A, B, V0, and Ees) to the intrinsic ventricular material property parameters (a, b, 

and e) via the following relationships [51]: 

𝑎 =  𝐴𝑉0  (7) 

𝑏 =  
𝐵

2

𝑟0
ℎ0
  

(8) 

𝑒 =  
2𝜋

3
𝐸𝑒𝑠

𝑟0
4

ℎ0
  

(9) 

2.2. Coarctation Group 

Aortic coarctation was simulated in four steps. First, CoA is characterized by a stenosis in the 

descending aorta (DA), therefore the descending aortic resistance (Rda) was increased. Menon 

et al. (2012a) indicated a diameter decrease of 72% at the coarctation site, therefore a 

proportional increase in Rda was prescribed, assuming resistance was inversely proportional to 

cross-sectional area [62]. Second, following prolonged CoA, ventricular hypertrophy was 

observed, therefore an increase in unloaded ventricular thickness was prescribed such 

that end-diastolic thickness matched the mean value reported by Wendell et al. Third, CoA 

resulted in remodeling of the proximal ascending aorta, involving a slight but significant 
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increase in diameter [14]. Therefore, as with Rda, a proportional decrease in ascending 

aortic resistance (Raa) was prescribed. The previously fitted value of ascending aortic 

compliance (Caa) was also refitted for the coarctation group. Lastly, the peripheral 

vasculature can constrict or dilate in response to coarctation and chronic remodeling. 

Therefore, the upper and lower body arterial resistances (Rub and Rlb, respectively) were 

also fitted. Parameter changes are listed in Table 2. 
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Table 2: Parameter adjustments for each group 

Parameter Control CoA Corrected 

Rda 0.594 7.63 + 0.594+ 

h0 0.580 0.841+ 0.748+ 

Raa 0.594 0.418+ 0.509+ 

Caa 0.100 0.056● 0.039● 

Rub 36.7 43.8● 30.8● 

Rlb 16.0 20.7● 15.7● 

 
+ prescribed based on reported differences in measured dimensions 

●fitted based on reported differences in measured hemodynamics 
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Hypertrophy was assumed to be concentric, therefore the coarctation unloaded inner 

radius, c_r0, and unloaded volume, c_V0, were kept at control values. Pathology was 

assumed to only alter ventricular thickness, therefore ventricular material properties (a, b, 

and e) were also kept at control values. Thus, of the remaining coarctation ventricular 

parameters,  

 
𝑐_𝐴 =  

3𝑎

4𝜋

1

𝑐_𝑟03
  

(20) 

 
𝑐_𝐵 =  2𝑏

𝑐_ℎ0
𝑐_𝑟0

  
(31) 

 
𝑐_𝐸𝑒𝑠 =  

3𝑒

2𝜋

𝑐_ℎ0
𝑐_𝑟04

 , 
(42) 

changes in unloaded thickness, c_h0, linearly affected only passive stiffness parameter c_B and 

elastance parameter c_Ees. As in the control group, c_h0 was set to match the reported mean 

end-diastolic anteroseptal wall thickness and results were compared with the reported 

hemodynamics of the coarctation group. Caa, Rub, and Rlb were optimized by minimizing the 

weighted mean-squared error in stroke volume, ejection fraction, systolic and diastolic 

ascending aortic pressures and flow, mean and peak aortic blood pressure gradients, and upper 

to lower body flow split. 
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2.3. Corrected Group 

Corrected CoA was simulated much like the coarctation group. However, to model the 

correction of aortic coarctation, Rda was reset to its control value. Though less 

pronounced than in the CoA group, ventricular hypertrophy was observed in the corrected 

rabbits, therefore an increase in unloaded ventricular thickness was prescribed such that 

end-diastolic thickness matched the mean value reported by Wendell et al. There was also 

a slight increase in ascending aortic diameter observed in the corrected group, leading to 

the prescription of a proportional decrease in Raa. The ascending aortic compliance (Caa) 

and upper and lower body arterial resistances (Rub and Rlb, respectively) were again 

refitted for the corrected group. 

3.  RESULTS  

3.1.  Parameter Fitting 

Out of 27 total input parameters, 10 were fitted to produce hemodynamic outputs 

matching reported measurements in the control group. Of the remaining 17 parameters, 9 

were allometrically scaled from their respective canine values [51, 61] and 8 were 

determined or computed directly from data [52]. Unloaded LV cavity volume, V0, was 

calculated from the reported control group stroke volume and ejection fraction (Equation 

3). Heart rate was inputted directly and h0 was set to 5.80 mm to produce the end-diastolic 

anteroseptal thickness of 2.44 mm reported by Wendell et al. Model outputs for the control 

simulation matched reported measured stroke volume, ejection fraction, systolic and 

diastolic ascending aortic pressures, peak ascending aortic flow, mean and peak blood 
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pressure gradients [52], and upper to lower body flow split (unpublished data from [14] 

within 0.15 standard deviations (Table 3). 

As discussed previously in Section 2.2 and illustrated in Table 2, several parameters 

needed to be adjusted from their fitted control values to match measured hemodynamics 

in the untreated CoA rabbits. Changes in Rda, Raa, and c_h0 were prescribed based on 

reported differences in the diameter of the coarctation site (a reduction of 72%), the 

diameter of the ascending aorta (an increase of 19%), and the mean end-diastolic 

anteroseptal wall thickness (4.42 mm), respectively. Fitted values of Rub and Rlb increased 

17.6% and 25.6% from their control group values, respectively, while the fitted value of Caa 

decreased by 56.4%. Resulting model hemodynamics matched reported hemodynamics in 

the untreated CoA group within 0.75 standard deviations. 

In the corrected group, the diameter of the coarctation was largely restored after the aortic 

suture dissolved. Therefore, Rda was reset to its control value. Changes in Raa and c_h0 

were prescribed based on reported differences in the diameter of the ascending aorta (an 

increase of 8%), and the mean end-diastolic anteroseptal wall thickness (3.70 mm), 

respectively. Note that although there were trends toward larger measurements in reported 

ascending aortic thickness and LV end-diastolic thickness when compared to controls, 

these differences were not statistically significant. Fitted values of Caa and Rub decreased 

59.0% and 15.3% from their control values, respectively. Resulting model hemodynamics 

matched reported hemodynamics in the corrected group within one standard deviation. 
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3.2.  Group Comparison 

The untreated CoA simulation produced a characteristic large increase in ventricular 

pressure. In the corrected simulation, LV pressure was largely restored to control values, as 

expected, despite increased ESPVR (Figure 3). 
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Figure 3: Simulated pressure-volume loops for the control (blue), coarctation (red), and 

corrected (green) groups. Dashed lines represent linearized end systolic pressure 

volume relationships (ESPVR) 
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Ascending aortic systolic and diastolic blood pressures matched reported measurements well, 

falling within half a standard deviation for all groups (Figure 4). The blood pressure gradients 

across the coarctation region (or, for the control group, from the ascending to descending aorta) 

also agreed well with reported measurements, falling within three-fourths of a standard 

deviation for all groups. Maximum aortic flow was within 0.26 of a standard deviation for all 

three groups (Figure 5). The ratio of upper body to lower body flow was within 1/25 of a 

standard deviation for all groups. Stroke volume was within one standard deviation, and 

ejection fraction was within three-fourths of a standard deviation. Complete model results for 

all groups are listed in Table 3. 
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Figure 4: Model ascending aortic systolic and diastolic pressures over one cardiac cycle 

for the control (blue), coarctation (red), and corrected (green) groups, compared to 

measured data (black) [52]. Error bars indicate one standard deviation 

 



117 

 

 

 

Figure 5: Model ascending aortic flow over one cardiac cycle for the control (blue), 

coarctation (red), and corrected (green) groups, compared to measured data (black) 

[52]. Error bars indicate one standard deviation 
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Table 3: Model results compared to reported experimental measurements (Wendell et al) 

Index Control Model 
Z-

score 
CoA Model 

Z-
score 

Corrected Model 
Z-

score 

BPG, mean 
(mmHg) 

3.27 ± 
4.32 

3.76 0.11 
20.1 

± 
4.75 

20.2 0.01 
2.61 ± 
3.46 

4.01 0.42 

BPG, peak 
(mmHg) 

10.8 ± 
7.34 

9.90 -0.12 
31.0 

± 
8.64 

32.8 0.21 
17.0 ± 
4.32 

13.8 -0.68 

SV (mL) 
1.87 ± 
0.53 

1.95 0.15 
1.99 

± 
0.56 

1.85 -0.24 
1.93 ± 
0.26 

2.16 0.94 

EF % 
60.6 ± 
4.82 

60.8 0.04 
66.4 

± 
6.24 

61.7 -0.75 
65.0 ± 
7.88 

68.1 0.43 

Upper/lower 
flow split 

0.30 ± 
0.04 

0.30 0 
0.37 

± 
0.04 

0.37 0.04 
0.33 ± 
0.04 

0.33 -0.01 

Maximum 
AA flow 

(mL/min) 

1435 ± 
110 

1424 -0.10 
1445 

± 
143 

1466 0.15 
1704 ± 

68.3 
1656 -0.56 

AA SBP 
(mmHg) 

67 ± 
7.67 

67.2 0.02 
99 ± 
18.0 

90.0 -0.50 69 ± 8.73 71.4 0.26 

AA DBP 
(mmHg) 

56 ± 
9.79 

57.0 0.10 
74 ± 
25.9 

70.9 -0.12 54 ± 10.05 55.6 0.11 
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4. DISCUSSION  

Previous studies of CoA have shown an increase in the stiffness of the ascending aorta before 

and after corrective surgery when compared to controls, suggesting some extent of proximal 

aortic remodeling is irreversible [12, 14, 63]. In particular, histologic evidence of similar 

increases in ascending aortic thickness without increases in functional elastin or smooth muscle 

have been reported for both the CoA and corrected groups in the presently simulated rabbit 

model [14, 64]. These findings validate the results produced by our computer model from fitting 

the non-terminal data [52]: in both the untreated CoA and corrected simulations, a decrease in 

ascending aortic compliance was necessary to match reported hemodynamics, suggesting the 

rabbits with CoA underwent vascular remodeling that persisted after repair. Indeed, this was the 

case experimentally, as nearly all of the cardiac function data from Wendell et al. were from the 

same animals as the arterial data featured in Menon et al. 2012a, b.  

4.1.  Peripheral Resistance and Proximal Aortic Remodeling 

In the study by Wendell et al., the corrected group experienced restored diameter of the 

coarctation region after dissolving of the Vicryl suture used to create the coarctation, resulting 

in a reduced blood pressure gradient when compared to the untreated CoA group. Despite this 

reduction, the corrected group experienced a significantly larger peak aortic flow than the 

control or CoA groups. However, total flow and ascending aortic pressures did not differ from 

control, indicating flow acceleration in the corrected group and suggesting irreversible aortic 

stiffening proximal to the coarctation. Vascular compensation primarily occurs in small 

arteries and arterioles, which exhibit a pronounced myogenic response to pressure 

changes—when pressure increases, smooth muscle cells relax, resulting in vasodilation 



120 

 

 

and increased lumen flow; when pressure decreases, they contract, resulting in 

vasoconstriction and decreased lumen flow. In this experimental study, the flow to the upper 

body increased by 31.2% and 13.5% for the CoA and corrected groups, respectively, and the 

flow to the lower body decreased by 4.2% and 1.2% for the CoA and corrected groups, 

respectively (Wendell et al. 2017, Mendell et al. 2012a), suggesting vascular compensation plays 

a prominent role in the hemodynamic differences between groups. We explored the effects of 

peripheral resistance changes and ascending aortic remodeling by modeling three parameter 

cases for the CoA and corrected simulations (Figures 6 and 7, respectively). 

CoA group: 

• Case 1: For the first case, only Rda, Raa, and unloaded thickness c_h0 were 

adjusted based on coarctation group measurement data (see Section 2.2). All other 

parameters were left at control values. Though these parameters were sufficient to 

match diastolic ascending aortic pressure, stroke volume, and ejection fraction 

within one standard deviation of the data, they were not sufficient to match systolic 

ascending aortic pressure, peak ascending aortic flow, mean blood pressure 

gradient, or peak blood pressure gradient. 

• Case 2: In the second case, upper and lower body arterial resistances Rub and Rlb 

were allowed to change. Rda, Raa, and c_h0 were set to their Case 1 values, and all 

other parameters were left at control values. This sufficed to reduce the peak 
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ascending aortic flow to appropriate levels and increase the mean and peak blood 

pressure gradients, but was not enough to match systolic ascending aortic pressure. 

• Case 3: The third case is equivalent to Case 2 with the exception of ascending aortic 

compliance, Caa, which was allowed to change. Only by including this parameter in 

the fitting scheme could the ascending aortic systolic pressure data be matched 

within a standard deviation. 
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Figure 6:  Parameter cases for the untreated coarctation simulation, with model outputs 

compared to reported measurements for (A) ascending aortic pressure, (B) ascending 

aortic flow, (C) stroke volume, (D) ejection fraction, (E) mean blood pressure gradient, 

and (F) peak blood pressure gradient [52]. In Case 1 (blue squares), only ascending 

aortic resistance (Raa), descending aortic resistance (Rda), and unloaded thickness 

c_h0 were adjusted based on CoA group measurement data. All other parameters were 

left at control values. For Case 2 (purple dots), upper and lower body arterial 

resistances (Rub and Rlb) were allowed to change. Rda, Raa, and c_h0 were set to their 

Case 1 values, and all other parameters were left at control values. In Case 3 (yellow 

triangles), parameters were equivalent to Case 2, with the exception of ascending aortic 

compliance, Caa, which was allowed to change. Error bars indicate one standard 

deviation 
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Corrected group: 

• Case 1: To represent a complete reversal of the coarctation, the first case for the 

corrected group used the same parameters as the control group, with the exception 

of Raa and c_h0, which were adjusted based on corrected group measurement 

data. Though these parameters produced ascending aortic pressures, peak 

ascending aortic flow, stroke volume, ejection fraction, and a mean blood pressure 

gradient that matched the data within a standard deviation, the peak blood pressure 

gradient fell short. 

• Case 2: As in the CoA Case 2, Rub and Rlb were allowed to change. This had 

minimal effect on outputs, including the peak blood pressure gradient. 

• Case 3: With the addition of Caa to the fitting scheme in Case 2, peak blood 

pressure gradient could be matched. 
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Figure 7:  Parameter cases for the corrected simulation, with model outputs compared 

to reported measurements for (A) ascending aortic pressure, (B) ascending aortic flow, 

(C) stroke volume, (D) ejection fraction, (E) mean blood pressure gradient, and (F) peak 

blood pressure gradient [52]. In Case 1 (blue squares), all parameters were kept at 

control values with the exception of Raa and c_h0, which were adjusted based on 

corrected group measurement data. For Case 2 (purple dots), upper and lower body 

arterial resistances (Rub and Rlb) were allowed to change, with all other parameters left 

at their Case 1 values. In Case 3 (yellow triangles), parameters were equivalent to Case 

2, with the exception of ascending aortic compliance, Caa, which was allowed to 

change. Error bars indicate one standard deviation 
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To further evaluate our modeling results, we used a frequentist analysis [65, 66] to 

estimate the uncertainty in the parameters fitted in the coarctation and corrected 

simulations: Caa, Rub, and Rlb. This approach considers the local sensitivity of each best-

fit parameter to experimental data and the sum-squared error produced by best-fit model 

evaluations, enabling computation of parameter confidence intervals. Figure 8 shows the 

95% confidence intervals for the control model as well as the best-fit untreated CoA and 

corrected models. Caa confidence intervals for both the untreated CoA and corrected 

models were well below the control model, confirming that a reduction in ascending aortic 

compliance was necessary to capture the differences in the experimental data between 

the control, untreated CoA, and corrected rabbits. Furthermore, the confidence intervals 

for Caa in the untreated CoA and corrected models overlapped, consistent with 

observations that remodeling occurred in these groups. Menon et al. (2012a) observed 

statistically similar increases in ascending aortic thickness with reduced smooth muscle 

function and elastin fragmentation in both the untreated CoA and corrected rabbits, 

validating our model results.  
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Figure 8: Parameter uncertainty quantification for control, untreated CoA, and 

corrected models. (A) the ascending aortic capacitance (Caa), (B) the resistance of 

lower body arteries (Rlb), and (C) the resistance of upper body arteries (Rub). Error bars 

indicate 95% confidence intervals determined for each parameter from a frequentist 

uncertainty analysis 
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Similar remodeling in the carotid arteries has also been observed in CoA with hypertension 

[14, 67, 68]. Therefore, we investigated including the head and neck arterial resistance 

(Rhn) and the upper body arterial compliance (Cub) in the CoA and corrected group 

parameter optimizations. For the head and neck arteries, we assumed they experience the 

same proportional increase in diameter as the proximal ascending aorta and thus 

decreased Rhn from the control value by the same percentage as Raa from its control 

value. To capture the remodeling observed in the larger head and neck arteries, we 

assumed that Cub would be less than the control value but that—since this capacitor 

represents the response of the entire upper body—this reduction would not be more than 

that of Caa. The final fitted values of Caa, Rub, and Rlb differed slightly (< 9% and < 3% for 

the CoA and corrected simulations, respectively) from their previously fitted values. Cub 

was 61% of its control value for the CoA simulation and 99% of its control value for the 

corrected simulation (Supplemental Table 1). The addition Rhn and Cub to the optimization 

scheme did not improve model results for either the CoA or corrected simulations 

(Supplemental Table 2). 

Menon et al. (2012a) reported blood pressure measurements in the carotid and femoral 

arteries of control, CoA, and corrected rabbits. These measurements were not used to fit our 

computer models, enabling further evaluation of vascular compensation. In the CoA group the 

carotid pressure increased by 35.9%. If we assume that this increase was consistent across the 

entire upper body, Rub would have increased by an amount similar to our model fit (16.3% vs. 

19.4%, Table 2). The change in pressure outpaced the change in flow, potentially suggesting 
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overstretching during dilation as a stimulus for long-term smooth muscle cell dysfunction and 

remodeling, including the shift to higher levels of non-muscle myosin and lower levels of 

smooth muscle myosin (Menon et al. 2012a). In the corrected group, there was a decrease in 

the carotid pressure of 4.7%. Again, if this decrease was consistent throughout the upper body, 

then combined with the increase in flow this would have resulted in a large decrease in Rub, 

consistent with our model result (-9.9% vs. -16.1%, Table 2). This drop in resistance potentially 

indicates incomplete vasoconstriction in the upper body arteries with correction and supports 

the thesis that remodeling reduces the long-term compensatory ability of the upper body distal 

vasculature. A reduction in the ability of the upper body vasculature to dilate and contract due 

to a reduction in smooth muscle function or extracellular matrix deposition could be a potential 

mechanism for long-term hypertension risk despite CoA correction. Based on these results, 

experiments focused on measures of distal arterial upper body pressure and vasoreactivity are 

of high future interest with corresponding immunohistochemical investigations. The femoral 

pressure increased by 9.8% in the CoA group, but though the resistance would increase if this 

pressure applied to the entire lower body (27.8%), consistent with our modeling result (29.4%, 

Table 2), the decrease in flow suggests vasoconstriction rather than vasodilation and muscle 

cell contraction rather than stretching. In the corrected group, the femoral pressure decreased 

by 4.9%, producing a slight increase in resistance (4.3%), in contrast to our modeling result 

which indicated a slight decrease (-1.9%). The confidence interval on Rlb from our uncertainty 

analysis (Figure 8b) indicate it does not differ significantly from control and spans both a slight 

positive and negative change. Therefore, this discrepancy is not meaningful.  
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We also performed additional simulations to determine if the hemodynamic differences in 

the corrected group could be explained by incomplete repair of the coarctation. Allowing 

descending aortic parameters (Rda and Cda) to change while keeping other parameters 

equivalent to control values failed to match mean and peak blood pressure gradients 

within a standard deviation of the measured data. As in the untreated coarctation group, 

simulating persistent remodeling in the ascending aorta was necessary to match reported 

hemodynamics. 

4.2. Limitations 

We assumed a simplified spherical geometry when representing the ventricles in our 

model. Though this assumption did not impact our ability to match reported 

hemodynamics or ventricular dimensions within a standard deviation, a more realistic 

geometry would produce a physically meaningful ventricular wall volume and may 

facilitate a closer model fit to experimental data. The simple nature of this model does 

make it extremely fast, however, requiring 1.4 seconds to run on a desktop computer with 

16 GB RAM, a 64-bit operating system, and a 3.0 GHz Intel Core i7-9700 CPU, expediting 

both automated parameter fitting and uncertainty analysis. 

We chose to model the coarctation as a proportional change in the descending aortic 

resistance based on measurements of coarctation site diameter (unpublished data from 

Menon et al. 2012a), assuming resistance was roughly inversely proportional to cross-

sectional area [62]. Others have simulated CoA in a lumped parameter model using a semi-

analytical formulation of the net pressure gradient across a stenosis, where the stenosis is 
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modeled by a resistor in parallel with an inductor and the net pressure gradient is a 

function of the instantaneous flow rate and the energy loss coefficient [49, 69]. In this 

approach, coarctation severity is simulated by reducing the effective orifice area, which 

directly alters both resistance and inductance together. We opted to not include an 

inductor in our model. Stergiopulos et al. [70] compared the ability of a 4-element 

Windkessel (with a parallel inductor) to a 3-element Windkessel to simulate ascending 

aortic hemodynamics in dogs. Both produced pressure waves that closely matched the 

data when the flow was input. Therefore, without detailed frequency data, we chose to limit 

the number of unidentifiable parameters. Additionally, calculating the energy loss 

coefficient would require measurements of aortic diameter distal to the coarctation, which 

were not available. Alternative methods of calculating the pressure gradient require 

measurements of blood velocity and coarctation length [71, 72], neither of which were 

measured in the rabbit experimental studies. 

Collateral vessels can form to attenuate the hemodynamic consequences of the 

coarctation [73, 74]. While collateral vessels have not been directly observed in this animal 

model [14, 38, 64], proximal versus distal catheter blood pressure measurements were 

consistent with those in the setting of collateral vessels [75]. The caliber of intercostal 

arteries at harvest further suggests collateralization, despite not being able to resolve these 

arteries by MRI. Experimentally, Azarnoosh et al. [46] measured the total upper body flow in 

this rabbit model by subtracting flows from the arteries proximal to the coarctation (the 

right and left coronary and subclavian arteries) from the total systemic flow, which was 
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determined by integrating the area under the ascending aorta PC-MRI waveform. Thus, 

while collateralization was not explicitly considered in the computer model, the increase in 

upper body flow and reduction in blood pressure gradient that can result from 

collateralization were considered during model fitting. 

Changes in arterial compliance are represented in our computer model by changing the 

value of arterial capacitors Caa and Cub. These capacitance changes cannot differentiate 

between compliance changes due to geometry (changes in wall thickness or radius) and 

stiffness (due to microstructural changes in elastin, collagen, and smooth muscle). 

Terminal histologic analysis of ascending aortic tissue indicates these effects are likely 

occurring simultaneously. Both untreated CoA and corrected rabbits exhibited increases in 

ascending aortic thickness and reductions in functional elastin and smooth muscle [14, 

64]. Multiscale microstructural [58, 76] and continuum constitutive [77] computer models 

can capture the effects of tissue microstructure on overall mechanical behavior. While 

such models would be capable of delineating the effects of microstructural remodeling 

and vessel thickness, fitting model parameters would necessitate terminal structural and 

geometric data. Predictive computational models [78–82] which simulate alterations in 

tissue constituent mass due to pathologic loading could potentially address this concern, 

but their application to aortic coarctation is recent and limited [83]. In particular, the 

constrained mixture approach [84] has been applied to simulate temporal alterations in 

elastin, collagen, and smooth muscle content in large arteries. However, validation of 
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these predictions currently relies on detailed quantitative estimations of these proportions 

from histopathology, which can only be conducted terminally. 

Lastly, we assumed constant myocardial material properties in all three groups. Animal 

studies of LV pressure overload caused by aortic banding have shown ventricular 

remodeling includes collagenous fibrosis [85]. Additionally, histologic analysis indicates 

patients with heart failure and a preserved ejection fraction alongside hypertension have 

higher myocardial collagen content than healthy controls or those without hypertension 

[86]. However, biopsy is not feasible in most patients. Late gadolinium enhanced 

cardiovascular MRI is a common noninvasive approach to quantify focal or replacement 

myocardial fibrosis, such as that seen in ischemic heart disease. T1 mapping is also 

emerging as a newer technique capable of detecting diffuse fibrosis, which is more 

common in hypertensive heart disease. While both techniques have been applied to CoA 

patients post-correction, fibrosis was not detected [67, 87]. As part of this study, we were 

able to conduct preliminary histologic analyses on left ventricular samples from one 

control and one untreated CoA rabbit that had been preserved from the previously 

published experimental study (Wendell et al. 2017). Short axis slices were stained with 

picrosirius red and imaged under polarized light to visualize collagen. We did not observe 

any obvious difference in collagen content, and automated quantification indicated that 

the collagen area fraction was essentially the same in the control and untreated CoA 

ventricular samples (2.6% and 2.5%, respectively). In the future, if we find experimental 
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evidence that myocardial material properties change with CoA or its correction, accounting 

for this in the computational model would be relatively straightforward. 

4.3. Conclusion 

There is increasing evidence that the degree of distal vascular, ascending aortic, and 

ventricular remodeling due to CoA is likely linked to the duration and severity of the 

coarctation (Menon et al. 2012a; Azarnoosh et al. 2023). There is also evidence that 

following successful aortic coarctation correction, reversal of this remodeling may be 

incomplete or impossible, leading to chronic hypertension.  Computational models can 

play several roles in understanding the incidence, mechanisms, and presentation of 

pathologic remodeling in CoA. For instance, preclinical animal models, though invaluable 

for determining the underlying mechanisms driving adverse remodeling, are resource 

intensive. They also require careful planning to ensure that measurements are 

comprehensive and contribute to our understanding of cause and effect relationships. 

Therefore, in future simulations we will use our validated model to investigate the trade-off 

in CoA severity and duration (i.e., different correction timing) to evaluate their individual 

roles in the time course and reversibility of remodeling. These results will inform timing 

decisions in both data collection and termination for future preclinical studies. They will 

also enable us to prioritize data collection. For example, while previous terminal histology 

indicated potentially irreversible remodeling was occurring in the ascending aorta following 

coarctation correction, our computational model suggests that there may be additional 



134 

 

 

persistent dysfunction in the upper body arteries, leading us to prioritize vasoreactivity 

assessment and terminal immunohistochemistry in these vessels in the future.  

From the clinical perspective, while animal models of CoA—aided by insights from 

computational models—can define timing and severity boundaries prior to studies on 

human patients, some methods of data collection used in animal models are undesirable 

or impossible for human studies. Our computational model identified the persistent 

reduction in ascending aortic compliance following CoA correction when only non-terminal 

data was considered. This indicates promise for development as a clinical tool to estimate 

a patient’s level of maladaptive vascular remodeling and predict their long-term 

hypertension risk. 
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Chapter 4: A Computational Model of Ventricular 
Dimensions and Hemodynamics in Growing Infants 
 

Abstract 

Previous computer models have successfully predicted cardiac growth and remodeling in 

adults with pathologies. However, applying these models to infants is complicated by the 

fact that they also undergo normal, somatic cardiac growth and remodeling. Therefore, we 

designed a computational model to predict ventricular dimensions and hemodynamics in 

healthy, growing infants by modifying an adult canine left ventricular growth model. The 

heart chambers were modeled as time-varying elastances coupled to a circuit model of the 

circulation. Circulation parameters were allometrically scaled and adjusted for maturation 

to simulate birth through 3 yrs of age. Ventricular growth was driven by perturbations in 

myocyte strain. The model successfully matched clinical measurements of pressures, 

ventricular and atrial volumes, and ventricular thicknesses within two standard deviations 

of multiple infant studies. To test the model, we input 10th and 90th percentile infant 

weights. Predicted volumes and thicknesses decreased and increased within normal 

ranges and pressures were unchanged. When we simulated coarctation of the aorta, 

systemic blood pressure, left ventricular thickness, and left ventricular volume all 

increased, following trends in clinical data. Our model enables a greater understanding of 

somatic and pathological growth in infants with congenital heart defects. Its flexibility and 
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computational efficiency when compared to models employing more complex geometries 

allow for rapid analysis of pathological mechanisms affecting cardiac growth and 

hemodynamics. 

1. Introduction   

Congenital heart defects (CHDs), failures of the heart to develop properly in utero, are the 

most common birth defect, occurring in approximately 1 in 100 births [1]. A quarter of 

those infants will have a critical CHD, requiring surgery in their first year of life [2]. 

Fortunately, advances in care over the past 50 years have increased survival rates 

enormously; over 85% of children born with CHDs today can expect to live into adulthood 

[3]. As children live and grow with CHDs, their cardiovascular system also grows. In adults, 

cardiac hypertrophy is largely a function of pathology, occurring in response to 

hemodynamic overload from conditions such as valvular disease, hypertension, and 

myocardial infarction. In children, however, hypertrophy is a normal part of development. 

Complicating matters further, children with CHDs experience this somatic growth 

alongside pathologic growth, making it difficult to estimate how disease progression or 

intervention will change hemodynamics or heart size. Separating these growth 

mechanisms in vivo is extremely challenging, limiting our understanding of their interplay 

and our ability to predict changes in cardiac dimensions in children with CHDs.  

Computational models are useful tools for uncoupling processes that are inextricably 

linked in the body so they can be modified and studied in isolation. For example, Burkhoff 

and Tyberg investigated proposed sources of the rise in pulmonary venous pressure after 

ventricular dysfunction using a simple zero-dimensional model [4]. Other cardiovascular 
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models have evaluated hemodynamically induced stresses on aneurism development and 

rupture, oxygen transport, and atherosclerosis [5–8]. Computer models have become 

powerful aids in surgical planning for CHD patients [9–11]. Image-based computational 

fluid dynamics simulations have been produced for many different congenital defects 

including tetralogy of Fallot [12], Kawasaki disease [13], and coarctation of the aorta (CoA) 

[14]. The application of these models for “virtual surgery” in patients with single ventricle 

physiology has been the most active area of research, including in silico assessment of 

different surgical approaches and patient-specific modeling [15,16]. One of the most 

exciting new areas for computational modeling is the simulation of growth and remodeling. 

These models predict changes in the mass and structure of cardiovascular tissues over 

time, usually in response to acute alterations in hemodynamics. They utilize growth laws 

that relate stress and strain changes in the myocardium due to perturbances in 

hemodynamics with cardiomyocyte lengthening and thickening. In our recent review [17], 

we evaluated the ability of a number of published growth laws to reproduce the 

characteristic growth patterns resulting from strains typical of ventricular pressure and 

volume overload in adults. By altering hemodynamic inputs consistent with pathology, the 

models can predict the resultant pathologic growth and remodeling [18,19]. One such 

model, previously developed by our group [17,20], predicted the time-course of ventricular 

hypertrophy in adult canines under volume and pressure overload as well as myocardial 

infarction. In this study, we adapted this model for human infants and successfully 

predicted changes in ventricular thickness and volume for healthy infants from birth to 3 

yrs of age. To demonstrate the model’s capacity for pathologic growth in infants, we 
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simulated CoA, a defect which generally results in left ventricular (LV) pressure overload. 

The CoA simulation led to expected increases in LV thickness, end-diastolic volume, and 

systemic blood pressure.   

2.  Methods   

A previously published computational model [17] capable of predicting LV growth in adult 

canines in response to hemodynamic overload was modified for human infants. For more 

flexibility in future simulations of pathology, additional compartments were created and 

right ventricular (RV) growth was implemented into the simulation. As explained in detail 

below, a strain-based growth law determined ventricular growth in both the circumferential 

and radial directions. Changes in ventricular geometry throughout growth were computed 

using analytic expressions relating strain and volume as well as stress and pressure in a 

thin-walled sphere. Allometric scaling was used to adjust input parameters from an adult 

canine model [17,20] and an adult human model [21] according to mean infant body mass. 

A maturation approach was used to adjust specific parameters in order to capture reported 

hemodynamic trends associated with birth. To test the predictive capacity of the model, 

infant weights at the 10th and 90th percentiles were inputted. Lastly, to evaluate the 

model’s capacity to predict pathologic hypertrophy, CoA was simulated.   

2.1.  Expanding the Model to Simulate Infant Physiology 

The original adult canine model [17,20] was composed of six compartments: LV, RV, 

systemic veins (SV), systemic arteries (SA), pulmonary veins (PV), and pulmonary arteries 

(PA). Briefly, the ventricles were simulated using time-varying elastances, systemic and 
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pulmonary arterial behavior were simulated by three-element Windkessels, distal vessels 

were represented by capacitors in parallel with resistors, and valves were represented by 

pressure-sensitive diodes. To better replicate infant physiology, particularly for cases of 

congenital heart defects, an additional six compartments were added, for a total of 12 

compartments (Fig. 1).  
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Figure 1: Schematic of the circuit model used to simulate the pressure-volume behavior 

of the cardiovascular system. The left and right atria (LA and RA) were simulated using 

time-varying elastances. The left and right ventricles (LV and RV) were simulated using 

time-varying elastances, and growth relied on strains computed assuming a thin-

walled spherical geometry. The ascending aorta and main pulmonary artery behavior 

were simulated by three-element Windkessels consisting of a characteristic resistance 

(R_SC and R_PC), a capacitance (C_AA and C_MPA), and an arterial resistance (R_AA 

and R_MPA). Distal vessels were represented by capacitors in parallel with resistors for 

the pulmonary arteries (C_PA and R_PA), pulmonary veins (C_PV and R_PV), lower body 

systemic arteries (C_SA_LB and R_SA_LB), and upper body systemic arteries (C_SA_UB 

and R_SA_UB), lower body systemic veins (C_SV_LB and R_SV_LB), and upper body 

systemic veins (C_SV_UB and R_SV_UB). Pressure sensitive diodes (TV, PV, MV, and AV) 

represented the tricuspid, pulmonary, mitral, and aortic valves, respectively. Arrows 

indicate the direction of blood flow and blood oxygenation levels. 
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First, left and right atria were added using identical time-varying elastances, along with 

respective resistances for the mitral and tricuspid valves [21]. Parameter values for this 

eight-compartment model matching the hemodynamics of a healthy adult human are 

detailed in Table S1. To model the main pulmonary artery (MPA), the pulmonary arterial 

pool was split by adding an additional series resistor and parallel capacitor. The total 

pulmonary arterial compliance and resistance were 

 𝐶𝑡𝑜𝑡𝑎𝑙,𝑃𝐴 = 𝐶𝑀𝑃𝐴 + 𝐶𝑃𝐴  and   𝑅𝑡𝑜𝑡𝑎𝑙,𝑃𝐴 = 𝑅𝑀𝑃𝐴 + 𝑅𝑃𝐴 , (5) 

respectively. CMPA and RMPA indicate the capacitance and resistance of the main pulmonary 

artery, respectively. CPA and RPA indicate the capacitance and resistance of the remaining 

distal pulmonary arteries, respectively. The value of CMPA/CPA was set to 8 such that the 

mean pressure and pulse pressure in the main pulmonary artery was ≈1.5 mmHg and 2.5 

mmHg higher than the distal vessels, respectively [22,23]. The ratio of main pulmonary 

artery resistance to that of the distal arteries,    

 𝑅𝑀𝑃𝐴/𝑅𝑃𝐴 = (𝐶𝑀𝑃𝐴/𝐶𝑃𝐴)
(−3 4⁄ ) , (6) 

was determined using the dependence of vascular resistances and capacitances on vessel 

dimensions (R ≈ lr –4 and C ≈ lr 3, where r and l are the radius and length of the vessel, 

respectively) [24,25]. The systemic arterial pool was split in a similar manner to model the 

ascending aorta (AA) and the distal systemic arteries. However, to simulate the upper and 

lower body separately the distal arteries were further divided. The new upper and lower 
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body systemic arterial resistors were placed in parallel and the capacitors were also in 

parallel. Thus, the total systemic arterial compliance and resistance were 

 𝐶𝑡𝑜𝑡𝑎𝑙,𝑆𝐴 = 𝐶𝐴𝐴 + 𝐶𝑆𝐴,𝑈𝐵 + 𝐶𝑆𝐴,𝐿𝐵  and (7) 

 𝑅𝑡𝑜𝑡𝑎𝑙,𝑆𝐴 = 𝑅𝐴𝐴 +
𝑅𝑆𝐴,𝑈𝐵𝑅𝑆𝐴,𝐿𝐵

𝑅𝑆𝐴,𝑈𝐵+𝑅𝑆𝐴,𝐿𝐵
  , (8) 

respectively. CAA and RAA indicate the capacitance and resistance of the ascending aorta, 

CSA,UB and RSA,UB indicate the capacitance and resistance of the systemic arteries in the 

upper body, and CSA,LB and RSA,LB  indicate the capacitance and resistance of the systemic 

arteries in the lower body. The value of CAA/(CSA,UB + CSA,LB) was set to 16 such that the mean 

and pulse pressure in the ascending aorta were ≈4.4 mmHg and 2.7 mmHg higher than the 

distal vessels, respectively [26]. Again, using the dependence of vascular resistances and 

capacitances on vessel dimensions, the ratio of the ascending aortic resistance to that of 

the distal arteries was 

 
𝑅𝐴𝐴 (

𝑅𝑆𝐴,𝑈𝐵+𝑅𝑆𝐴,𝐿𝐵

𝑅𝑆𝐴,𝑈𝐵𝑅𝑆𝐴,𝐿𝐵
) = (

𝐶𝐴𝐴

𝐶𝑆𝐴,𝑈𝐵+𝐶𝑆𝐴,𝐿𝐵
)
(−3 4⁄ )

 . 
(9) 

The value of CSA,LB/CSA,UB and RSA,LB/RSA,UB were set to 1 based on the ratio of flow in the 

superior vena cava to the main pulmonary artery reported for infants by Salim et al [27].  

Finally, the upper and lower systemic veins were divided in the same way as the upper and 

lower systemic arteries. The total systemic venous compliance and resistance were 



153 

 

 

 𝐶𝑡𝑜𝑡𝑎𝑙,𝑆𝑉 = 𝐶𝑆𝑉,𝑈𝐵 + 𝐶𝑆𝑉,𝐿𝐵  and (6) 

 𝑅𝑡𝑜𝑡𝑎𝑙,𝑆𝑉 =
𝑅𝑆𝑉,𝑈𝐵𝑅𝑆𝑉,𝐿𝐵

𝑅𝑆𝑉,𝑈𝐵+𝑅𝑆𝑉,𝐿𝐵
  , (7) 

respectively. CSV,UB and RSV,UB and CSV,LB and RSV,LB indicate the capacitances and resistances 

of the systemic veins in the upper and lower body, respectively. As in the arteries, the 

values of CSV,LB/CSV,UB and RSV,LB/RSV,UB were set to 1. 

2.2.  Scaling Model Parameters 

To adapt the model to human infants, weight-based allometric scaling was employed for 

ventricular pressure-volume and timing parameters, capacitances, and the majority of 

resistances such that 

 𝑌𝑖 = 𝑌0(𝑀𝑖 𝑀0⁄ )𝑏, (8) 

where Y is the parameter under consideration, M is body weight, and b is a scaling factor 

[28]. The subscripts i and 0 indicate current and reference values, respectively. Reference 

parameters (Y0 and M0) were set to those of a healthy 70 kg adult human (Table S1). Mi was 

a vector of infant weights for ages 0 to 3 years, linearly interpolated from the Centers for 

Disease Control and Prevention’s weight-for-age charts for 50th percentile male and female 

infants [29].  Based on theoretical and empirical measurements, resistances were scaled 

by b = -3/4 and capacitances were scaled linearly [30,28]. Other atrial and ventricular 

parameters were scaled using unit analysis. The scaling factor for the timing parameter 

indicating the percentage of the cardiac cycle spent in systole, b = -0.07, was computed 
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from reported percentages in rats [31] and dogs [20]. See Table S2 for a full list of scaling 

factors. 

2.3.  Customizing Model Parameters for Infant Development 

Some parameters were not scaled throughout the entire age range of 0 to 3 years. While in 

utero, pulmonary vascular resistance (PVR) is high due to the fetus’s lack of respiration. It 

plummets sharply after birth with ventilation, when the lungs open and alveolar PO2 

increases dramatically [33]. Systemic vascular resistance (SVR) follows an opposite trend: 

the removal of the placenta and umbilical cord eliminates a low-resistance source of blood 

flow, thus SVR rises modestly post-birth [33]. To replicate these unique circumstances 

associated with birth, scaling was combined with an age-based function, sometimes 

called a “maturation approach” in pharmacology [34,35]. Therefore, at age in days, t, 

 𝑃𝑉𝑅(𝑡) = 𝑐𝑄(𝑡) + 𝑃𝑉𝑅𝑖(1 − 𝑄(𝑡)), where (9) 

 
𝑄(𝑡) =

1

1 + (
𝑡
𝑐1
)
𝑐2
  . (10) 

PVRi indicates the scaled value of pulmonary vascular resistance computed from Equation 

8 based on the infant’s weight at age t. Their associated capacitance, 

  
𝑃𝑉𝐶(𝑡) = 𝑃𝑉𝐶0 (

𝑃𝑉𝑅(𝑡)

𝑃𝑉𝑅0
)

−4/3

    , 
(11) 
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was computed according to the dependencies of vascular resistances and compliances on 

vessel dimensions [24,25]. SVR(t) and its associated capacitance, SVC(t) were determined 

in the same manner. Maturation parameters c, c1, and c2 were fit using the built-in MATLAB 

function fminsearch to minimize the sum squared error between model outputs for mean 

pulmonary artery pressure (MPAP) and mean arterial pressure (MAP) and the mean values 

of reported measurements from ages 0 to 120 days [43-45]. Figure 2 compares resistances 

determined using the maturation function to those from allometric scaling alone, along 

with their resultant trajectories of MAP and MPAP. In the model, both MAP and MPAP were 

computed as the sum of one-third of the systolic pressure and two-thirds of the diastolic 

pressure, i.e., MAP = (SBP + 2*DBP)/3. For PVR the fitted values of 𝑐, 𝑐1 and 𝑐2 were 3.7 

mmHg*s/mL, 1.3 days and 1.6, respectively, and for SVR they were 5.0 mmHg*s/mL, 29.9 

days, and 4.1, respectively.  
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Figure 2: Scaled pulmonary and systemic vascular resistances and resistances 

produced via a maturation approach (A and C, respectively) as well as their resultant 

mean pulmonary and systemic pressures (B and D, respectively) for a median-weight 

infant in the four months of life, compared to measured data [40-45]. Error bars on data 

indicate 10th and 90th percentiles [40], 5th and 95th percentiles [41,42], or one 

standard deviation [43-45]. Measurements from Qi et al. were from the sea-level cohort 

only. PVR, pulmonary vascular resistance; MPAP, mean pulmonary arterial pressure; 

SVR, systemic vascular resistance; MAP, mean arterial pressure. 
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Heart rate was originally computed via weight-based allometric scaling (using b = -1/4 and 

adult reference heart rate = 70 beats/min). Though the weight-based scaled heart rate 

values were within the range reported for infants between 0-36 months, they peaked 

slightly early (at approximately 1 week of age), whereas heart rates reported by Fleming et 

al. [32] peaked at approximately 4 weeks (Figure S1A). Therefore, to capture the observed 

trend, the measured 50th percentile curve from Fleming et al. was inputted directly into the 

model. 

With the exception of heart rate, PVR, and SVR, all model input parameters were 

determined by infant weight. The ability of the model to produce dimensions, namely LV 

and RV end-diastolic and end-systolic volumes and thicknesses as well as left atrial 

volume, within reported bounds at ages 0 to 3 years was evaluated for model validation. 

Infant body masses at the 10th and 90th percentiles were also considered for further model 

validation. In these cases, PVR and SVR were computed using Eqns 9 and 10, and the 

constants (c, c1, and c2) were kept at the values fitted based on the median weight. Heart 

rate was adjusted upward or downward according to weight (Figure S1B). Lastly, all other 

model parameters were scaled using the smaller or larger weight trajectories (Equation 8). 

2.4.  Simulating Somatic Growth 

A previously published computational model that reproduced pathologic ventricular 

growth in response to pressure overload, volume overload, and myocardial infarction in 

canines was modified to reproduce both pathologic and somatic ventricular growth in 

infants [17,20]. A flowchart describing the model is shown in Figure 3. As discussed in the 
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previous sections, a combination of allometric scaling and a maturation approach were 

utilized to compute all model circulatory parameters for ages 0 to 3 years.  
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Figure 3: Flowchart of model development. Input parameters were first determined 

using either allometric scaling or maturation functions, including all resistances and 

capacitances, stressed blood volume, and ventricular parameters A, B, Ees, and V0. In 

the healthy simulation, the full time course of A, B, Ees, and V0 was generated. In the 

pathologic simulation, only the first day (pre-growth) was generated. From there, the 

unloaded ventricular radius and thickness (r0_s and h0_s for the healthy simulation, r0 

and h0 for the pathologic simulation) were determined and used to find the loaded 

radius and thickness (r and h) throughout the cardiac cycle. Strains were then 

calculated and used as homeostatic setpoints (in the healthy simulation) or to 

determine growth stretch tensor Fg (in the pathologic simulation). In the pathologic 

simulation, Fg was used to determine the new unloaded radius and thickness, which in 

turn gave new values for A, B, Ees, and V0. The cycle repeated until the maximum growth 

step was reached at the three year time point. 
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Ventricular end-diastolic and end-systolic pressure-volume relationships were defined by  

 

respectively, where Ees was the end-systolic elastance of the ventricle, V0 was the 

unloaded volume of the ventricle, and A and B were coefficients describing the exponential 

shape of the end-diastolic pressure-volume relationship. For healthy infants at three 

different birth weights (10th, 50th, and 90th percentiles), allometric scaling was utilized to 

determine values of 𝑉0, 𝐴, 𝐵, and 𝐸𝑒𝑠 (see section 2.2 and Table S2) throughout the entire 

three year time-course. To account for changes in geometry with growth, analytic 

expressions based on the relationships between strain and volume and stress and pressure 

in a thin-walled sphere were developed [17,20] that relate material parameters (a, b, and e) 

to compartmental parameters (A, B, and Ees): 

𝑎 = 𝐴
4𝜋

3
(𝐹𝑔,𝑐𝑟0𝑠)

3
(14) 

𝑏 =
𝐵

2

𝐹𝑔,𝑐𝑟0𝑠
𝐹𝑔,𝑟ℎ0𝑠

(15) 

𝑒 =
2𝜋

3
𝐸𝑒𝑠

(𝐹𝑔,𝑐𝑟0𝑠)
4

𝐹𝑔,𝑟ℎ0𝑠
(16)

r0_s and h0_s indicate the ventricle’s homeostatic unloaded radius and thickness, 

respectively. The growth stretches, 𝐹𝑔,𝑐  and 𝐹𝑔,𝑟  (discussed in Section 2.5 in more detail), 

 𝑃𝐸𝐷 = 𝐵eA(𝑉𝐸𝐷−𝑉0) − 𝐵     (12) 

 𝑃𝐸𝑆 = 𝐸𝑒𝑠(𝑉𝐸𝑆 − 𝑉0)    (13) 
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indicate pathologic changes in the unloaded circumferential and radial dimensions of the 

ventricle, respectively. They were set to 1 at all times for the healthy simulations. In the 

previous adult canine simulations [17,20], 𝑟0𝑠 and ℎ0𝑠 were constant, as the unloaded 

homeostatic ventricular dimensions are unchanged with time in healthy adults. To 

simulate growth in healthy infants, these parameters must change with age. 𝑟0𝑠 was 

computed for each weight trajectory for each age in days as 

 
𝑟0_𝑠 =

1

𝐹𝑔,𝑐
(
3

4𝜋
𝑉0)

1/3

 
(17) 

Then, a single value of a (1.56 for the 50th percentile weight trajectory) was determined from 

Equation 14 for all ages. This was well within the range of a values from our previous 

studies [17, 20]. b was set to 0.14, the average value from our previous studies [17,20], and 

Equation 15 was rearranged to compute ℎ0𝑠 for each age: 

ℎ0𝑠 =
𝐵

2

𝐹𝑔,𝑐𝑟0𝑠
𝐹𝑔,𝑟𝑏

(18) 

Then, from Equation 16 a single value for e (240 mmHg for the 50th percentile weight 

trajectory) was computed. Though compartmental parameters change during growth, 

myocardial properties are particularly difficult to measure and there is no consensus on 

changes during normal somatic development, therefore the material parameters were kept 

constant throughout the three year period.  
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For each growth step (corresponding to one day), the circulation portion of the model was 

run until it reached steady-state, defined as compartmental volumes being within 0.0001 

mL of each other at the beginning and end of the cardiac cycle. The loaded LV and RV radii 

and thicknesses, r and h, were calculated throughout the cardiac cycle from the ventricular 

volumes. 

In the previous adult canine model [17,20], pathologic growth in the circumferential and 

radial directions was driven by changes in the maximum circumferential and radial strain 

from homeostasis, respectively. However, in a growing infant, the ventricles’ homeostatic 

unloaded ventricular dimensions, and thus their homeostatic strains, change with age. 

Circumferential strain, 

𝐸𝑐 = 0.5 (
𝑟

𝑟0𝑠𝐹𝑔,𝑐
)

2

− 0.5 (19) 

and radial strain, 

𝐸𝑟 = 0.5(
ℎ

ℎ0𝑠𝐹𝑔,𝑟
)

2

− 0.5 (20) 

were computed for each ventricle from the loaded radii and thicknesses. Then, other model 

outputs, including ventricular volumes and thicknesses as well as atrial volumes and 

arterial pressures were computed and compared to clinical measurements.  
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2.5.  Simulating Pathologic Growth: Coarctation of the Aorta 

To explore the capacity of the model to produce simultaneous somatic and pathologic 

ventricular growth, CoA was simulated. This congenital heart defect presents as a 

narrowing of the descending aorta distal to the left subclavian artery, resulting in increased 

systolic blood pressure and LV hypertrophy [36,37]. In general, systemic vascular 

resistance drops as infants age and their vessels become larger. To simulate unrepaired 

CoA, the resistance of the lower body arteries was gradually increased from its peak 

somatic value at 23 days to a maximum of 25% over baseline (Figure 4A). The compliance 

of the lower body arteries was determined from the resistance via their dependence on 

vessel dimensions [24,25]. The gradual increase in resistance over the first year of life was 

simulated to replicate the time-course in the presentation of coarctation observed by 

Eerola et al [36] and Vogt et al [37], wherein systemic blood pressures in CoA patients are 

similar to control soon after birth before becoming significantly larger as the child grows. In 

previous simulations of pressure overload [38,17], it was necessary to increase stressed 

blood volume to capture increases in ventricular filling pressure. Therefore, stressed blood 

volume was increased proportionally with lower body artery resistance (Figure 4B). 
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Figure 4: Resistance for the lower body arterial compartment (A) and stressed blood 

volume (B) for the healthy and coarctation simulations for a median-weight infant in the 

first three years of life. Resistance was gradually increased from its peak somatic value 

at 23 days to a maximum of 25% over baseline and stressed blood volume was 

increased 14% over baseline. 
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The pathologic growth mechanism follows the same path as somatic growth, with a few 

exceptions (see Figure 3). Simulating pathologic growth relied on iteration. Rather than 

generating the entire three year time-course of ventricular parameters V0, A, B, and Ees 

from allometric scaling, only the initial day 0 set was determined via scaling. No pathologic 

growth was assumed in utero, therefore the initial values of r0 and h0 were equivalent to 

their somatic, healthy counterparts, r0_s and h0_s.  

Next, the circulation portion of the model was run with the CoA parameters, and r and h 

were calculated throughout the cardiac cycle from the ventricular volumes. As lower body 

arterial resistance and stressed blood volume began to differ from their somatic values, so 

did the loaded radii and thicknesses, r and h, and therefore so did the resulting strain 

values from Eqns. 19-20.   

Hill-type functions, described in detail in [17], determined the rate of pathologic 

circumferential and radial ventricular growth (∆Fg,c and ∆Fg,r, respectively) based on these 

deviations in circumferential and radial strains from their somatic values. The pathologic 

growth rate was governed by three parameters: the first parameter limited the maximum 

growth rate per day, the second dictated the slope of the sigmoid or the change in rate with 

strain difference, and the third defined a quiescent zone. These six parameters (three for 

the circumferential direction and three for the radial direction) were unchanged from the 

previous model of myocardial growth in adult canines [17,20]. Inputting the difference 

between the homeostatic strain and the pathologic strain into the Hill-type functions 

produced new values of Fg,c and Fg,r, the pathologic growth amounts in the circumferential 
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and radial directions of the ventricle, respectively. At each time step, Fg,c and Fg,r  were then 

multiplied by the previous step’s values of r0 and h0, respectively, to give the current r0 and 

h0 (see Figure 5 for a comparison of somatic and pathologic unloaded radii and 

thicknesses). New values of the ventricular compartment parameters were then computed 

by rearranging Eqns. 14, 15, 16, and 17 and solving for A, B, Ees and V0, respectively, for the 

current time step. Pathology was assumed to only alter ventricular mass, therefore 

material parameters a, b, and e were held constant throughout the simulation at their 

somatic values. The circulation portion of the model was run until it reached steady-state, 

and the loaded LV and RV radii and thicknesses, r and h, were calculated throughout the 

cardiac cycle from the ventricular volumes. Growth proceeded iteratively until the 

maximum growth step of 1095 days was reached, at which point all hemodynamic and 

geometric outputs were plotted. The ability of the model to produce dimensions, namely LV 

end-diastolic volume and thickness, was evaluated for model validation.  
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Figure 5: Top: Comparison of unloaded radii for somatic and CoA cases (r0_s and r0, 

respectively). Bottom: Comparison of unloaded thicknesses for somatic and CoA cases 

(h0_s and h0, respectively). Left-hand panels indicate the left ventricle, right-hand 

indicates the right ventricle. Unloaded radii and thicknesses were used to find loaded 

radii and thicknesses r and h, which were then used to compute strain at each time step. 
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3.  RESULTS 

The objective of this study was to modify a previously published computational model of 

left ventricular growth in adult canines for human infants. Homeostatic strain setpoints 

were fitted to capture somatic growth over time in median-weight infants. To test the 

maturation approach for parameter scaling, homeostatic strain setpoints were also fitted 

for infants in the 10th and 90th percentile of birth weight. Then, the ability of the model to 

predict pathologic growth in combination with somatic growth was tested by simulating 

coarctation of the aorta. Model volume and thickness outputs were validated against 

reported measurements for somatic and coarctation simulations. 

3.1.  Simulating Somatic Growth for the Median Infant 

Three years of growth were simulated for an infant with a median weight trajectory. This 

trajectory included a typical drop and regain of weight shortly after birth [39], resulting in a 

similar trend in model outputs. As shown in Figure 6A, simulated MAP closely matched 

reported measurements. Model MAP fell between the 10th and 90th percentiles [40], 5th and 

95th percentiles [41,42], and within one standard deviation [43-45] of reported means 

throughout the entire three-year period. In these studies, MAP was measured using a blood 

pressure cuff, therefore comparable model pressures were from the upper body arteries 

compartment. Likewise, Figure 6B shows the simulated MPAP was well within one standard 

deviation of the reported values throughout the entire three-year period. MPAP was 

measured in the main pulmonary artery by Doppler echocardiography [43,44] and cardiac 

catheterization [45], thus model pressures shown were from the main pulmonary artery 
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compartment. Pulmonary and systemic systolic and diastolic pressures also matched 

reported trajectories (Figure S2). 
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Figure 6: Simulated systemic (A) and pulmonary (B) mean arterial pressures throughout 

the first three years of life for a median weight infant compared to reported 

measurements [40-45]. In the studies referenced, MAP was measured using a blood 

pressure cuff, therefore comparable model pressures were from the upper body 

arteries compartment. MPAP was measured in the main pulmonary artery by Doppler 

echocardiography [43,44] and cardiac catheterization [45], thus model pressures 

shown were from the main pulmonary artery compartment. Measurements from Qi et 

al. were from the sea-level cohort only. Error bars on data indicate 10th and 90th 

percentiles [40], 5th and 95th percentiles [41,42], or one standard deviation [43-45]. 

MAP, mean arterial pressure; MPAP, mean pulmonary arterial pressure. 
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Simulated chamber volumes agreed well with reported echocardiographic measurements. 

Maximum left atrial volume followed reported trends [46,47] and was well within the 10th 

and 90th percentiles reported by Linden et al. [48] [Figure S6]. Model LV end-diastolic and 

end-systolic volumes (Figure 7A and B) were within two standard deviations of reported 

measurements. Simulated RV end-diastolic volumes were also within two standard 

deviations [50] and 10th and 90th percentiles [51] of reported measurements (Figure 7C) and 

simulated RV end-systolic volumes fell between measurements reported by Thilenius and 

Arcilla [52], Buechel et al. [53], and Lange et al. [54] (Figure 7D). 
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Figure 7: Simulated left and right ventricular volumes at end diastole (A and C, 

respectively) and end systole (B and D, respectively) for the first three years of life for a 

median-weight infant compared to reported measurements [49,50-55,71]. Dashed lines 

indicate mean values for reported data. Dotted lines indicate ± two standard deviations 

[49,50], ± one standard deviation [52], 10th and 90th percentiles [51], or 95% confidence 

interval [53]. LV, left ventricle; RV, right ventricle; ED, end diastole; ES, end systole. 
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Simulated ventricular thicknesses also matched reported echocardiographic 

measurements. LV wall thickness at end diastole and end systole followed trends reported 

by Akiba et al. [55] and was within the 10th and 90th percentiles reported by Kampmann [56] 

(Figure 8A and B). RV wall thickness at end diastole was within one standard deviation of 

measurements reported by Qi et al. [45] (Figure 8C). No measurements of RV wall 

thickness at end systole were available for healthy infants below 3 years of age. 
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Figure 8: Simulated left and right ventricular thicknesses at end diastole (A and C, 

respectively) and end systole (B and D, respectively) for the first three years of life for a 

median-weight infant. Simulated left ventricular thicknesses are compared to posterior 

wall measurements and simulated right ventricular end diastolic thickness is 

compared to anterior wall measurements [45,55,56,74]. No data were available for right 

ventricular thicknesses at end systole during the first three years of life. Measurements 

from Qi et al. were from the sea-level cohort only. Dashed lines indicate mean values 

for reported data. Dotted lines indicate 10th and 90th percentiles [56] or 5th and 95th 

percentiles [74]. Error bars on data indicate ± one standard deviation [45]. LV, left 

ventricle; RV, right ventricle; ED, end diastole; ES, end systole. 
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3.2.  Simulating Somatic Growth for Larger and Smaller Infants 

To validate the model for infants at weights other than the 50th percentile, the 10th and 90th 

percentile weight curves were also used to simulate somatic growth. Maturation constants 

for pulmonary and systemic vascular resistance were not refitted. Heart rates computed 

from the 10th and 90th percentile weight curves input into the model are shown in [Figure 

S1B]. There was negligible difference in simulated MAP and MPAP (Figure S3) and in 

systemic and pulmonary systolic and diastolic pressures (not shown). Simulated end-

diastolic LV volume and thickness increased with weight but were within the bounds of 

reported values (Figure 9). Other chamber volumes and thicknesses were also within the 

bounds of reported values (Figures S4 and S5).  
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Figure 9: Comparison of 50th, 10th, and 90th weight percentile simulations for left 

ventricular (A) volume and (B) thickness at end diastole compared to bounds of 

reported measurements [45,49,50,56,74]. Measurements from Qi et al. were from the 

sea-level cohort only. Dotted lines indicate 10th and 90th percentiles [56], 5th and 95th 

percentiles [74], or ± two standard deviations [49,50]. Error bars on data indicate ± a 

standard deviation [45] LV, left ventricle; ED, end diastole. 
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3.3.  Simulating Coarctation of the Aorta 

In a simulation of CoA, the model predicted a substantial increase in end-diastolic LV 

thickness, comparable with the significant increase in both the end-diastolic LV posterior 

wall thickness and the interventricular septal thickness observed by Eerola et al. [36] 

(Figure 10A).  It also predicted an increase in LV end-diastolic volume comparable with 

their reported significant increase in LV end-diastolic diameter (Figure 10B). An increase in 

systemic systolic and diastolic pressures in the upper body arteries (Figures 10C and D) 

was also produced, consistent with observed increases measured using a blood pressure 

cuff [36,37].  
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Figure 10: Comparison of normal and coarctation simulations for (A) left ventricular 

thickness at end diastole, (B) left ventricular volume at end diastole, (C) systolic and (D) 

diastolic systemic pressures compared to reported control and coarctation 

measurements [36,37]. Error bars on data indicate ± one standard deviation. LV, left 

ventricle; ED, end diastole; SBP, systolic blood pressure; DBP, diastolic blood pressure. 
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4.  DISCUSSION 

Our goal was to create and implement a predictive cardiac growth model for normal 

healthy infants that can be further modified to simulate pathology. To accomplish this, 

somatic growth was uncoupled from pathologic growth. We simulated somatic growth by 

adapting the input parameters of a model of adult canine LV growth for human infants 

using a combination of allometric and maturation approaches. The ventricular dimensions 

and hemodynamics produced by the model matched reported measurements for healthy 

infants aged 0-3 years. Simultaneously, the model produced time-varying homeostatic 

strain setpoints later used to determine pathologic growth in the case of CoA. Our model’s 

speed and flexibility allow it to be used as a tool to quickly analyze pathological 

mechanisms affecting cardiac growth and hemodynamics in growing infants, and its 

modular nature makes it a potential base for more sophisticated approaches aimed at 

clinical integration and translation.  

4.1.  Adjusting Model Parameters for Infants 

A major challenge in simulating the hemodynamics of infants and children arises from 

needing to change all parameters simultaneously to capture somatic growth, as 

dimensionalized parameters must change with body size. Furthermore, many model 

parameters (e.g., stressed blood volume, venous compliances and resistances) are not 

measurable clinically and require optimization from other measurable quantities (e.g., end-

diastolic volume). Obtaining sufficient clinical data to optimize all parameters for infants 
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from 0 to 3 years of age over a range of weights is not possible. Therefore, in this study we 

used allometric scaling and a maturation approach to determine parameter sets for infants 

at different weights and ages. Allometric scaling relates a biological variable to body mass 

[28]. It has been widely used to translate computational models between species [30] and 

even to simulate somatic development [24,25]. For example, Pennati and Fumero (2000) 

created a computer model of fetal development from 20 to 40 weeks of gestation by 

assuming a set weight at each gestational age and fitting allometric scaling exponents for 

each vascular structure and organ [25]. A maturation function, used in anesthesiology for 

predicting drug clearance in pediatric patients, takes both weight and age into 

consideration when calculating output to account for differences between neonates and 

adults that cannot be explained solely by size [34,35]. In this study, the maturation 

approach enabled separation of postnatal deviations in resistance associated with birth 

from those occurring due to increasing size. Using this approach, the model produced 

reasonable values for chamber dimensions as well as arterial pressures for infants of 

different weights across a wide range of ages (Figure 9, [Figures S3-5]). While early values of 

MAP and MPAP in normal infants with mean body weight trajectories were initially 

necessary to fit maturation constants, these constants were then used successfully for 

infants with different weight trajectories and CoA. Thus, with these constants, weight and 

heart rate alone are the necessary inputs to the model. 

4.2.  Predicting Ventricular Dimensions 

We utilized alterations in homeostatic strains across time to simulate somatic heart growth 

(r0_s and h0_s in Figure 5). The computed strain setpoints changed rapidly in the first 10 days, 
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however, this variation was largely driven by age—when the 10th and 90th percentile weight 

trajectories were input along with the base fitted maturation constants, there was little 

change to the homeostatic setpoint trajectories. Therefore, this strategy is well-suited to a 

wide range of birth weights, indicating promise for future simulations of pediatric patients 

with complex CHDs, who tend to weigh less than their healthy peers. For example, using 

this approach, homeostatic setpoints could be established for an infant with normal 

anatomy but abnormally low weight trajectory. Then, a simulation including the anatomic 

features of the congenital defect could be run with the established setpoints. Resulting 

deviations in myocardial strain would predict pathologic changes in unloaded heart radius 

and thickness. In this way, we could uncouple deficiencies in overall growth (weight) and 

somatic ventricular development from pathologic ventricular hypertrophy. 

Our model predictions of ventricular dimensional changes were within empirical ranges for 

healthy infants and those with CoA from 0 to 3 years of age. Notably, when capturing the 

pathologic growth associated with CoA, it was unnecessary to alter the growth parameters 

that relate the rates of pathologic circumferential and radial growth with deviations in 

circumferential and radial strain. Fitted homeostatic maximum circumferential strain was 

within the range of previously fitted values for adult canines (0.44 to 0.80) throughout the 

entire three-year period despite the change in species and age [17, 20]. Fitted homeostatic 

maximum radial strain was within the range of previously fitted values (-0.11 to -0.01) 

throughout the entire three-year period for the LV and after day 3 for the RV. Thus, 
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differences in strain produced reasonable growth rates regardless of their application to 

developing children or adult canines.  

In all simulations the active and passive intrinsic material properties of the myocardium 

were constant at all times. Changes in these parameters can be prescribed easily if 

warranted. In a previous simulation of myocardial infarction, when the passive stiffness of 

the ventricle was increased at a rate matching increased collagen content, the difference 

between predicted and observed ventricular volumes narrowed [17]. Fibrosis is commonly 

observed clinically in patients with aortic stenosis [57-59] as well as in animal experiments 

of aortic banding [60-62]. However, the clinical studies on aortic coarctation referenced 

[36, 37] did not comment on LV myocardial fibrosis. When we simulated a 20% increase in 

b, the parameter dictating the passive stiffness of the LV in Equation 15, there were minimal 

changes in arterial pressure or LV end-diastolic thickness, however there was substantially 

less LV dilation (Figure S7). 

Our rationale for using CoA to model pathologic growth was twofold: first, CoA is a 

relatively simple defect in comparison to more complex CHDs, such as hypoplastic left 

heart syndrome or tetralogy of Fallot. Simulating it does not require extensive changes to 

our model, only an increase in lower body arterial resistance. Second, uncorrected CoA 

results in LV pressure overload, which we have successfully modeled previously in adult 

canines [17]. Pressure overload results in predictable and measurable changes in LV 

geometry, namely increased LV thickness and larger end-diastolic diameters (and, 

relatedly, end-diastolic volume) than healthy controls [36]. Though the cause of this 
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diameter increase is unclear for coarctation, in other types of hypertension presenting with 

reduced arterial compliance, vasodilation and congestion have been implicated (rather 

than ventricular growth and remodeling) for increased end-diastolic LV volume [65, 66]. 

Thus, consistent with previous models, stressed blood volume was increased 

proportionally with increased arterial resistance to capture this change in hemodynamic 

compensation. 

4.3.  Limitations 

We assumed a simplified spherical geometry when representing the ventricles in our 

model. While finite element (FE) models can generate undoubtedly more accurate 

representations of the anatomy derived from high-resolution imaging, children rarely 

receive multiple cardiac MRIs or CTs, making it impractical to fit and validate spatially-

varying growth predictions and supporting a simpler analytic approach. Additionally, 

simulating growth is numerically intensive and current FE models are already 

computationally expensive.  Though advances in computing strategies are being developed 

to reduce computation time [63,64], current models often require hours to run a single 

cardiac cycle and thus weeks to simulate a month of growth, even when utilizing 

computing clusters [67]. In contrast, our MATLAB model predicts three years of growth in 

40.5 minutes on a desktop computer with 16 GB RAM, a 64-bit operating system, and a 3.0 

GHz Intel Core i7-9700 CPU. In our previous usages of the thin-walled spherical geometry 

we successfully predicted relative changes in radius and wall thickness following pressure 

overload, volume overload, and myocardial infarction [17,20]. Others have also 

successfully simulated changes in ventricular dimensions due to both overload [68] and 
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dyssynchrony [69, 70] with similar geometries, implying a similar effect of alterations in 

ventricular pressure and volume changes on myocardial stress as in more complex 

geometries. It is possible more intricate geometries will be needed in the future to replicate 

more complex CHDs. In particular, the RV has a more irregular shape than the LV and has 

generally received less attention by the modeling community [71]. Thus, the spherical 

assumption may impact the predictions of RV growth under an RV-specific pathology such 

as hypoplastic heart syndrome. In similar complex cases, however, lower order models 

have proven to be critical tools in determining boundary conditions, initial conditions, and 

parameter optimization for higher order models, suggesting continued utility of our 

approach [24]. 

As mentioned in section 4.2, the growth parameters relating rates of pathologic growth to 

deviations in strain were unchanged with time or from previous simulations. Thus, we 

assumed that a myocyte’s abilities to sense and respond to stretch do not depend on 

developmental stage or species. Situations where the inherent responsiveness of the 

myocytes to stretch is abnormal will likely require modified parameters. For example, they 

would likely need to be altered for patients taking pharmacologic agents known to 

modulate intracellular signaling (e.g., beta-blockers), or in the case of genetic 

abnormalities such as mutations in beta-cardiac myosin, which can cause 

hypercontractility [72]. A systems biology approach explicitly modeling cell signaling could 

potentially capture the detailed interactions driving stretch-responsiveness in the setting of 

medical treatment or genetic disorders.  
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In both healthy and pathologic simulations, circulatory parameters were prescribed based 

on weight via allometric scaling, weight and age via a maturation function (pulmonary and 

vascular resistance), or based on reported data (heart rate). Allometric scaling might not be 

appropriate for all of the input parameters. We suspect other parameters in our model that 

are difficult or impossible to measure might behave similarly to heart rate, varying from 

their scaled values somewhat in magnitude but generally following a similar trend. Pennati 

and Fumero [25] approached this issue by comparing model outputs to measured data and 

adjusting their scaling factors. Ultimately, a more mechanistic approach, such as that 

employed by Beard et al. [73] is likely necessary to capture long-term interactions between 

pathologic ventricular hypertrophy and circulatory hemodynamic compensation. This may 

be particularly relevant to simulate treatments involving medications, as they often affect 

these mechanisms (e.g., prostaglandin). 

5.  CONCLUSION 

Treatment and management of pediatric cardiovascular pathology often involves 

estimating how hemodynamics and ventricular dimensions will change as a child grows. 

While computational modeling has become a powerful tool for clinical decision-making in 

adults, growth remains a barrier in adapting these approaches to children. In particular, 

models of the cardiovascular system typically require several parameters that are not 

measurable clinically and change with body size—even our simple model required over 30 

parameters. Using a combined allometric scaling and maturation approach, we were able 

to estimate these parameters and their evolution for a range of weights. The final 

computational growth model presented here was able to capture the time-course of 
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circulatory hemodynamics and ventricular hypertrophy in both healthy infants and those 

with aortic coarctation, a common congenital defect, from birth through three years of life 

with simulation times of less than one hour. In addition, the model was able to replicate the 

pathologic hypertrophic pattern associated with aortic coarctation, demonstrating that our 

previous approach for pathologic LV hypertrophy [17,20] was successful in this new 

context without reparameterization. In the future, our model could serve as a foundation 

for predictive approaches to customize surgical timing by enabling clinicians to project the 

future extent and rate of ventricular dilation and thickening for a range of congenital 

defects. 
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Chapter 5: A Computational Model of Left Ventricular 
Growth in Borderline Left Heart Patients: Predicting Staged 
Ventricular Recruitment Outcomes 
 

Abstract 

Management of borderline left heart (BLH) presents a major clinical challenge, as early 

decisions between single-ventricle palliation and biventricular repair carry substantial 

long-term consequences. Staged left ventricular recruitment (SLVR) has emerged as a 

strategy to delay this commitment by promoting left ventricular (LV) growth during infancy. 

Although SLVR success is traditionally assessed using indexed LV end-diastolic volume 

(LVEDVi) and end-diastolic pressure (LVEDP), these metrics may not adequately capture 

true myocardial remodeling, as increases in cavity size do not necessarily reflect 

proportional changes in LV wall thickness or mass. Existing clinical studies have reported 

inconsistent patterns of hypertrophy during SLVR, and comprehensive analysis is limited by 

small sample sizes and heterogeneity in BLH presentation. 

To address these gaps, we developed a computational framework that couples a lumped 

parameter model of the circulation with a strain-based cardiac growth law to simulate 

somatic and pathology-driven LV remodeling. After calibrating the model using published 

hemodynamic and morphometric data for a generalized BLH patient undergoing SLVR at 6 

months of age, we generated a synthetic cohort of 5,306 virtual patients with randomly 
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selected phenotypical characteristics associated with BLH. Growth simulations from 6 to 

24 months allowed classification of SLVR success, failure, or non-physiologic outcomes. 

Successful SLVR was characterized by commensurate LV dilatation and wall thickening, 

whereas failures exhibited minimal adaptive hypertrophy beyond somatic growth. Machine 

learning identified initial LVEDV Z-score, endocardial fibroelastosis, and aortic valve 

regurgitation as the strongest predictors of SLVR outcome. 

This work introduces the first computational framework for predicting SLVR-mediated 

ventricular growth and highlights key anatomic and physiologic determinants of successful 

LV recruitment. 

 

Abbreviations 

AR: aortic valve regurgitation 

AS: aortic valve stenosis 

ASD: atrial septal defect 

BLH: borderline left heart 

LV: left ventricle 

LVEDP: left ventricular end-diastolic pressure 

LVEDVi: left ventricular end-diastolic volume, indexed 

mBTT: modified Blalock-Thomas-Taussig (shunt) 

MR: mitral valve regurgitation 

MS: mitral valve stenosis 
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PVR: pulmonary vascular resistance 

RVPA: right ventricle to pulmonary artery (shunt) 

SLVR: staged left ventricular recruitment 

SVR: systemic vascular resistance 

TR: tricuspid regurgitation 

 

1. Introduction 

Left ventricular (LV) hypoplasia describes an underdevelopment of left heart structures 

associated with LV outflow tract obstruction in utero [1]. For patients with severe 

hypoplasia, such as those with aortic and mitral atresia, single ventricle palliation is the 

preferred method of treatment [2]. For patients with mild hypoplasia, biventricular repair 

can be performed soon after birth [2, 3]. Appropriate treatment for patients who do not fit 

neatly into either category—termed “borderline left heart” (BLH)—is more difficult to 

determine. For these patients, an incorrect choice of early biventricular repair can have 

disastrous consequences, including recurring obstructive lesions, pulmonary 

hypertension, and death [4–6]. However, defaulting to the single ventricle pathway, which 

consists of three staged palliative surgeries, presents its own quandaries: Fontan 

physiology (the final stage) is associated with liver disease, renal dysfunction, pulmonary 

hypertension, and lymphatic complications [7]. Despite the necessity of making the 

correct treatment decision with limited predictive capacity, the severity of these conditions 

means time is of the essence— ideally, clinicians will choose which path to pursue before 

the patient is born [3]. 
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Recently, staged left ventricular recruitment (SLVR) has emerged as a way to delay that 

critical decision, giving clinicians much-needed breathing room to observe some degree of 

left heart growth potential before committing to a bi- or univentricular anatomy. Typically, 

SLVR patients start on the single ventricle pathway in the neonatal period, undergoing a 

variation of the Norwood procedure with an aortopulmonary amalgamation, where both 

ventricles contribute to cardiac output. In the second stage operation, the atrial septal 

defect (ASD) is restricted, which forces pulmonary venous return into the left ventricle, 

promoting growth. During this stage, the superior vena cava is anastomosed to the 

pulmonary artery as in the univentricular route, but other repairs can also enhance left 

ventricular rehabilitation, such as valve repair/replacement or endocardial fibroelastosis 

resection. The patient is then monitored until typical Fontan age, when the final decision is 

made. If SLVR is successful, the patient may proceed to biventricular repair. If 

unsuccessful, clinicians can fall back to a Fontan conversion or continue the recruitment 

process [8, 9]. 

Success in SLVR is quantified using end-diastolic LV volume indexed to body surface area 

(LVEDVi) and pressure (LVEDP): an LVEDVi greater than 40 ml/m2 with an LVEDP less than 

13 mmHg is associated with a successful biventricular repair [9]. However, using volume as 

the sole indicator of LV growth may be inadequate, as it does not capture LV thickness or 

overall wall mass. An LV that has dilatated without simultaneously thickening is not well-

suited to providing systemic blood flow in a biventricular circulation—indeed, this pattern 

may be indicative of impending decompensation [10]. Though clinicians acknowledge that 
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LVEDVi is not fully representative of true growth [7, 11–13], LV thickness and mass data are 

currently not routinely reported in studies of SLVR. Of those that have reported LV mass, 

the results are mixed. In a study of SLVR in BLH patients with large ventricular septal 

defects, despite a significant post-recruitment increase in LVEDVi, there was no significant 

difference in LV mass [14]. A similar finding was reported by Kwak et al., also in BLH 

patients with large ventricular septal defects [15]. Conversely, Marathe et al. (2021) found a 

different trend in patients receiving accessory pulmonary flow during SLVR, with significant 

increases in both LVEDVi and indexed LV mass over time [16], as did Barnet et al. [17]. 

None of the studies of SLVR reported LV wall thickness before or after recruitment. 

However, one study of primary biventricular repair in the neonatal period (i.e., non-staged) 

did. Shimada et al. found that while LVEDVi had adequately increased at a mean follow-up 

time of 6 years post-repair, overall indexed LV mass remained unchanged, and relative wall 

thickness decreased [18]. While these conflicting reports suggest that caution should be 

exercised when interpreting SLVR results, the rarity of single ventricle conditions and their 

broad presentation make this interpretation very challenging. 

In contrast, computational models are ideally suited for such challenges and have been 

used extensively to model both ventricular growth and single ventricle pathologies for the 

past 30 years. For further details of computational growth and single ventricle models, 

readers are referred to reviews by Yoshida and Holmes [19] and Garber et al. [20], 

respectively. However, no existing models have simulated ventricular growth in the context 

of single ventricle pathologies, in children or adults. To that end, we have developed a 
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predictive model of ventricular growth that considers maladaptive remodeling due to 

pathology in tandem with normal, somatic growth. The model couples a reduced-order 

compartmental model of the circulation with a strain-based growth law [21]. We altered 

the circulatory component to represent a generalized BLH patient undergoing SLVR at 6 

months of age by fitting the most sensitive model parameters to available literature data. 

Then, to better capture the wide range of phenotypes seen in BLH, we created a synthetic 

population of 5,306 patients by randomly selecting from a uniform distribution of 10 

metrics associated with BLH, such as mitral and aortic valve annulus size, LVEDV Z-score, 

and severity of valve regurgitation. After simulating growth in all 5,306 patients from 6 to 24 

months, we evaluated the patients’ LV size and function and separated them into three 

groups: SLVR success, SLVR failure, and “non-physiologic” (patients whose cardiac output 

or systemic pressures were incompatible with life). We then compared groups using 

statistical analysis and machine learning, determining which characteristics were 

associated with SLVR success or failure. 

According to model results, thickening generally matched dilatation in successful SLVR. In 

contrast, patients in the failure group did not experience much growth beyond somatic, i.e., 

they did not experience additional adaptive growth from SLVR. A predictive model trained 

on model results determined that initial LVEDV Z-score, the presence of endocardial 

fibroelastosis, and aortic valve regurgitation were the most important factors governing 

SLVR success and failure. 
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The following sections describe the basis and function of the growth model, our synthetic 

patient population generation process, comparisons between success and failure groups, 

and how model results fit within the current body of clinical knowledge.  

2. Methods 

2.1. Model Overview 

The model comprises two main components: circulation and growth. The circulation is 

simulated for one heartbeat using a zero-dimensional lumped parameter model. The 

outputs of the circulation model inform the growth model, which uses a strain-based 

growth law to iteratively grow the left and right ventricles (RV) at each time step (equivalent 

to one day). The new geometry then informs the circulation model, and the cycle continues 

through time (in seconds for the circulation and in days for growth) until the designated 

stopping point (age, in days) is reached. 

 2.1.1.  Circulatory Model 

We modified our previously published lumped parameter model of the circulation [22–24] 

to represent the anatomy of a patient undergoing SLVR (Figure 1). Specifically, we a) 

combined LV and RV outflows to simulate a Damus-Kaye-Stansel amalgamation, b) 

simulated a bidirectional Glenn by connecting the upper body venous compartment to the 

main pulmonary artery compartment, c) placed a nonlinear impedance between the atria 

to serve as the interatrial communication, and d) connected either the aortic compartment 

or the RV to the main pulmonary artery compartment to represent a modified 2.5 mm 

Blalock-Thomas-Taussig (mBTT) or a 4 mm RV-to-pulmonary artery (RVPA) shunt, 
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respectively. The circulatory model components can be classified into four categories: 

vessels, shunts, heart chambers, and valves.  
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Figure 4: Schematic of the lumped parameter model simulating SLVR physiology. ASD: 

atrial septal defect; AV: aortic valve; LA: left atrium; LV: left ventricle; mBTT: modified 

Blalock-Thomas-Taussig shunt; MV: mitral valve; PV: pulmonary valve; RA: right atrium; 

RV: right ventricle; RVPA: right ventricle to pulmonary artery shunt; TV: tricuspid valve 
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Vessels 

The vessels are modeled by a capacitor in parallel with a resistor. Using electrical circuit 

concepts, the pressure drop ΔP across the resistor R is linear, analogous to the voltage 

drop in Ohm’s law: 

∆𝑃 = 𝑄 ∗ 𝑅 (1) 

where flow Q is analogous to current. At each capacitor, instantaneous pressure P at time t 

during the cardiac cycle is also linear: 

𝑃(𝑡) =
𝑉(𝑡)

𝐶
(2) 

where V(t) is the compartment volume at time t. The change in compartment volume 

throughout the cardiac cycle is simply the combined flows out of the compartment 

subtracted from the combined inflows: 

𝑑𝑉(𝑡)

𝑑𝑡
=∑𝑄𝑖𝑛 −∑𝑄𝑜𝑢𝑡 (3) 

Shunts 

The pressure drop across the ASD (R_ASD in Figure 1) is nonlinear and estimated using the 

ideal orifice relation (derived from Bernoulli’s principle): 
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∆𝑃𝐴𝑆𝐷 =
8𝜌𝑄𝐴𝑆𝐷

2

𝜋2𝐷4
(4) 

where D is the diameter of the ASD in centimeters, QASD is the flow between the atria, and ρ 

is blood viscosity (1.06 g/ml).  

The pressure drop across the RVPA or mBTT shunt is given by: 

∆𝑃𝑠ℎ𝑢𝑛𝑡 =
𝑘1𝑄𝑠ℎ𝑢𝑛𝑡
𝐷4

+
𝑘2𝑄𝑠ℎ𝑢𝑛𝑡

2

𝐷4
(5) 

where D = 2.5 mm for the mBTT shunt and 4 mm for the RVPA shunt, from the fitting 

process described in Section 2.2. k1 (0.00576 mmHg*cm4*s/ml) and k2 (0.001872 

mmHg*cm4*s2/ml2) are proportionality constants, previously evaluated [25]. 

Heart Chambers 

The four heart chambers are modeled as time-varying elastances. Instantaneous pressure 

P at time t during the cardiac cycle is: 

𝑃(𝑡) = 𝐸(𝑡)[𝑉(𝑡) − 𝑉0] (6) 

where V(t) is instantaneous chamber volume and V0 is the unloaded volume, i.e., the 

volume axis intercept of the end-systolic pressure-volume relationship. E(t) governs 

instantaneous, load-independent chamber elastance and reaches a maximum value of EES 

at end systole, where pressure is calculated as: 
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𝑃𝐸𝑆(𝑡) = 𝐸𝐸𝑆 ∗ [𝑉𝐸𝑆(𝑡) − 𝑉0] (7) 

where PES is pressure at end systole and VES is volume at end systole. The end-diastolic 

pressure-volume relationship is defined by an exponential function: 

𝑃𝐸𝐷(𝑡) = 𝐵 ∗ exp[𝐴 ∗ (𝑉𝐸𝐷(𝑡) − 𝑉0)] − 𝐵 (8) 

PED and VED are end-diastolic pressure and volume, respectively, and A and B are 

coefficients describing the exponential shape of the end-diastolic pressure-volume 

relationship. Thus, combining Eqns. 6-8, instantaneous chamber pressure can be 

determined via: 

𝑃(𝑡) = 𝑒(𝑡) ∗ [𝑃𝐸𝑆(𝑡) − 𝑃𝐸𝐷(𝑡)] + 𝑃𝐸𝐷(𝑡) (9) 

where e(t) is E(t) normalized with respect to time during the cardiac cycle and amplitude, 

thus acting as an activation function that describes only the timing of systole and diastole.  

In the model, E(t) is defined as a double-Hill function: 

𝐸(𝑡) = 𝑘 (
𝑔1

1 + 𝑔1
) (

1

1 + 𝑔2
) + 𝐸𝑚𝑖𝑛 (10) 

where 
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𝑔1 = (
𝑡

𝜏1
)
𝑚1

,   𝑔2 = (
𝑡

𝜏2
)
𝑚2

(11) 

and  

𝑘 =
𝐸𝑚𝑎𝑥 − 𝐸𝑚𝑖𝑛

𝑚𝑎𝑥 [(
𝑔1

1 + 𝑔1
) (

1
1 + 𝑔2

)]
(12) 

Values for τ1, τ2, m1, m2, Emax, and Emin are taken from [26]. The E(t) vector is then divided by 

its maximum value to generate the normalized activation function e(t) in Eqn. 9. 

Valves 

The valves are simulated using the model developed by Mynard et al. [26], where the net 

instantaneous pressure difference across each valve is governed by: 

∆𝑃 = 𝐵𝑄|𝑄| + 𝐿
𝑑𝑄

𝑑𝑡
(13) 

where B is the Bernoulli resistance: 

𝐵 =
𝜌

2𝐴𝑒𝑓𝑓
2

(14) 

And blood inertance, L, is: 
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𝐿 =
𝜌𝑙𝑒𝑓𝑓

𝐴𝑒𝑓𝑓(𝑡)
(15) 

Aeff is the effective cross-sectional area at time t, leff is the effective length of the valve, and 

Q is flow through the valve. 

Aeff is determined by valve state ζ (0 ≤ ζ ≤ 1, where 0 is fully closed and 1 is fully open): 

𝐴𝑒𝑓𝑓(𝑡) = ζ(t)[𝐴𝑒𝑓𝑓,𝑚𝑎𝑥 − 𝐴𝑒𝑓𝑓,𝑚𝑖𝑛] + 𝐴𝑒𝑓𝑓,𝑚𝑖𝑛 (16) 

where Aeff,max is the maximum effective area: 

𝐴𝑒𝑓𝑓,𝑚𝑎𝑥 = 𝑀𝑟𝑔𝐴𝑎𝑛𝑛 (17) 

and Aeff,min is the minimum effective area: 

𝐴𝑒𝑓𝑓,𝑚𝑖𝑛 = 𝑀𝑠𝑡𝐴𝑎𝑛𝑛 (18) 

Mrg and Mst are constants between 0 and 1 governing regurgitation and stenosis, 

respectively, where a healthy ideal valve is characterized by Mrg = 0 and Mst = 1. Mrg > 0 

indicates regurgitation, with larger values indicating increased severity; if Mrg = 1, the valve 

cannot close at all. Mst < 1 indicates stenosis, with smaller values indicating increased 

severity; if Mst = 0, the valve is atretic. Aann is the valve annulus size.  
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Opening and closing rates are driven by the pressure gradient across the valve—as the 

gradient increases, the valve opens or closes faster, slowing as the valve nears a fully 

closed or open state. The rate of opening, which begins when ΔP exceeds the opening 

pressure threshold ΔPopen, is given by: 

𝑑ζ

𝑑𝑡
= (1 − ζ)𝐾𝑣𝑜(∆𝑃 − ∆𝑃𝑜𝑝𝑒𝑛) (19) 

where Kvo is a rate coefficient for valve opening. When ΔP is less than closing pressure 

threshold ΔPclose, the rate of closure is given by: 

𝑑ζ

𝑑𝑡
= ζ𝐾𝑣𝑐(∆𝑃 − ∆𝑃𝑐𝑙𝑜𝑠𝑒) (20) 

where Kvc is a rate coefficient for valve closing. 

A flowchart of the circulation model operation is shown in Figure 2. The circulation model is 

initialized by assuming the initial volumes for the 12 compartments are equal. Next, initial 

vessel and chamber pressures are solved using Eqns. 2 and 6, respectively, at the 

beginning of the cardiac cycle. Then a 4th order fixed-step Runge-Kutta method determines 

compartmental volumes, pressures, valve states, and valve flows throughout the cardiac 

cycle for 5000 time steps using Eqns. 3, 13, 19, and 20. Next, there is a check to determine 

if steady state has been reached, defined as volumes at the end of the cardiac cycle being 

within 0.1% of the volumes at the start. If steady state has not been achieved, initial 



212 

 

 

volumes are set to the current ending volumes, and the process begins again. If steady 

state has been reached, the outputs of the circulation model are used for the growth 

model. 
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Figure 5: Flowchart of circulation model operation 

  



214 

 

 

2.1.2.  Growth Model 

Two types of ventricular growth are considered in the model: normal somatic growth and 

pathologic growth. As pathologic growth is determined by comparing ventricular strains to 

homeostatic strains, somatic growth for an equivalent-sized healthy infant must be 

simulated prior to a pathologic growth simulation to generate a trajectory of homeostatic 

strain setpoints. These setpoints are then used in the pathologic simulation to determine 

how much pathologic growth (or atrophy) to superimpose onto somatic growth. 

Somatic Growth 

The circulatory model operates in a timescale of seconds, across a single heartbeat. 

Growth, however, is on a timescale of days, months, and years. To account for this, model 

parameters must change over the growth simulation period. First, an input parameter set is 

generated using weight-based allometric scaling [27]: 

𝑌𝑖 = 𝑌0 ∗ (
𝑊𝑖

𝑊0
)
𝑏

(21) 

where Y is the parameter under consideration, W is weight, and b is a scaling factor. The 

subscripts i and 0 indicate the current (infant) subject and the reference (adult) subject, 

respectively. Infant weights are taken from the World Health Organization’s weight-for-age 

charts from 6-24 months [28]. Male and female values are averaged together and then 

linearly interpolated to create weights for each day, using the 25th percentile to capture the 

typically smaller size of patients with severe CHDs [29, 30]. Scaling factor b is -0.75 for 
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resistances and 1 for capacitances [27, 31]. Systemic and pulmonary resistances (SVR, 

PVR, Rvs, Rvp) and capacitances (Cas, Cap, Cvs, Cvp) are distributed as described in [22]. 

For the ventricular parameters (A, B, EES, and V0 in Eqns. 7-8), unit analysis is used to 

determine appropriate scaling factors, assuming pressures do not scale and volumes scale 

linearly with weight [31]: B (mmHg) is unscaled, A (ml-1) has a scaling factor of -1, EES 

(mmHg/ml) has a scaling factor of -1, and V0 (ml) has a scaling factor of 1.  

For the valves, trajectories of annulus sizes (Aann in Eqns. 17-18) are generated using Z-

score formulations from Cantinotti et al. [32]: 

𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡 =  𝐵𝑆𝐴𝐵 ∗ exp(𝑆𝐸𝐸 ∗ 𝑍 + 𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡) (22) 

Body surface area is calculated using the Haycock formula [33] and 25th percentile weights 

and heights. Z-scores for all valves are assumed to be 0. Valve parameter reference values 

are from Mynard et al. [26], and scaling factors for Kvc, Kvo, and aortic leff  are from Zhang et 

al. [34], adjusted for an adult reference weight of 70 kg. Scaling factors for mitral, tricuspid, 

and pulmonary leff were manually adjusted to produce appropriate valve opening and 

closing patterns [35–37]. Somatic input parameters with adult reference values, scaling 

factors, and initial (6 month) values can be found in Table 1. 
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Table 1: Parameters used in the circulation model to simulate somatic growth from 6-24 
months, assuming a starting infant weight of 7.05 kg 

Parameter Units Reference 
Value for 

Scaling (70 kg 
adult) 

Scaling 
Factor 

Initial (6 month) 
value 

Systemic 
vascular 
resistance (SVR) 

mmHg*s/ml 0.5715 -0.75 3.1967 

Pulmonary 
vascular 
resistance (PVR) 

mmHg*s/ml 0.0314 -0.75 0.1757 

Systemic arterial 
capacitance 
(Cas) 

ml/mmHg 2.1751 1 0.2191 

Pulmonary 
arterial 
capacitance 
(Cap) 

ml/mmHg 2.7362 1 0.2756 

Pulmonary 
venous 
resistance (Rvp) 

mmHg*s/ml 0.00586 -0.75 0.0328 

Systemic 
venous 
resistance (Rvs) 

mmHg*s/ml 0.00586 -0.75 0.0328 

Pulmonary 
venous 
capacitance 
(Cvp) 

ml/mmHg 10.5 1 1.058 

Systemic 
venous 
capacitance 
(Cvs) 

ml/mmHg 59.5 1 5.993 

MPA:PA Ratio - 8 0 8 
Aorta:SA Ratio - 16 0 16 
LB:UB Arteries 
Ratio 

- 1 0 1 

LB:UB Veins 
Ratio 

- 1 0 1 

Exponential 
stiffness 
coefficient (A) 

1/ml 0.0235 (LV) 
0.0235 (RV) 
0.0525 (LA) 

-1 0.2333 (LV) 
0.2333 (RV) 
0.5213 (LA) 
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0.0525 (RA) 
 

0.5213 (RA) 

Linear stiffness 
coefficient (B) 

mmHg 0.175 (LV) 
0.175 (RV) 
0.44 (LA) 
0.44 (RA) 

0 0.175 (LV) 
0.175 (RV) 
0.44 (LA) 
0.44 (RA) 

Unloaded 
volume (V0) 

ml 17.5 (LV) 
29.732 (RV) 
9.333 (LA) 
9.333 (RA) 

1 1.7625 (LV) 
2.9944 (RV) 

0.94 (LA) 
0.94 (RA) 

End-systolic 
elastance (EES) 

mmHg/ml 5.1852 (LV) 
2.0741 (RV) 

0.86 (LA) 
0.66 (RA) 

-1 19.8582 (LV) 
7.9433 (RV) 
8.539 (LA) 
6.553 (RA) 

Aortic 
capacitance 
(Cao) 

ml/mmHg 2.0474 1 0.2062 

Stressed blood 
volume (SBV) 

ml 875 1 88.1250 

Valve opening 
coefficient (Kvo) 

dyne*cm2/s 0.0124 (AV) 
0.0310 (MV) 
0.0621 (TV) 
0.0207 (PV) 

-0.5 0.0391 (AV) 
0.0978 (MV) 
0.1957 (TV) 
0.0652 (PV) 

Valve closing 
coefficient (Kvc) 

dyne*cm2/s 0.0124 (AV) 
0.0414 (MV) 
0.0414 (TV) 
0.0207 (PV) 

-0.5 0.0391 (AV) 
0.1305 (MV) 
0.1305 (TV) 
0.0652 (PV) 

Valve effective 
length (leff) 

cm 0.9695 (AV) 
1.8667 (MV) 
1.9055 (TV) 
1.4293 (PV) 

0.45 (AV) 
1 (MV) 

0.7 (TV) 
0.7 (PV) 

0.3451 (AV) 
0.1880 (MV) 
0.3821 (TV) 
0.2866 (PV) 

AV: aortic valve; LA: left atrium; LB: lower body; LV: left ventricle; MPA: main pulmonary 
artery; MV: mitral valve; PA: pulmonary arteries (distal); PV: pulmonary valve; RA: right 
atrium; RV: right ventricle; SA: systemic arteries; TV: tricuspid valve; UB: upper body  
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To account for changes in geometry with growth, analytic expressions based on the 

relationships between strain and volume and stress and pressure in a thin-walled sphere 

were developed that relate material parameters a, b, and e to ventricular parameters A, B, 

and EES [23, 38]: 

𝑎 =
4𝜋

3
𝐴𝑖(𝑟0𝑠

𝑖 ∗ 𝐹𝑔,𝑓
𝑖)
3

(23) 

𝑏 =
𝐵𝑖

2
∗
𝑟0𝑠

𝑖 ∗ 𝐹𝑔,𝑓
𝑖

ℎ0𝑠
𝑖 ∗ 𝐹𝑔,𝑟

𝑖
(24) 

𝑒 =
2𝜋

3
𝐸𝐸𝑆

𝑖 (𝑟0𝑠
𝑖 ∗ 𝐹𝑔,𝑓

𝑖)
4

ℎ0𝑠
𝑖 ∗ 𝐹𝑔,𝑟

𝑖
(25) 

Where r0,si and h0,si indicate the ventricle’s homeostatic unloaded radius and thickness at 

each day i, respectively, and Fg,f and Fg,r are components of the pathologic growth 

deformation tensor Fg, described in detail in the following section. All components of Fg are 

set to 1 for the duration of a somatic growth simulation. 

Using the scaled vectors of V0 and B, r0,si and h0,si are generated for the full 6-24 month 

growth period: 

𝑟0,𝑠
𝑖 = (

3

4𝜋
𝑉0
𝑖)

1
3

(26) 
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ℎ0,𝑠
𝑖 =

𝐵𝑖

2
∗
∗ 𝑟0,𝑠

𝑖

∗ 𝑏
(27) 

Material property b is set to 0.0379 for the LV and 0.0975 for the RV to produce indexed LV 

and RV masses in line with reported measurements in healthy 6 month children [39, 40]. a 

and e are then calculated using Eqns. 23 and 25. Note that material parameters are held 

constant throughout growth.  

Initial values of h0,s and r0,s are then passed into the circulatory model, where they are 

loaded using the ventricular volumes throughout the cardiac cycle: 

𝑟 =  (
3

4𝜋
∗ 𝑉(𝑡))

1
3

(28) 

ℎ = (ℎ0,𝑠
3 + 3ℎ0,𝑠

2 ∗ 𝑟0,𝑠 + 3ℎ0,𝑠 ∗ 𝑟0,𝑠
2 + 𝑟3)

1
3 − 𝑟 (29) 

Next, circumferential strain within the ventricular wall in the direction of the myofibers is 

calculated, again assuming Fg,f and Fg,r = 1. The maximum value is saved as the 

homeostatic strain setpoint for day i, to be used in the pathologic growth simulation: 

𝐸𝑓,𝑠𝑒𝑡
𝑖 = 𝑚𝑎𝑥 ([0.5 ∗

𝑟

𝑟0,𝑠𝑖
∗

1

𝐹𝑔,𝑓
𝑖
]

2

− 0.5) (30) 
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Similarly, the strain setpoint along the radius of the myofibers (across the ventricular wall), 

Er,set, is given by: 

𝐸𝑟,𝑠𝑒𝑡
𝑖 = 𝑚𝑎𝑥 ([0.5 ∗

ℎ

ℎ0,𝑠
𝑖
∗
1

𝐹𝑔,𝑟
𝑖
]

2

− 0.5) (31) 

Pathologic Ventricular Growth 

Ventricular growth is simulated by a modified version of the strain-based growth law 

proposed by Kerckhoffs et al. for predicting pathologic concentric and eccentric cardiac 

hypertrophy [21]. The Kerkhoffs model decomposes the total deformation gradient F into 

growth deformation tensor Fg, which describes dimensional changes due to addition or 

subtraction of material in a stress-free (unloaded) state, and elastic deformation tensor Fe, 

which restores continuity by introducing residual stress.   

Once a pathologic physiology is imposed in the circulatory model, resulting ventricular 

strains will differ from somatic values. To determine Fg, maximum strains are determined 

using Eqns. 30-31. The difference between maximum pathologic Eff and the homeostatic 

fiber strain setpoint Ef,set produces the stimulus for growth along the myofiber axis 

(lengthening), sl: 

𝑠𝑙
𝑖 = max(𝐸𝑓𝑓

𝑖) − 𝐸𝑓,𝑠𝑒𝑡
𝑖 (22) 

Note that maximum Eff typically occurs at end diastole.  
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In the radial direction, maximum pathologic Err is used with the homeostatic radial strain 

setpoint Er,set to produce the stimulus for fiber radial growth (thickening), st: 

𝑠𝑡
𝑖 = max(𝐸𝑟𝑟

𝑖) − 𝐸𝑟,𝑠𝑒𝑡
𝑖 (24) 

where maximum Err typically occurs at end systole. Strain within the plane of the 

ventricular wall and perpendicular to the fibers (Ecc) is assumed equal to Eff, and cross-fiber 

radial shear (Ecr) is assumed to be zero.  

These stimuli are used to compute the components of Fgi+1: 

𝐹𝑔,𝑓
𝑖+1 = 𝐹𝑔,𝑐𝑐

𝑖+1

{
 
 

 
 𝐹𝑔,𝑓

𝑖 ∗ √
𝑓𝑓𝑓,𝑚𝑎𝑥

1 + exp (−𝑓𝑓 ∗ (𝑠𝑙𝑖 − 𝑠𝑙,50))
+ 1     𝑠𝑙

𝑖 ≥ 0

𝐹𝑔,𝑓
𝑖 ∗ √

−𝑓𝑓𝑓,𝑚𝑎𝑥

1 + exp (𝑓𝑓 ∗ (𝑠𝑙𝑖 + 𝑠𝑙,50))
+ 1     𝑠𝑙

𝑖 < 0

(25) 

𝐹𝑔,𝑟
𝑖+1 =

{
  
 

  
 
𝐹𝑔,𝑟

𝑖 ∗ [
𝑓𝑟𝑟,𝑚𝑎𝑥

1 + exp (−𝑟𝑓,𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 ∗ (𝑠𝑡𝑖 − 𝑠𝑡,50,𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒))
+ 1]    𝑠𝑡

𝑖 ≥ 0

𝐹𝑔,𝑟
𝑖 ∗ [

−𝑓𝑟𝑟,𝑚𝑎𝑥

1 + exp (𝑟𝑓,𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 ∗ (𝑠𝑡𝑖 + 𝑠𝑡,50,𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒))
+ 1]    𝑠𝑡

𝑖 < 0

(26) 

Parameters fff,max, frr,max, ff, rf,positive, rf,negative, sl,50, st,50,positive, and st,50,negative are fitted to 

longitudinal mass and volume data of SLVR patients (see Section 2.2 for details). Then, 

Fgi+1 is used to update the unloaded pathologic configuration: 
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𝑟0
𝑖+1 = 𝑟0,𝑠

𝑖 ∗ 𝐹𝑔,𝑓
𝑖+1

(27) 

ℎ0
𝑖+1 = ℎ0,𝑠

𝑖 ∗ 𝐹𝑔,𝑟
𝑖+1

(28) 

Connecting Growth to Circulation 

This new grown state is then loaded at day i by the circulatory model, and cavity volume 

and wall thickness are computed throughout the cardiac cycle once the circulatory model 

reaches steady state.  

Hoop stress in a thin-walled spherical pressure vessel is given by: 

𝜎ℎ𝑜𝑜𝑝 =
𝑟

2ℎ
∗ 𝑃 (29) 

where P is pressure, r is radius, and h is thickness. Using Eqns. 7-8, the hoop stresses at 

end systole and end diastole at each day i become: 

𝜎ℎ𝑜𝑜𝑝,𝐸𝑆
𝑖 =

𝑟𝐸𝑆
𝑖

2ℎ𝐸𝑆
𝑖
∗ 𝐸𝐸𝑆

𝑖 ∗ (𝑉𝐸𝑆
𝑖 − 𝑉0

𝑖) (30) 

𝜎ℎ𝑜𝑜𝑝,𝐸𝐷
𝑖 =

𝑟𝐸𝐷
𝑖

2ℎ𝐸𝐷
𝑖
∗ 𝐵𝑖 ∗ (exp[𝐴𝑖 ∗ (𝑉𝐸𝐷

𝑖 − 𝑉0
𝑖)] − 1) (31) 

As the ventricle grows, a constant relationship is maintained between hoop stress and 

stretch at end diastole and end systole, which requires the material properties of the 
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ventricle and its passive and active behavior to remain constant. To achieve this, the 

parameters governing the pressure-volume behavior of the ventricle (A, B, EES, and V0) must 

change at each day i. First, Eqns. 30-31 are rewritten in terms of stretch: 

𝜎ℎ𝑜𝑜𝑝,𝐸𝑆
𝑖 =

𝑟𝐸𝑆
𝑖

𝑟0,𝑠𝑖
∗
ℎ0,𝑠

𝑖

ℎ𝐸𝑆
𝑖
∗
𝐹𝑔,𝑟

𝑖

𝐹𝑔,𝑓
𝑖
∗ 𝑒 ∗ [(

𝑟𝐸𝑆
𝑖

𝑟0,𝑠𝑖
∗
1

𝐹𝑔,𝑓
𝑖
)

3

− 1] (32) 

𝜎ℎ𝑜𝑜𝑝,𝐸𝐷
𝑖 =

𝑟𝐸𝐷
𝑖

𝑟0,𝑠𝑖
∗
ℎ0,𝑠

𝑖

ℎ𝐸𝐷
𝑖
∗
𝐹𝑔,𝑟

𝑖

𝐹𝑔,𝑓
𝑖
∗ 𝑏 ∗ (𝑒𝑥𝑝 [𝑎 ∗ (

𝑟𝐸𝐷
𝑖

𝑟0,𝑠𝑖
∗
1

𝐹𝑔,𝑓
𝑖
)

3

− 𝑎] − 1) (33) 

where a, b, and e are material properties governing the nonlinear relationships between 

circumferential and radial stretches and hoop stress at end diastole and end systole. 

Assuming a, b, and e are unchanged with growth, A, B, EES, and V0 for day i+1 can be 

determined using the new grown values of r0 and h0: 

𝐴𝑖+1 = 𝑎 ∗
3

4𝜋
∗ (

1

𝑟0𝑖+1
)
3

(34) 

𝐵𝑖+1 = 2 ∗ 𝑏 ∗
ℎ0

𝑖+1

𝑟0
𝑖+1

(35) 

𝐸𝐸𝑆
𝑖 =

3

2𝜋
∗ 𝑒 ∗

ℎ0
𝑖+1

(𝑟0𝑖+1)4
(36) 

𝑉0
𝑖 =

4𝜋

3
∗ (𝑟0

𝑖+1)
3

(37) 
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Circulatory Adaptation 

Throughout growth, stressed blood volume (SBV) is adjusted to maintain mean arterial 

pressure (MAP) within 0.2% of the previous day’s value. While MAP is outside of the 0.2% 

threshold, the model adjusts SBV until 20 attempts are made or SBV exceeds the current 

day’s weight*75, i.e., all the blood in the body is contributing to vessel and chamber wall 

stress [41]. 

2.2.  Parameterization and Baseline BLH Patient 

We determined a generalized “baseline” BLH patient undergoing SLVR, which was later 

customized to create the synthetic patient population. 

2.2.1. Fitting 6-month BLH Circulation 

First, to replicate the unique hemodynamics of BLH patients with a reduced parameter set, 

a local sensitivity analysis was performed by varying parameters uniformly around their 

reference value (-50%, -25%, +50%, +100%) and noting how the model’s 6-month 

hemodynamic outputs (atrial and ventricular pressures, Qp:Qs, ventricular volumes, 

systemic and pulmonary blood pressures) changed. The 13 parameters with the overall 

largest effects on the greatest number of outputs were selected for adjustment: SVR, PVR, 

ALV, ARV, BLV, BRV, V0,LV, V0,RV, EES,LV, EES,RV, ALA, aortic capacitance (Cao), and SBV. Using the 

fminsearchbnd MATLAB function [42], the 13 parameters were optimized simultaneously 

by iteratively adjusting their reference values (Y0 in Eqn. 21), using their somatic values as 

initial conditions. The fitting process concluded when the weighted sum-squared error 

between d number of model outputs Y and literature values Ŷ was minimized: 
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min [∑(
𝑌𝑖 − Ŷ𝑖
𝜎

)

2𝑑

𝑖=1

] (42) 

Model outputs included in the fitting process were: LV end-diastolic and end-systolic 

volumes [8], LV ejection fraction [8], the pressure gradient across the ASD [8], left atrial 

pressure [43], LVEDP [43], RV end-diastolic and end-systolic volumes [44], RV end-

diastolic and end-systolic pressures [44], systolic and diastolic systemic blood pressure 

[44], and mean pulmonary arterial pressure [44]. In addition, systemic vascular resistance 

(SVR), pulmonary vascular resistance (PVR), and shunt diameters were refit for the two 

shunt options (mBTT and RVPA). A list of fitted parameters can be found in Table 2 and 

fitted model outputs (without the optional RVPA or mBTT shunt) compared to literature data 

are shown in Table 3. 
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Table 2: Parameters fitted to BLH patient data 
Parameter Units Initial (6 month) 

value, Somatic 
Initial (6 month) 

value, BLH 
Systemic vascular 
resistance (SVR) 

mmHg*s/ml 3.1967 2.593 (no shunt) 
3.439 (RVPA) 
4.929 (mBTT) 

Pulmonary vascular 
resistance (PVR) 

mmHg*s/ml 0.1757 0.4316 (no shunt) 
0.2377 (RVPA) 
0.2503 (mBTT) 

ALV 1/ml 0.2333 0.4687 
ARV 1/ml 0.2333 0.1321 
BLV mmHg 0.175 0.2188 
BRV mmHg 0.175 0.2851 
V0,LV ml 1.7625 0.4000 
V0,RV ml 2.9944 3.743 
EES,LV mmHg/ml 19.8582 22.618 
EES,RV mmHg/ml 7.9433 5.8621 
ALA 1/ml 0.5213 0.9590 
Aortic capacitance (Cao) ml/mmHg 2.0474 0.1447 
Stressed blood volume (SBV) ml 875 129.9 
Diameter, RVPA shunt cm 0.4 N/A 
Diameter, mBTT shunt cm 0.25 N/A 

LV: left ventricle; mBTT: modified Blalock-Thomas-Taussig; LA: left atrium; RA: right atrium; 
RV: right ventricle; RVPA: right ventricle to pulmonary artery;  
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A standard value of 4 mm was chosen for the initial ASD diameter [8]. To represent the 

gradual closure of the ASD due to fibrin deposition and growth of surrounding tissues [3, 9], 

the diameter is linearly reduced to produce a 5 mmHg pressure gradient 30 days after 

initiation of recruitment [8], resulting in a diameter 44% of its original size at Day 30. 

Closure is then slowed, resulting in a final 24-month ASD diameter 38% of its original size. 

Because simulation begins at 6 months of age and BLH develops in utero, we assumed 

patients would already have some amount of pathologic growth, i.e., the initial values of Fg  

would not equal 1. Therefore, after generating fitted BLH vectors of ventricular parameters 

A, B, EES, and V0, the initial values of Fg,f and Fg,r as well as material properties a and e are 

solved by rearranging and solving Eqns. 34-37. Material property b is set to 0.0480 for the LV 

and 0.0975 for the RV to produce masses in line with literature data of children with 

hypoplastic left heart syndrome and measurable LVs [44].  

2.2.2. Simulating BLH Growth 

Heart rate throughout growth is determined by taking the 50th percentile heart rates by 

Fleming et al. [45] and allometrically scaling them using 50th percentile weights as 

reference values and a scaling factor of -0.25 [31]. 

The pathologic LV growth parameters detailed in Eqns. 25-26 also required fitting for both 

the BLH LV and RV. Due to the timeframes of available literature data, the growth 

simulation was temporarily extended from 24 months to 28 months during fitting. Growth 

parameters were manually adjusted until indexed LV mass, RV mass, LVEDV, and RVEDV at 

28 months fell within the interquartile range reported by Marathe et al. [16]. Results of the 
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fitting process can be found in Table 3, and final growth parameter values are listed in Table 

4. 
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Table 3: Comparison of fitted model outputs to literature data of BLH patients 
Fitting Circulatory Parameters (6 Months) 

Output Literature Value Model Value % Error 
LV ED volume (ml) 8.63 ± 1.12 8.67 0.46% 
LV ES volume (ml) 4.23 ± 4.23 4.73 11.8% 
LV ejection fraction (%) 51 ± 5 46 9.8% 
ASD pressure gradient (mmHg) 5 ± 1 4 20.0% 
Left atrial pressure (mmHg) 11 ± 3 10 9.1% 
LV ED pressure (mmHg) 11 ± 3 9 18.2% 
LV mass, indexed (g/m2) 9.88 ± 6.4 10.34 4.7% 
RV ED volume (ml) 23.75 ± 6.25 25.29 6.5% 
RV ES volume (ml) 12.99 ± 4.10 15.03 15.7% 
RV ED pressure (mmHg) 8.44 ± 3.01 8.97 6.3% 
RV ES pressure (mmHg) 87.92 ± 16.19 97.71 11.1% 
RV mass, indexed (g/m2) 40.07 ± 9.95 36.3 9.4% 
Systolic blood pressure (mmHg) 86.84 ± 13.15 87.66 0.94% 
Diastolic blood pressure (mmHg) 45.93 ± 12.20 47.70 3.9% 
Mean pulmonary arterial 
pressure (mmHg) 

13 ± 2.5 11 15.4% 

Fitting Growth Parameters (28 Months) 
Output Literature Value Model Value % Error 

LV ED volume, indexed (ml/m2) 31.5 (IQR: 23.9-
40.2) 

28.7 8.9% 

LV ES volume, indexed (ml/m2) 11.94 (IQR: 8.17-
16.01) 

12.02 0.67% 

LV mass, indexed (g/m2) 26.1 (IQR: 19.7-
34.9) 

26.1 0% 

RV ED volume, indexed (ml/m2) 106.67 (IQR: 
82.70-119.83) 

81.04 24.0% 

RV ES volume, indexed (ml/m2) 43.75 (32.34-
54.89) 

60.72 38.8% 

RV mass, indexed (g/m2) 38.8 (29.52-
41.89) 

40.81 5.2% 

ASD: atrial septal defect; ED: end diastole; ES: end systole; LV: left ventricle; RV: right 
ventricle. 
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Table 4: Growth parameters and values 
Parameter Left Ventricle Right Ventricle 

Fff,max 0.003 0.071 
Frr,max 0.055 0.032 

ff 31 31 
rf,positive 36.42 36.42 
rf,negative 575.7 575.7 

sl,50 1.354 0.549 
st,50,positive 0.267 0.428 
st,50,negative 0.034 0.034 
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2.3. Generating Synthetic Patient Population 

To capture the wide variety of phenotypes in BLH patients, 10 metrics associated with BLH, 

along with their diagnostic ranges if applicable, were used to create a synthetic patient 

population [8, 18, 46, 47] (Table 5). Included metrics are mitral and aortic valve annulus Z-

scores, presence of mitral, aortic, and tricuspid valve regurgitation (MR, AR, and TR, 

respectively), presence of mitral and aortic stenosis (MS and AS, respectively), optional 

mBTT or RVPA shunt, ASD size, and initial LVEDV Z-score. For each simulated patient, 

values for each of the metrics are randomly selected from a uniform distribution inclusive 

of endpoints. Continuous variables (valve annulus Z-scores, initial ASD size, LVEDV Z-

scores) are linearly spaced by 0.1. Annulus Z-scores are input into Eqn. 22 directly to 

determine the full 6-24 month trajectory of annulus sizes. Valve regurgitation and valve 

stenosis are simulated using Mrg and Mst from Eqns. 17-18, respectively (Table 6); values 

were determined by manually adjusting Mrg and Mst in the baseline model until appropriate 

regurgitant fraction (regurgitation) or pressure difference across the valve (stenosis) were 

produced, based on current diagnostic criteria [48, 49].  Shunt type is controlled by a 

simple flag (0 = no shunt, 1 = mBTT, 2 = RVPA) dictating the appropriate lumped parameter 

model geometry (Figure 1). ASD diameter is input into Eqn. 4 and subjected to the same 

two-part gradual reduction as in the baseline BLH model. With the exception of the LVEDV 

Z-score, all metrics are implemented directly in the model. As LVEDV is a model output 

rather than an input, fminsearchbnd is used to optimize the LV ventricular parameters (A, B, 

EES, V0) to produce the desired LVEDV prior to growth (at age 6 months), using the baseline 
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BLH values as initial conditions. If the target LVEDV cannot be produced within 2%, the 

combination of input metrics is rejected and a new patient is generated. 

Next, a high-throughput computing system [50] simultaneously simulated ventricular 

growth for the 5,306 synthetic patients from 6-24 months of age, utilizing the pathologic 

ventricular growth parameters fitted for baseline BLH. The randomized input metrics, 

unloaded and loaded ventricular geometry, and hemodynamic outputs for each synthetic 

patient were saved at the beginning and endpoint of growth for further analysis. 

Then, to investigate the effects of endocardial fibroelastosis (EFE), an additional 3,000 

patients were generated using the same randomly distributed 6-month input metrics and 

varying severity of EFE (1,000 patients each for mild, moderate, and severe grades). As the 

diagnosis of EFE is qualitative rather than quantitative, EFE is simulated by either doubling 

(mild), tripling (moderate), or quadrupling (severe) passive LV stiffness parameter B and 

associated material property b after the initial values are determined for the patient’s 

randomly assigned LVEDV Z-score. 
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Table 5: Randomized BLH metrics 
Metric Range 

Mitral valve annulus Z-score -2.0 to -5.0 
Aortic valve annulus Z-score -2.0 to -5.0 

Mitral regurgitation Absent, Mild, Moderate, Severe 
Aortic regurgitation Absent, Mild, Moderate, Severe 

Tricuspid regurgitation Absent, Mild, Moderate, Severe 
Mitral stenosis Absent, Mild, Moderate, Severe 
Aortic stenosis Absent, Mild, Moderate, Severe 
Initial ASD size 2.0 to 6.0 mm 

Shunt type None, mBTT, RVPA 
LVEDV Z-score -0.5 to -5.0 

ASD: atrial septal defect; LVEDV: left ventricular end-diastolic volume 
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Table 6: Values of Mrg and Mst used to produce grades of regurgitation and stenosis 

 Absent Mild Moderate Severe 
MV_Mrg 0 0.005 0.026 0.07 
AV_Mrg 0 0.01 0.05 0.15 
TV_Mrg 0 0.006 0.03 0.09 
MV_Mst 1 0.5 0.1 0.025 
AV_Mst 1 0.5 0.2 0.15 

AV: aortic valve; MV: mitral valve; TV: tricuspid valve 
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2.4. Assessing Staged Left Ventricular Recruitment Success in the Model 

After simulating ventricular growth, patients were separated into three groups (Success, 

Failure, and Non-Physiologic) using their 24-month hemodynamics. Group designation was 

based on SLVR success criteria and consultation with our clinical collaborators: 

• SLVR Success [9] 

o LVEDVi > 40 ml/m2, and 

o LVEDP < 13 mmHg 

• SLVR Failure [9] 

o LVEDVi <= 40 ml/m2, or 

o LVEDP >= 13 mmHg 

• Non-physiologic 

o SBP < 60 mmHg, or 

o CO < 1.5 L/m2, or 

o LVEDV Z-score > 5, or  

o LVEDP < 2 mmHg, or 

o LVEDP > 20 mmHg 

Mann-Whitney U tests were performed on continuous variables (valve annulus Z-scores, 

initial ASD size, LVEDV Z-scores) and Chi-squared tests with post-hoc Bonferroni 

correction were performed on categorical variables (valve regurgitation, stenosis, and 

shunt type). To examine patterns within each group (e.g., whether some categories 

occurred more frequently than others within the same group), pairwise two-proportion z-
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tests were performed between categories, also corrected for multiple comparisons using 

Bonferroni adjustment. 

Finally, we used a Random Forest algorithm (MATLAB function fitcensemble with bootstrap 

aggregation) to create a predictive machine learning model, using the 10 random 

phenotype variables as features and SLVR success or failure as labels. Each tree was built 

using random subsets of predictors to reduce overfitting and improve model 

generalizability. Categorical variables were encoded as ordinal or one-hot numeric features 

prior to training. All continuous features were standardized to zero mean and unit variance. 

The machine learning model performance was assessed using 5-fold cross-validation, and 

classification error was quantified as the average misclassification rate across folds. Out-

of-bag error estimates were also obtained as an internal validation metric. Feature 

importance was evaluated using out-of-bag permuted predictor importance, which 

measures the decrease in classification accuracy when each feature is randomly 

permuted. 

3. Results 

3.1.  Group Designation: Success, Failure, and Non-Physiologic 

After the growth simulation concluded, synthetic BLH patients (n = 5,306) were separated 

into groups as discussed in Section 2.4 (Figure 3): non-physiological (n = 3,664), SLVR 

success (n = 903), and SLVR failure (n = 739). 
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Figure 3: Group designation for synthetic patient population 
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In general, hemodynamics and ventricular dimensions were statistically significantly 
different between the success and failure groups, though differences were not always 
clinically significant (Table 7). For example, despite a p-value < 0.001, median indexed RV 
mass had only a 0.03 g/m2 difference between groups and a relatively modest effect size of 
r = 0.25. In contrast, mean pulmonary arterial pressure had a 9.64 mmHg difference 
between groups and a larger effect size of r = -0.60. 
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Table 7: Comparison of 24-month model outputs for SLVR success and failure groups 

24 Month Output Success Group Failure Group p-value r 
SBP (mmHg) 78.16 (IQR: 

69.48-87.35) 
69.72 (IQR: 

65.03-76.35) 
< 0.001 0.36 

DBP (mmHg) 37.48 (IQR: 
29.92-43.65) 

38.02 (IQR: 
33.54-41.27) 

0.961 0 

MPAP (mmHg) 11.18 (IQR: 9.54-
14.74) 

20.82 (IQR: 
17.51-26.04) 

< 0.001 -0.60 

LAP (mmHg) 9.97 (IQR: 7.20-
14.15) 

19.91 (IQR: 
16.36-25.76) 

< 0.001 -0.58 

LVESP (mmHg) 102.33 (IQR: 
84.33-134.95) 

78.03 (IQR: 
67.78-91.64) 

< 0.001 0.44 

LVEDP (mmHg) 5.60 (IQR: 3.51-
7.43) 

9.85 (IQR: 6.48-
15.98) 

< 0.001 -0.49 

RVESP (mmHg) 79.18 (IQR: 
68.36-89.57) 

70.16 (IQR: 
64.44-78.12) 

< 0.001 0.29 

LVEDVi (ml/m2) 64.88 (IQR: 
51.52-87.63) 

29.55 (IQR: 
22.59-39.08) 

< 0.001 0.68 

LVEDV Z-Score 1.37 (IQR: 0.42 to 
2.60) 

-1.86 (IQR: -2.96 
to -0.71) 

< 0.001 0.86 

LV mass, indexed 
(g/m2) 

37.50 (IQR: 
28.47-59.47) 

19.23 (IQR: 
14.62-25.75) 

< 0.001 0.60 

RV mass, indexed 
(g/m2) 

40.23 (IQR: 
40.20-40.36) 

40.20 (IQR: 
40.19-40.25) 

< 0.001 0.25 

LVEDd (cm) 1.99 (IQR: 1.85-
2.20) 

1.53 (IQR: 1.40-
1.68) 

< 0.001 0.68 

SBP: Systolic blood pressure; DBP: diastolic blood pressure; MPAP: mean pulmonary 
arterial pressure; LAP: left atrial pressure; LVESP: left ventricular end-systolic pressure; 
LVEDP: left ventricular end-diastolic pressure; RVESP: right ventricular end-systolic 
pressure; LVEDVi: indexed left ventricular end-diastolic volume; LV: left ventricle; RV: right 
ventricle; LVEDd: left ventricular end-diastolic dimension 
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3.2. Continuous Variables: Valve Annulus Size, ASD Size, and LVEDV  

Group splits for continuous variables are shown in Figure 4. The mitral valve annulus Z-

score had a median value of -3.5 (IQR: -4.3 to -2.8) for the non-physiological group, which 

was significantly lower than the success group (Median: -3.3, IQR: -4.2 to -2.7). Whereas 

the mitral valve annulus Z-score for the failure group (Median: -3.7, IQR: -4.3 to -2.8) was 

significantly lower than the success group. The aortic valve annulus Z-score had a median 

value of -3.5 (IQR: -4.2 to -2.8) for the non-physiological group, -3.4 (IQR: -4.2 to -2.7) for 

the success group, and -3.4 (IQR: -4.2 to -2.7) for the failure group, none of which differed 

significantly. The initial ASD size had a median value of 0.39 cm (IQR: 0.29-0.49) for the 

non-physiological group, which was significantly lower than both the success group 

(Median: 0.41 cm, IQR: 0.31-0.52) and the failure group (Median: 0.44 cm, IQR: 0.33-0.52). 

Further, initial ASD size was significantly higher in the failure group than the success group. 

The initial LVEDV Z-score had median values of -2.9 (IQR: -4.1 to -1.5) for the non-

physiological group, which was significantly lower than the success group (Median: -2.0, 

IQR: -2.5 to -1.5) and higher than the failure group (Median: -3.2, IQR: -3.8 to -2.9), which 

also differed significantly. Thus, at 6 months a larger MV annulus, moderate ASD size, and 

larger LVEDV were all associated with success. 
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Figure 4: Box plots of continuous variables, compared between groups. MV: mitral 

valve; AV: aortic valve; ASD: atrial septal defect; LVEDV: left ventricular end-diastolic 

volume. *p < 0.05; **p < 0.01; ***p < 0.001; n.s. p > 0.05 
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3.3. Categorical Variables: Valve Regurgitation, Stenosis, and Shunt Type 

Group splits for categorical variables are shown in Figures 5-6. The non-physiologic group 

was consistently significantly larger than the success or failure groups, therefore we 

focused on comparing only success and failure when considering valve regurgitation, valve 

stenosis, and shunt type. For MR, the success group had significantly fewer Absent (p < 

0.001) cases and significantly more Mild (p = 0.47), Moderate (p = 0.007) and Severe (p < 

0.001) cases than the failure group. For AR, the success group had significantly fewer 

Absent (p = 0.019) and Mild (p < 0.001) cases and significantly more Severe (p < 0.001) 

cases than the failure group. For TR, there were no significant differences between the 

success and failure groups. For MS, the success group had significantly more Absent (p < 

0.001) and Mild (p < 0.001) cases and significantly fewer Moderate (p < 0.001) and Severe (p 

< 0.001) cases than the failure group. For AS, the success group had significantly more Mild 

(p = 0.004) cases and significantly fewer Severe (p = 0.004) cases than the failure group. For 

shunt type, the success group had significantly more RVPA shunts (p = 0.041) and mBTT 

shunts (p < 0.001) than the failure group. There were no significant differences between the  

groups when a shunt was not present. Overall, increasing severity of valve stenosis was 

associated with decreased rates of success, while some degree of MR and AR appeared to 

increase rates of success. Table S1 shows comparisons between groups, and Table S2 

shows intragroup comparisons. 
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Figure 5: Mitral, aortic, and tricuspid regurgitation severity frequencies for each group. 

†: significant (p < 0.05) difference between absent and mild; ‡: significant (p < 0.05) 

difference between absent and moderate; #: significant (p < 0.05) difference between 

absent and severe; Δ: significant (p < 0.05) difference between mild and moderate; ◊: 

significant (p < 0.05) difference between mild and severe; §: significant (p < 0.05) 

difference between moderate and severe; *p < 0.05; **p < 0.01; ***p < 0.001; n.s. p > 

0.05 
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Figure 6: Mitral and aortic stenosis severity frequencies and shunt type for each group. 

†: significant (p < 0.05) difference between absent and mild; ‡: significant (p < 0.05) 

difference between absent and moderate; #: significant (p < 0.05) difference between 

absent and severe; Δ: significant (p < 0.05) difference between mild and moderate; ◊: 

significant (p < 0.05) difference between mild and severe; §: significant (p < 0.05) 

difference between moderate and severe; *p < 0.05; **p < 0.01; ***p < 0.001; n.s. p > 

0.05 

  



245 

 

 

3.4. Pathologic Ventricular Growth from 6 to 24 Months of Age 

As mentioned previously, SLVR success is designated by a final LVEDVi > 40 ml/m2 and an 

LVEDP < 13 mmHg, without considering either LV mass or thickness. To determine if these 

criteria are adequate to describe true LV hypertrophy, we tracked changes in mass, 

thickness, and chamber radius in the simulated patient population. Figure 7 shows the 

change in LV mass, unloaded ventricular thickness (h0), and unloaded ventricular radius (r0) 

between the initial 6-month value and the final 24-month value for success and failure 

groups. The success group had a median increase in LV mass of 26.97 g/m2 (IQR: 18.23-

49.14), a median increase in LV h0 of 0.81 cm (IQR: 0.63-1.15), and a median increase in LV 

r0 of 0.30 cm (IQR: 0.24-0.37). These increases were all significantly larger than those 

observed in the failure group (p < 0.001), which were often similar to those expected 

somatically (indicated by dashed lines in Figure 7). The failure group had a median increase 

in LV mass of 7.56 g/m2 (IQR: 4.04-13.80), a median increase in h0 of 0.40 cm (IQR: 0.29-

0.54), and a median increase in r0 of 0.13 cm (IQR: 0.08-0.19). 
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Figure 7: Boxplots of growth throughout the SLVR period, compared between success 

and failure groups. Left: change in LV mass, indexed to BSA. Center: change in 

unloaded thickness (h0). Right: change in unloaded radius (r0). Dashed lines indicate 

equivalent values from the somatic infant model. ***p < 0.001 
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3.5. Predictive Machine Learning Model 

Next, we consider the predictive capabilities of the Random Forest classifier, which 

determines the probability of SLVR success or failure based on the 6-month input metrics. 

The classifier achieved a cross-validated classification loss of 0.0859, corresponding to an 

overall accuracy of approximately 91.4% in distinguishing between success and failure 

patient groups from the ten random 6-month input metrics alone. The receiver operating 

characteristic (ROC) curve (Figure 8a) has an area under the curve of 0.976. Feature 

importance analysis (Figure 8b) revealed that initial LVEDV Z-score was by far the strongest 

predictor of outcome (importance score = 9.70), followed by MS (2.25), initial ASD size 

(2.09), and MR (2.01). Additional contributors: AR (1.91), AS (1.86), MV annulus size (1.78), 

TR (1.62), AV annulus size (1.40), and shunt type (1.02). 
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Figure 8: Performance of Random Forest classifier. A) Receiver operating characteristic 

(ROC) curve; B) Out-of-bag (OOB) permuted predictor importance estimates. AV: aortic 

valve; Ann: annulus; MV: mitral valve; MR: mitral regurgitation; AR: aortic regurgitation; 

TR: tricuspid regurgitation; MS: mitral stenosis; AS: aortic stenosis; ASD: atrial septal 

defect; LVEDV: left ventricular end-diastolic volume 
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3.6. EFE Results 

Figure 9 shows the group composition for the patient population without simulated EFE 

versus the populations with increasing EFE severity, where EFE was simulated by 

increasing passive LV stiffness. In general, increasing EFE severity led to increases in non-

physiological patients (69.1% of total population for no EFE, 68.6% for mild EFE, 75.6% for 

moderate EFE, and 81.2% for severe EFE). Mild EFE led to an increase in failures (18.3% of 

total population versus 13.9% for no EFE), but moderate and severe EFE led to decreases in 

failure group percentage (13.2% and 11.3%, respectively). Increasing EFE severity also led 

to decreases in success rates (17% for none, 13.1% for mild, 11.2% for moderate, 7.43% for 

severe). 
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Figure 9: Group classifications based on endocardial fibroelastosis (EFE) severity 
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Simulation of EFE led to an increase in LVEDP for both success and failure groups (Figure 

10). Within the success group, patients without EFE had a median LVEDP of 5.60 mmHg 

(IQR: 3.51-7.43). For mild EFE, the median LVEDP was significantly larger (p < 0.001) with a 

value of 6.98 mmHg (IQR: 5.24-9.34). Moderate EFE LVEDP was 8.49 mmHg (IQR: 6.06-

10.69), significantly larger than mild (p = 0.0032). For severe EFE, median LVEDP was 8.83 

(IQR: 6.46-11.34), with no significant difference from moderate EFE (p = 0.525). Within the 

failure group, patients without EFE had a median LVEDP of 9.85 mmHg (IQR: 6.48-15.98). 

For mild EFE, the median LVEDP was significantly larger (p < 0.001) with a value of 14.01 

mmHg (IQR: 10.7-17.1). Moderate EFE LVEDP was 15.87 mmHg (IQR: 13.31-18.04), 

significantly larger than mild (p < 0.001). For severe EFE, median LVEDP was 16.00 mmHg 

(IQR: 13.07-17.94), with no significant difference from moderate EFE (p = 0.749). 
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Figure 10: Boxplots of left ventricular end-diastolic pressure (LVEDP), compared 

between endocardial fibroelastosis (EFE) severities. Left: patients meeting the criteria 

for SLVR success. Right: patients who did not meet the criteria for SLVR success. **p < 

0.01; ***p < 0.001; n.s. p > 0.05 
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EFE affected LV growth in similar ways in the success and failure groups (Figure 11). Any 

degree of EFE reduced the overall increase in LV mass from 6 months to 24 months and 

impacted both thickness and radius. In the success group, the change in LV mass was 

significantly decreased (p < 0.001) from a median value of 26.97 g/m2 (IQR: 18.23-49.14) 

with no EFE to 19.63 g/m2 (IQR: 14.39-41.22) with mild EFE. Change in h0 significantly 

decreased (p < 0.001) from 0.81 cm (IQR: 0.63-1.15) with no EFE to 0.65 (IQR: 0.53-1.05) 

with mild EFE. Change in r0 significantly decreased (p < 0.001) from 0.30 cm (IQR: 0.24-

0.37) to 0.26 cm (IQR: 0.22-0.33). In the failure group, change in LV mass significantly 

decreased (p = 0.0022) from a median value of 7.56 g/m2 (IQR: 4.04-13.80) with no EFE to 

4.86 g/m2 (IQR: 2.95-11.57) with mild EFE. Change in h0 significantly decreased (p = 0.0022) 

from 0.40 cm (IQR: 0.29-0.54) with no EFE to 0.32 cm (IQR: 0.25-0.54) with mild EFE. 

Change in r0 significantly decreased (p = 0.0165) from 0.13 cm (IQR: 0.08-0.19) with no EFE 

to 0.11 (IQR: 0.07 to 0.17). Increasing the severity of EFE had no significant impact (p > 

0.05) on growth for either success or failure groups. 
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Figure 11: Boxplots of growth throughout the SLVR period for the success group, 

compared between patients with no simulated endocardial fibroelastosis (EFE) and 

mild EFE. Left: change in LV mass, indexed to BSA. Center: change in unloaded 

thickness (h0). Right: change in unloaded radius (r0). Dashed lines indicate equivalent 

values from the somatic infant model. ***p < 0.001 
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4. Discussion 

 
We modified our modeling framework of the heart and circulation to simulate the LV growth 

of patients with BLH undergoing SLVR. Our primary goal was to determine factors that 

influence SLVR success and patterns of LV hypertrophy. We hypothesized that some SLVR 

patients are not experiencing true adaptive hypertrophy, where changes in wall thickness 

and overall LV mass are on par with chamber dilatation. To evaluate this hypothesis, we 

simulated a broad range of potential BLH phenotypes by adjusting 10 metrics across their 

diagnostic ranges, including valve annulus size, the presence of valve regurgitation and 

stenosis, optional mBTT or RVPA shunt, ASD size, and initial LVEDV Z-score. Model outputs 

at the conclusion of growth (i.e., 24 months of age) were largely within range of available 

reported measurements.  

4.1. Left Ventricular Hypertrophy  

As expected—and specified by current diagnostic criteria—“successful” synthetic BLH 

patients had a larger LVEDVi than those that “failed” SLVR. Median LVEDVi was 65 ml/m2 for 

the success group and only 30 ml/m2 for the failure group. Further, the change in LVEDV 

differed significantly between groups, with the success group experiencing a median 

change in indexed LVEDVi of 38.34 ml/m2 (IQR: 26.97-60.17) and the failure group 

experiencing a median change of 10.64 ml/m2 (IQR: 4.47-20.07). Using an equivalent 25th 

percentile weight trajectory, our model of normal somatic infant growth [22] produces a 

change in LVEDVi of 10.5 ml/m2 over the same 18-month timeframe. Thus, on average the 

failure group failed to exhibit adaptive LV dilatation, only dilatating at a normal rate. No 
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synthetic success patients exhibited a change in LVEDVi less than the somatic level.  We 

observed similar results for changes in indexed LV mass: on average, the success group 

exhibited a median increase of 26.97 g/m2 (IQR: 18.23-49.13) and the failure group an 

increase of only 7.56 g/m2 (IQR: 4.04-13.79), again on par with normal somatic levels (4.6 

g/m2). There was also a strong correlation between changes in LVEDVi and changes in 

indexed LV mass for both the success and failure groups (r2 = 0.75 and r2 = 0.87, 

respectively). In addition, for our simulated successful SLVR cases, changes in thickness 

were generally comparable to dilatation (Figure 12). This suggests that our original 

hypothesis that LV dilatation could occur without commensurate thickening is likely false 

and that using LVEDVi as a surrogate for growth at the conclusion of SLVR is adequate.  
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Figure 12: Comparison of change in unloaded radius (r0) and thickness (h0) throughout 

the SLVR period for the success group 
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4.2.  Comparison to Clinical Trials of SLVR 

4.2.1. Model Outputs 

In general, model results at 24 months were within range of reported measurements for 

patients with borderline HLHS undergoing SLVR. The mean LVEDVi for the success group 

was 72.6 ml/m2 without EFE and 68.4 ml/m2 with mild EFE, which aligns well with the pre-

biventricular repair LVEDVi reported by Emani et al. (67 +/- 5.5 ml/m2) [8]. The median value 

(64.9 ml/m2 without EFE and 58.0 ml/m2 with mild EFE) is also in good agreement with 

measurements reported by Kalish et al. prior to biventricular repair (58.1 ml/m2, range 26.6 

– 92.5) [51], though it is slightly higher than measurements reported by Marathe et al. after 

the inclusion of additional pulmonary flow (51.96 ml/m2, IQR: 41.13–64.73). Median left 

atrial pressure was 10 mmHg for non-EFE and EFE patients in the success group, which 

was low but within range of reported measurements from Herrin et al. (Median: 12.5, IQR: 

8-14 mmHg) [42] and Banka et al. (Median: 13.75 mmHg, Range: 5-15) [45] prior to 

biventricular repair. Median LVEDP in the success group (6 mmHg without EFE, 7 mmHg 

with EFE) was lower than expected compared to reported measurements from Herrin et al. 

(Median: 12 mmHg, IQR: 10-16) [42] and Banka et al. (Median: 14.25 mmHg, Range: 8-22) 

[45].  

Notably, we chose to model a subset of BLH patients with an intact ventricular septum, 

four valves, and normal vessel physiology, such as those with non-atretic varieties of HLHS 

or Shone’s syndrome. In practice, staged left ventricular recruitment is also utilized for 

patients with unbalanced atrioventricular canal defects, ventricular septal defects (with or 

without interrupted aortic arch), complex transposition of the great arteries, double outlet 
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right ventricle, and straddling atrioventricular valves [11]. The timing of SLVR also varies: 

though recruitment procedures are most commonly performed at the second surgical 

stage with biventricular repair occurring before the third stage [11], biventricular repair has 

been performed after all three surgical stages at a wide range of ages [8, 52, 53]. It is 

therefore important to consider these specific patient characteristics when comparing 

model outputs to data from clinical trials of SLVR. 

4.2.2. Predicting SLVR Success 

There are currently no discriminant functions available to evaluate the prognosis of SLVR. 

Results from our Random Forest classifier (Figure 8b) indicate that a synthetic patient’s 

initial 6-month LVEDV Z-score is the most important predictor of SLVR success at 24 

months by far, more than 4x higher than the next most important metric (mitral valve 

stenosis). Discriminant functions for BLH patients undergoing direct biventricular 

conversion in the neonatal period indicates that initial LVEDV is a significant factor for 

successful repair [47], while another does not consider it as a variable [54]. Commonly 

used discriminant functions for biventricular repair of critical aortic stenosis—a less 

complex diagnosis than BLH—have mixed results for LVEDV. The Congenital Heart 

Surgeons’ Society (CHSS) score did not consider LVEDV for multivariate analysis in the 

original 2001 study [55] or the 2007 follow-up [4]. In contrast Rhodes et al. [56] found that 

patients who did not survive after biventricular repair had significantly smaller LVEDV than 

those who did, though LVEDV was not an influential variable, ranking 8 of 11 in correlation 

size. Colan et al. found no significant difference in LVEDV between survivors and non-

survivors in their Discriminant Score model [57]. However, as scores were determined 
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retrospectively, it is possible LVEDV was inherently used in the decision process for single 

ventricle palliation versus biventricular conversion, i.e., patients with smaller LVEDVs were 

selected for single ventricle palliation and therefore not considered in biventricular 

conversion survival analysis. 

Similarly, other metrics of LV size, implicit or otherwise, are used to inform these models. 

Mitral valve annulus size is an influential factor in 4 of the 6 discriminant functions listed 

above [4, 47, 54, 56], as is aortic valve annulus size [47, 54, 55, 57], though our predictive 

model ranked them 7th and 9th out of 10 in predictive power, respectively. In contrast, mitral 

and aortic stenosis were ranked 2nd and 6th in our predictive model, neither of which are 

included in any of the published 6 discriminant functions for neonatal biventricular 

conversion. This could be a consequence of our synthetic patient generation approach, 

which treated annulus size and degree of stenosis independently, when in reality they are 

likely coupled and covary. If we had imposed covariance, it is possible annulus size would 

have ranked more highly, consistent with previous studies.  

4.2.3. Simulation of EFE 

EFE, common in both BLH and critical congenital aortic stenosis, leads to a pernicious 

fibrotic layer in the endocardium of the LV that impedes ventricular filling and growth [58]. 

When we included the additional 3,000 synthetic patients with EFE (simulated by 

increasing LV passive stiffness, see Sections 2.3 and 3.6) into our predictive model, the 

presence of EFE became the second most powerful factor for determining SLVR success 

(Figure 13). This was consistent with previous studies, as EFE grade is included in the 

Discriminant Score and both CHSS scores as a detrimental factor for patients with critical 
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congenital aortic stenosis [4, 55, 57]. It has also been implicated in failure of biventricular 

repair for BLH patients [59, 60]. Despite resection, EFE often recurs, requiring further 

invasive procedures to remove it [58, 61, 62]. Though Boston Children’s Hospital—the 

primary developer of SLVR—prefers aggressive resection of EFE [11], in other centers 

patients with EFE are excluded from SLVR [63], or EFE is left unresected [52]. Thus, while 

the presence of EFE is clearly detrimental to SLVR and biventricular conversion, the 

efficacy of resection is still unclear. 
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Figure 13: Feature importance derived from the Random Forest classifier, with presence 

of EFE included as an additional feature. Bars represent out-of-bag permuted predictor 

importance scores, reflecting the relative contribution of each feature to model 

accuracy. 
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Managing LVEDP appears to be important to the success of biventricular repair: a pre-

operative LVEDP >= 13 mmHg is associated with death, heart transplantation, and 

takedown to single ventricle after biventricular repair [43, 53, 59]. In the model, mild EFE 

led to a shift in simulated patients from success to failure (Figure 9), largely due to 

increases in LVEDP. For both the SLVR success and failure groups, LVEDP was increased 

beyond that of their peers without EFE (Figure 10). Further, increasing severity of EFE led to 

increasing rates of non-physiologic cases, primarily caused by an elevation of LVEDP to a 

degree considered incompatible with life. 

4.3. Limitations 

Our models and approach have a few important limitations to consider. First, the 

ventricular growth model assumes a simplified spherical geometry. Though this 

assumption did not hinder us previously in predicting radial and circumferential ventricular 

growth in healthy infants [22] or adult canines with aortic coarctation, mitral valve 

regurgitation or myocardial infarction [23], disparate growth of the short and long axes of 

the left ventricle (i.e. ventricular shape) may be important in LV systolic and diastolic 

function as well as the dilatation and growth of the mitral and aortic valves of BLH patients. 

Venardos et al. reported that in utero, the borderline LV has two main patterns of 

morphology: a globular, non-apex-forming LV, associated with severe mitral stenosis and 

systolic dysfunction, and a narrow, apex-forming LV, where the mitral and aortic valves are 

hypoplastic but not severely stenotic. The apex-forming phenotype exhibited faster growth 

in utero, and patients with the phenotype were more likely to be selected for biventricular 
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repair at birth [64]. However, it is impossible to determine if shape is driven by function, or 

vice-versa, and a study investigating LV shape during SLVR found no particular shape 

parameter to be associated with outcome after biventricular repair [17]. 

Second, our ventricular growth model neglected feedback between regurgitation, annulus 

size, and LV dilatation. Physiologically, MR and LV dilatation are thought to be coupled in a 

feedback loop: regurgitation increases volume overloading on the LV, leading to ventricular 

dilatation, which in turn further exacerbates MR [65]. In Fontan patients, atrioventricular 

regurgitation has been associated with heart failure, morbidity, and premature mortality 

[66, 67], with one study estimating a two-fold increase in Fontan failure incidence among 

patients with moderate or severe regurgitation [68]. In our study, synthetic patients in the 

success group were more likely to have moderate or severe MR and less likely for MR to be 

absent than those in the failure group, a difference that could not be explained by an 

increase in non-physiological cases (Figure 5). From the model’s point of view, it could be 

that the volume overloading of the LV due to MR is “helpful” for achieving the LVEDV 40 

ml/m2 threshold for SLVR success. MR increases the volume of blood in the left atrium 

during ventricular systole via retrograde flow from the previous LV contraction, which then 

refills the LV during ventricular diastole. Thus, while forward cardiac output is not 

increased, volume at end-diastole is. Further, since the LV growth model utilizes end-

diastolic stretch as a stimulus, increased LVEDV promotes predicted dilatation. This is 

consistent with the phenotype observed in adults and Fontan patients with MR, however 

because it is not accompanied by commensurate increases in LV mass, this dilatation is a 
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maladaptive response. In our synthetic SLVR group there were strong correlations between 

dilatation and increased LV mass (Figure 7). For SLVR patients, MR is also undesirable and 

has been associated with poor outcomes after biventricular conversion [11, 17]. It is 

possible our model is not capturing the full consequences of MR because of the lack of 

valve-ventricle feedback, or perhaps a longer simulation span (beyond 24 months) would 

reveal more deleterious effects. Furthermore, adjunct procedures such as valve repairs are 

commonly performed during the recruitment process [8], making it less likely that severe 

regurgitation (or stenosis) would occur in the final patient population and emphasizing the 

need for more quantitative evaluation of the acute and chronic efficacy of these 

procedures. 

To reduce our parameter set prior to fitting, we performed a local sensitivity analysis and fit 

the 13 parameters with the overall largest effects on the greatest number of outputs. 

Though performing a local analysis is much faster than a global analysis, a global analysis 

is likely more appropriate for nonlinear systems with many interactions [69]. The 

parameters in the baseline 6-month-old BLH model were fitted to summary data from 

multiple datasets which contained patients with a range of ages and comorbidities. In 

particular, the atrial and ventricular pressures, RV pressure and volumes, and systemic and 

pulmonary arterial pressures were sourced from the Single Ventricle Reconstruction Trial 

[44] due to a lack of data on SLVR patients at 6 months of age. Though we limited our use to 

only patients with measurable LVs, all patients in the trial were undergoing single ventricle 

palliation, which could result in a bias of the base parameters that were not refit when 
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generating the synthetic SLVR population toward a more severe phenotype, i.e., those who 

are less suitable for SLVR. 

As our goal was to investigate the full range of BLH phenotypes, we made two assumptions 

while generating the random phenotypes of the simulated patient population: 1) each 

metric was selected from a uniform distribution, e.g., a patient had the same probability of 

receiving an LVEDV Z-score of -5 as -2 or -0.5, and 2) metrics were treated as independent 

of one another. While this resulted in a wide range of phenotypes, it also led to the 

generation of “impossible” patients, such as those with severe mitral regurgitation and an 

LVEDV Z-score of -5. Though we believe most of these cases were ultimately sorted into the 

“non-physiologic” category, it is possible some were erroneously included in the SLVR 

success or failure groups and their accompanying statistical analysis. 

Lastly, our predictive model and growth model upon which it was built have not yet been 

validated with real (i.e., non-simulated) patient data. We intend to collect retrospective 

BLH patient data for a follow-up study, which will be used to test the model’s ability to 

predict SLVR success and failure in individual patients. We also will adapt the ventricular 

growth model to test its ability to predict changes in ventricular size and mass throughout 

the recruitment period for specific patients. 
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5. Conclusion 

We created a novel computational framework linking a reduced-order circulation model 

with a strain-based cardiac growth law to simulate somatic and pathology-driven LV 

remodeling in BLH patients undergoing SLVR. Model parameters were fitted to SLVR 

literature data, then a subset of parameters associated with the diagnosis of BLH were 

randomized within diagnostic ranges to represent the full spectrum of BLH phenotypes. We 

then simulated LV growth from age 6 months to 24 months in our synthetic cohort before 

designating patients as having a successful SLVR (LVEDVi > 40 ml/m2 and LVEDP < 13 

mmHg), an unsuccessful SLVR (LVEDVi <= 40 ml/m2 and LVEDP >= 13 mmHg), or 

hemodynamics incompatible with life. Machine learning identified initial LVEDV Z-score, 

endocardial fibroelastosis, and aortic valve regurgitation as the strongest predictors of 

SLVR outcome. Though we hypothesized that successful SLVR patients could be 

experiencing maladaptive dilatation, our model demonstrated otherwise: successful 

patients exhibited commensurate dilatation and thickening, while failed SLVR patients 

showed minimal adaptive hypertrophy beyond expected somatic growth. Our results 

suggest that LVEDVi is an adequate surrogate for LV hypertrophy in SLVR, though further 

validation with more robust individual patient data is needed.  
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Chapter 6: Conclusions and Future Directions 

Overview and Summary of Findings 

As recently as the 1970s, severe CHDs such as hypoplastic left heart syndrome were 

invariably fatal [1]. While advances in surgical techniques have drastically increased 

survival rates, there is more to patient care than merely preventing death. As children with 

CHDs grow, their cardiovascular systems grow with them, bringing new abnormal loading 

patterns and altering old ones with each surgery. These changes—and the comorbidities 

they can lead to—are not easy to predict. Indeed, as shown by our literature review of 

single ventricle lumped parameter models (Chapter 2), modelers have largely avoided 

exploring longitudinal temporal changes associated with growth and development, treating 

virtual surgery as solely two points in time: before and after. Thus, the overarching goal of 

my dissertation work was to develop computational frameworks that bridge physiological 

development and pathological remodeling in the left ventricle over an extended timescale. 

Our findings in the CoA model (Chapter 3) underline the importance of this kind of 

temporal modeling—rabbits with corrected CoA displayed some degree of reverse LV 

remodeling during the 4 months following correction yet had persistent ascending aortic 

remodeling. Understanding the time-course of ventricular and aortic remodeling could 

provide valuable insight into optimal timing of CoA repair. However, because imaging and 

pressure measurements were taken only at the study’s termination for all three groups 

(CoA, corrected, and control), temporal changes could only be inferred [2]. Fortunately, 

data for healthy children at a wide range of ages are plentiful, allowing us to develop and 

validate a computational model of normal somatic ventricular growth in human infants 
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from birth through 3 years of age, which offered a baseline for distinguishing healthy versus 

pathological adaptation due to CoA (Chapter 4). These simulations became the foundation 

for our model of BLH patients undergoing SLVR (Chapter 5), determining that the volume-

based criteria for successful SLVR is an effective surrogate for LV hypertrophy, with 

unsuccessful SLVR patients failing to achieve additional adaptive growth beyond normal 

somatic amounts. 

Scientific and Clinical Implications 

Collectively, these models form a continuum from normal development to disease, 

demonstrating that cardiac growth is itself a continuum, with its response to mechanical 

load spanning from adaptive to maladaptive. They advance the field of computational 

cardiovascular growth modeling in two ways: 1) for the first time, a coupled circulation-

growth model has been applied to developing children experiencing both normal somatic 

and pathologic ventricular growth, and 2) using a simplified ventricular geometry to 

efficiently simulate years of growth with less than an hour of runtime on a typical desktop 

computer. Beyond the obvious gain in computational efficiency, reduced-order frameworks 

such as ours have advantages over higher-order models in transparency, interpretability, 

and extensibility. We explicitly link each model element (resistors, capacitors, valves, 

shunts, chambers) to a physiological quantity or mechanism that can—in theory if not 

always in practice—be measured. This negates the “black box effect” of higher-order 

models and allows us and other researchers to determine if model parameters make sense 

biologically. Parameters and outputs have causal, mechanistic relationships rather than 

correlational. For example, an increase in afterload, such as the increase in the descending 
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aortic resistance in the rabbit CoA model, directly maps to an increase in ventricular strain, 

which itself directly maps to a quantifiable increase in concentric hypertrophy. In this way, 

we can use the models to test hypotheses and explain the potential underlying cause of an 

outcome in a way empirical data on their own cannot, while still maintaining physiological 

relevance in both inputs and outputs. This is best illustrated in the results of the SLVR 

model, where we decoupled the “apparent success” of increased LVEDV with true 

physiological success of proportional LV thickening. Finally, because their assumptions 

and governing equations are accessible, reduced-order models can be easily modified and 

extended by future investigators to simulate other CHDs or determine patient-specific 

growth by fitting model parameters to patient measurements, either directly (e.g., heart 

rate, systemic vascular resistance) or indirectly (e.g., compliances, valve parameters). 

Indeed, all three models described in this dissertation were extensions of a simpler 

coupled circulation-growth model of canines [3], which was itself an extension of an adult 

human circulation-only model [4]. 

The transparency, interpretability, and extensibility of reduced-order models are especially 

important when modeling children. Due to their vulnerable status, need for parental 

consent, and relatively small population compared to adults, pediatric data are more 

limited and heterogeneous than that of their adult counterparts [5]. This makes 

parameterization—for any order model—difficult, increasing the amount of non-

identifiable parameters and uncertainty in model outputs. In mitigating this challenge, the 

simplicity of reduced-order models is a strength. While more complex models can “hide” 

uncertainty in a high-dimensional parameter space, the assumptions required by reduced-
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order models make it explicit. In this way, uncertainty can be tracked and, using a priori 

reasoning to constrain physiologically interpretable parameters, be reduced [6, 7]. For 

modelers seeking clinical translation, this is of critical importance. 

The Philosophy and Purpose of Modeling 

“All models are wrong, but some are useful.” 

—George Box, founder of University of Wisconsin-Madison’s Department of Statistics [8] 

Cardiovascular models are inherently (whether deliberately or inadvertently) collaborations 

between engineers and clinicians. At best, engineers and clinicians are enthusiastic 

partners united in a shared goal, weaving each other’s experience and knowledge into the 

model throughout its development, from conception to implementation to interpretation of 

results. At worst, they can be borderline adversarial: engineers disparage what they believe 

is a resistance to innovation and a lack of quantitative reasoning, while clinicians view 

models with suspicion or even derision, considering them purely hypothetical tools lacking 

any grounding in the harsh reality they must contend with in the clinic every day. 

The tension between these groups is pervasive and enduring—in 30 years of CHD 

simulations, precious few have fulfilled their promise of impacting clinical decision-making 

[9–11]. Even patient-specific models are almost always created retrospectively, the 

decisions leading to the virtual surgeries they simulate having long since been made in the 

real world [10]. Though we (myself included) make bold claims in research papers and 

grant applications of our models’ translational capacities, how much of this capacity has 
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truly been realized? If this is in part due to a lack of trust between clinicians and engineers, 

an inability to reconcile the “wrongness” of models with their usefulness, how do we bridge 

that disconnect? 

Perhaps a good place to start (or restart) is for engineers and clinicians to develop a mutual 

understanding of what models are and what they are not. Imagine that we could create a 

true “digital twin,” a model that fully and flawlessly captures every biological process in an 

individual human’s body, down to the sub-cellular level. While such a model would be an 

engineering marvel, it would have no practical value—the model would be as difficult to 

understand as the human it replicates, a phenomenon known as Bonini’s paradox [12]. 

Instead of thinking of models as mirrors, they should be thought of as lenses. A mirror 

reflects all incoming light rays at the same angle they hit, presenting a replication of reality. 

In contrast, a lens is deliberately designed to refract light at different angles, showing us an 

isolated aspect of reality that is warped yet useful. A useful model will never perfectly 

replicate biology; rather, it isolates what is essential while ignoring what is not. 

Because model design choices are made by humans, the process unavoidably injects 

human biases into the model, but it can also provide insight in and of itself, as we are 

forced to reflect on which mechanisms really matter. In addition, model design is never a 

singular event—when the model inevitably produces results that deviate from data, 

modelers must interrogate their assumptions and refine their methods, learning more 

about the system they are attempting to simulate. When the time comes—as it always 
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does—to return to the drawing board, engineers should not be the only ones standing in 

front of it. To increase transparency and build confidence in simulation results, clinicians 

must be involved at every step of the modeling process. 

Now that we know what models are, we can address what models are for. Simply (perhaps 

tritely) put, models are for answering questions. These questions should have the following 

qualities: 1) clinical origins, 2) specificity, 3) an appropriate scale of abstraction, and 4) an 

ability to provide insight even when disconfirmed. 

• Clinical origins: Models should be driven by clinical uncertainty, answering 

questions about something clinicians observe but cannot easily measure or explain. 

While modelers tend to think in terms of mechanisms and parameters, clinicians 

are more focused on outcomes and observations. The best modeling questions 

come from finding common ground between these mindsets. 

• Specificity: Questions must be narrow enough to be answerable while being broad 

enough to reveal mechanisms. They should be based on quantitative rather than 

qualitative logic (e.g., the model makes a falsifiable prediction or explores a defined 

variable space), rooted in the mechanics of how or why something happens, and 

clinically interpretable. “Can we simulate remodeling in CoA?” fails the specificity 

requirement. “What magnitude of aortic stiffening reproduces the observed 

pressure gradient seen in post-repair CoA patients?” passes muster. 
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• Appropriate scale of abstraction: When using a previously developed model to 

answer new questions, modelers should keep its structure in mind. For reduced-

order models, this means focusing on system-level relationships rather than tissue- 

or cell-level, such as exploring how altering local parameters changes global 

function (e.g., how do varying shunt diameters impact systemic oxygen delivery?). 

• Designed for disconfirmation: A good model does more than demonstrate our 

physiological intuitions—it clarifies if those intuitions are valid. Questions should be 

posed such that even if the model cannot reproduce an observation under plausible 

conditions, the result is still scientifically valuable.   

All models are indeed wrong, and some are indeed useful. For clinicians and biomedical 

engineers to realize our shared goal of helping patients, we must learn to use these tools—

flaws and all—not as substitutes for understanding, but as frameworks for dialogue. 

Models are collaborative efforts, structured spaces merging physiology, data, and human 

intuition. They may never be perfect, but if they help us ask and answer better questions 

and improve patient care, they have done their job. 

Future Directions 

There are many avenues branching from these models that I wish I had more time to 

explore. In particular, the SLVR growth model developed in this work represents an initial 

step in predicting LV adaptation in BLH patients. In its present form, it serves primarily as a 

proof of concept, demonstrating that a reduced-order model can reproduce the 
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characteristic features of SLVR physiology. The next logical step is to collaborate further 

with our clinician partners to refine this prototype into a patient-specific modeling pipeline. 

Parameter estimation is an obvious and immediate area for improvement. Current input 

parameters were either held over from the somatic model (i.e., allometrically scaled from 

adult humans or canines) or fitted to means from multiple studies of BLH patients. Future 

efforts should focus on implementing automated or semi-automated parameter 

identification, using unscented Kalman filters [13] or Bayesian inference techniques [14] to 

fit model parameters directly to hemodynamic and imaging data. Such approaches would 

reduce model uncertainty while enhancing reproducibility and scalability. By mapping 

model parameters to measurable physiologic quantities, it could be possible to simulate 

individualized disease trajectories and test how different interventions influence growth 

outcomes. For such a heterogeneous patient population, a robust parameter-fitting 

pipeline would move the model beyond hypothesis generation toward a clinically 

contextualized decision support tool. 

Similarly, we used the outcomes of our simulated patient population to train a Random 

Forest classifier to identify features associated with SLVR success or failure. While this 

analysis revealed promising trends, the next essential step is validation using real patient 

data to assess whether those trends hold true in practice. Using retrospective BLH patient 

data collected close to the Glenn procedure—at the beginning of LV recruitment—we could 

determine if the model makes the correct prediction for patients who proceeded to 

biventricular repair as well as those who were deemed a better fit for the Fontan procedure. 
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Close collaborations with clinical teams will be vital to ensure that the model’s predictions 

align with the metrics clinicians actually use to guide care. 

Beyond personalization, several opportunities exist to increase the physiologic fidelity of 

the model. One compelling direction is the coupling of our lumped parameter circulatory 

model with a three-dimensional representation of cardiac geometry derived from patient 

imaging, creating a multiscale model similar to those described in Chapter 2. We could 

consider using a volumetric growth framework such as that employed by Arumugam et al. 

[15], improving on their method by incorporating circulatory adaptation. This would allow 

us to capture regional variations in wall stress and strain that are inaccessible to our 

current reduced-order model. However, integrating growth at this scale presents 

substantial computational challenges [16], and validation would require imaging at 

multiple timepoints. 

Even within the reduced-order framework, refinements in our geometric assumptions 

could yield insight. The current model assumes independent spherical ventricles for 

mathematical simplicity. While this approximation appears to capture relative changes in 

chamber volumes and wall thicknesses well, absolute values are not quite as accurate, nor 

are estimations of wall stress [17]. Modeling the ventricles as prolate spheroids [18] with 

left-right interaction [19] would more closely reflect cardiac anatomy and function. These 

extensions would also allow the exploration of how asymmetric load sharing influences 

growth, a particularly relevant question in SLVR physiology where the left and right 

ventricles compete for systemic output. 
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A Closing Reflection 

In theory, we can break any biological process down into mathematical equations, 

including cardiac growth and remodeling. At the start of my graduate school career, that 

was the aspect of modeling I found most attractive—a way to feel in control, to obliterate 

the entropy inherent to life. At the conclusion of my PhD, however, I no longer feel the 

same. The heart is not merely a set of equations; it is, like every living organism, a dynamic 

entity, unique to each individual, affecting and affected by its surroundings across time. 

Each model in this dissertation, with its abstractions and imperfections, sought to illustrate 

the heart as a system striving to balance growth and function. Each taught the same 

lesson: when one attempts to maximize simplicity, one illuminates complexity. Both 

actions bring us closer to understanding not only our physical bodies, but ourselves as 

humans, perpetually changing, from our first breath to our last. 
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APPENDIX TO CHAPTER 3 

Section 1: Figures – Compartment Configurations 

 

Supplemental Fig. 1 Schematic of the base six-compartment circuit model used to 
simulate the pressure-volume relationship of the cardiovascular system, with the six 
compartments designated by teal boxes (PV, pulmonary veins; LV, left ventricle; SA, 
systemic arteries; SV, systemic veins; RV, right ventricle; PA, pulmonary arteries). Initial 
parameter values were allometrically scaled for rabbits from the original canine model [51]. 
Systemic arterial behavior was simulated by a three-element Windkessel consisting of a 
characteristic resistance (Rcs), a capacitance (Csa), and an arterial resistance (Rsa). Then, 
the parameters associated with the systemic arteries as well as stressed blood volume 
(highlighted in yellow) were fitted to stroke volume, ejection fraction, systolic and diastolic 
ascending aortic pressures, and peak ascending aortic flow in the control group [52]. 
Abbreviations: Rpv, pulmonary venous resistance; Cpv, pulmonary venous capacitance; 
MV, mitral valve; AV, aortic valve; Rcs, characteristic systemic resistance; Csa, systemic 
arterial capacitance; Rsa, systemic arterial resistance; SBV, stressed blood volume; Rsv, 
systemic venous resistance; Csv, systemic venous capacitance; TV, tricuspid valve; PV, 
pulmonary valve; Rcp, characteristic pulmonary resistance; Cpa, pulmonary arterial 
capacitance; Rpa, pulmonary arterial resistance. 
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Supplemental Fig. 2 Schematic of the seven-compartment circuit model used to simulate 
the pressure-volume relationship of the cardiovascular system, with the seven 
compartments designated by teal boxes (PV, pulmonary veins; LV, left ventricle; AA, 
ascending aorta; SA, systemic arteries; SV, systemic veins; RV, right ventricle; PA, 
pulmonary arteries). The systemic arterial resistance (Rsa) in the six-compartment model 
was split into an ascending aortic resistance (Raa) and a distal systemic arterial resistance 
(Rsa). Similarly, the systemic arterial capacitance (Csa) in the six-compartment model was 
split into an ascending aortic compliance (Caa) and a distal systemic arterial compliance 
(Csa). Then, these four parameters along with stressed blood volume (highlighted in yellow) 
were fitted to reported stroke volume, ejection fraction, systolic and diastolic ascending 
aortic pressures, peak ascending aortic flow, and mean and peak aortic blood pressure 
gradients reported by Wendell et al. 2017. 
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Supplemental Fig. 3 Schematic of the eight-compartment circuit model used to simulate 
the pressure-volume relationship of the cardiovascular system, with the eight 
compartments designated by teal boxes (PV, pulmonary veins; LV, left ventricle; AA, 
ascending aorta; UB, upper body arteries; LB, lower body arteries; SV, systemic veins; RV, 
right ventricle; PA, pulmonary arteries). The systemic arterial resistance (Rsa) in the seven-
compartment model was split into head and neck arterial resistance (Rhn), distal upper 
body systemic arterial resistance (Rub), descending aortic resistance (Rda), and distal 
lower body systemic arterial resistance (Rla). Similarly, the systemic arterial capacitance 
(Csa) in the seven-compartment model was split into an upper body systemic arterial 
compliance (Cub) and a lower body arterial compliance (Clb). The resistance of the 
ascending aorta (Raa) and descending aorta (Rda) were set to the same value based on 
diameters reported by Menon et al. 2012a. Also, the ratio between the resistances and 
capacitances simulating the upper and lower body systemic arteries was determined by a 
proportionality constant (x). s. With these constraints only 3 parameters (Raa, Rhn, and x) 
were fitted to reported stroke volume, ejection fraction, systolic and diastolic ascending 
aortic pressures, peak ascending aortic flow, and mean and peak aortic blood pressure 
gradients reported by Wendell et al. 2017 as well as the flow split (unpublished data from 
Menon et al. 2012a). 
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Section 2: Tables – Inclusion of upper body parameters into fitting scheme 

Supplemental Table 1: Parameter adjustments for each group when Rhn and Cub were 
included  

Parameter Control CoA Corrected 

Rda 0.594 7.63 + 0.594+ 

h0 0.580 0.841+ 0.748+ 

Raa 0.594 0.418+ 0.509+ 

Rhn 3.48 2.45+ 2.98+ 

Caa 0.100 0.061● 0.038● 

Rub 36.7 45.7● 31.1● 

Rlb 16.0 21.5● 15.6● 

Cub 0.0862 0.0525● 0.0858● 
+ prescribed based on reported differences in measured dimensions 

●fitted based on reported differences in measured hemodynamics 
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Supplemental Table 2: Model results compared to reported experimental measurements 
when Rhn and Cub were included 

Index Control Model 
Z-

score 
CoA Model 

Z-
score 

Corrected Model 
Z-

score 

BPG, mean 
(mmHg) 

3.27 ± 
4.32 

3.76 0.11 
20.1 

± 
4.75 

20.6 0.12 
2.61 ± 
3.46 

4.11 0.43 

BPG, peak 
(mmHg) 

10.8 ± 
7.34 

9.90 -0.12 
31.0 

± 
8.64 

32.0 0.11 
17.0 ± 
4.32 

14.1 -0.67 

SV (mL) 
1.87 ± 
0.53 

1.95 0.15 
1.99 

± 
0.56 

1.89 -0.18 
1.93 ± 
0.26 

2.18 0.95 

EF % 
60.6 ± 
4.82 

60.8 0.04 
66.4 

± 
6.24 

61.6 -0.77 
65.0 ± 
7.88 

68.5 0.45 

Upper/lower 
flow split 

0.30 ± 
0.04 

0.30 0 
0.37 

± 
0.04 

0.37 0.06 
0.33 ± 
0.04 

0.33 -0.01 

Maximum 
AA flow 

(mL/min) 

1435 ± 
110 

1424 -0.10 
1445 

± 
143 

1469 0.17 
1704 ± 

68.3 
1664 -0.22 

AA SBP 
(mmHg) 

67 ± 
7.67 

67.2 0.02 
99 ± 
18.0 

92.4 -0.37 69 ± 8.73 71.0 0.23 

AA DBP 
(mmHg) 

56 ± 
9.79 

57.0 0.10 
74 ± 
25.9 

75.2 0.05 54 ± 10.05 55.1 0.11 

 

Section 3: Circulation Model of Control Group 

 
3.1 Schematic of the circulatory compartment model: 
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Model Compartments 

1: Pulmonary veins (PV) 

2: Left ventricle (LV) 

3: Ascending aorta (AA) 

4: Upper body arteries (UB) 

5: Lower body arteries (LB) 

6: Systemic veins (SV) 

7: Right ventricle (RV) 

8: Pulmonary arteries (PA) 

 

3.2 Allometric scaling: 

Compartments associated with the systemic arteries (AA, UB, LB) had their input 
parameters fitted using a serialized approach (see Methods, Section 2.1). All others were 
allometrically scaled [88]: 

 
𝑌 =  𝑌0 (

𝑀

𝑀0
)
𝑏

 
(S10) 

where Y is the new (rabbit) parameter value, Y0 is the reference (canine) parameter value, M 
is the new (rabbit) mass, M0 is the reference (canine) mass, and b is a scaling exponent. 
Canine masses and parameter values from [51]. Scaling factors from [88, 89] and unit 
analysis. Following is a list of all compartments, their input parameters, and their 
respective governing equations for pressure and flow. 
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3.3 Foundational equations: 

 

(1) Pulmonary veins (PV) 
Inputs 

Name Meaning Value Source 

Rpv Pulmonary 
venous 
resistance 

0.063 mmHg*s/mL 
0.015 

𝑚𝑚𝐻𝑔 ∙ 𝑠

𝑚𝐿
∗ (
3.47 𝑘𝑔

23.4 𝑘𝑔
)

−3
4

 

Cpv Pulmonary 
venous 
capacitance 

0.445 mL/mmHg 
3.0 

𝑚𝑚𝐻𝑔 ∙ 𝑠

𝑚𝐿
∗ (
3.47 𝑘𝑔

23.4 𝑘𝑔
)
1

 

 
Outputs 

Pressure: 

 
𝑃𝑝𝑣(𝑡) =

𝑉𝑝𝑣(𝑡)

𝐶𝑝𝑣
 

(S2) 

Flow: 

 𝑑𝑉𝑝𝑣(𝑡)

𝑑𝑡
=
𝑃𝑝𝑎(𝑡) − 𝑃𝑝𝑣(𝑡)

𝑅𝑝𝑎
−
𝑃𝑝𝑣(𝑡) − 𝑃𝑙𝑣(𝑡)

𝑅𝑝𝑣
∗ (𝑃𝑝𝑣(𝑡) > 𝑃𝑙𝑣(𝑡)) 

(S3) 

 

(2) Left ventricle (LV) 
Inputs 

Name Meaning Value Source 

Ees End-systolic 
elastance 

65.2 mmHg/mL 𝑃𝐸𝑆
𝑉𝐸𝑆 − 𝑉0

=
𝑃𝐸𝑆

(𝑉𝐸𝐷 − 𝑆𝑉) − 𝑉0
 

V0 Unloaded volume 0.188 mL 𝑉𝐸𝐷
2.543

 

B Coefficient for 
EDPVR 

0.35 mmHg [54] 

A Coefficient for 
EDPVR 

1.05 mL-1 1

𝑉𝐸𝐷 − 𝑉0
(ln (

𝑃𝐸𝐷
𝐵
+ 1) 

PES assumed equivalent to systolic blood pressure (67 mmHg) [52] 
PED = 7 mmHg [60] 

VED = SV/EF = 1.87 mL/0.61 = 3.1 mL [52] 
2.54 allometrically scaled [51, 54] 

 
Outputs 

Pressure at end systole: 
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 𝑃𝐸𝑆_𝑙𝑣 = 𝐸𝑒𝑠𝑙𝑣 ∗ (𝑉𝐸𝑆 − 𝑉0) (S4) 

Pressure at end diastole: 

 𝑃𝐸𝐷_𝑙𝑣 = 𝐵𝑙𝑣 ∗ exp[𝐴 ∗ (𝑉𝐸𝐷 − 𝑉0)] − 𝐵𝑙𝑣  (S5) 

Pressure at current time step: 

 𝑃𝑙𝑣(𝑡) = 𝑒(𝑡) ∗ (𝑃𝐸𝑆_𝑙𝑣 − 𝑃𝐸𝐷_𝑙𝑣) + 𝑃𝐸𝐷_𝑙𝑣 
  

(S6) 

where e(t) is a normalized time-varying elastance relationship [57] 

 
Flow: 

 𝑑𝑉𝑙𝑣(𝑡)

𝑑𝑡
=
𝑃𝑝𝑣(𝑡) − 𝑃𝑙𝑣(𝑡)

𝑅𝑝𝑣
∗ (𝑃𝑝𝑣(𝑡) > 𝑃𝑙𝑣(𝑡)) −

𝑃𝑙𝑣(𝑡) − 𝑃𝑎𝑎(𝑡)

𝑅𝑐𝑠
∗ (𝑃𝑙𝑣(𝑡)

> 𝑃𝑎𝑎(𝑡))  

(S7) 

 

(3) Ascending aorta (AA) 
Inputs 

Name Meaning Value Source 

Rcs Characteristic 
systemic 
resistance 

0.709 
mmHg*s/mL 

Fitted using 6 
compartment model 

Raa Ascending 
aortic 
resistance 

0.594 
mmHg*s/mL 

Fitted using 8 
compartment model 

Caa Ascending 
aortic 
capacitance 

0.1 mL/mmHg Fitted using 7 
compartment model 

 
Outputs 

Pressure: 

 
𝑃𝑎𝑎(𝑡) =

𝑉𝑎𝑎(𝑡)

𝐶𝑎𝑎
 

 
(S8) 

Flow: 

 𝑑𝑉𝑎𝑎(𝑡)

𝑑𝑡
=
𝑃𝑙𝑣(𝑡) − 𝑃𝑎𝑎(𝑡)

𝑅𝑐𝑠
∗ (𝑃𝑙𝑣(𝑡) > 𝑃𝑎𝑎(𝑡)) −

𝑃𝑎𝑎(𝑡) − 𝑃𝑢𝑏(𝑡)

𝑅𝑎𝑎 + 𝑅ℎ𝑛

−
𝑃𝑎𝑎(𝑡) − 𝑃𝑙𝑏(𝑡)

𝑅𝑎𝑎 + 𝑅𝑑𝑎
 

 

(S9)  

 
(4) Upper body arteries (UB) 

Inputs 
Name Meaning Value Source 
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Rhn Head and neck 
arterial 
resistance 

3.48 mmHg*s/mL Fitted using 8 
compartment model 

Rub Distal upper 
body arterial 
resistance 

36.7 mmHg*s/mL Fitted using 8 
compartment model 

Cub Upper body 
arterial 
capacitance 

0.0862 
mL/mmHg 

Fitted using 8 
compartment model 

 
Outputs 

Pressure: 

 
𝑃𝑢𝑏(𝑡) =

𝑉𝑢𝑏(𝑡)

𝐶𝑢𝑏
 

 
(S10) 

Flow: 

 𝑑𝑉𝑢𝑏(𝑡)

𝑑𝑡
=
𝑃𝑎𝑎(𝑡) − 𝑃𝑢𝑏(𝑡)

𝑅𝑎𝑎 + 𝑅ℎ𝑛
−
𝑃𝑢𝑏(𝑡) − 𝑃𝑠𝑣(𝑡)

𝑅𝑢𝑏
 

 
(S11) 

 
(5) Lower body arteries (LB) 

Inputs 
Name Meaning Value Source 

Rda Descending 
aortic 
resistance 

0.594 
mmHg*s/mL 

Fitted using 8 
compartment model 

Rlb Distal lower 
body arterial 
resistance 

16.0 mmHg*s/mL Fitted using 8 
compartment model 

Clb Lower body 
arterial 
capacitance 

0.197 mL/mmHg Fitted using 8 
compartment model 

 
Outputs 

Pressure: 

 
𝑃𝑙𝑏(𝑡) =

𝑉𝑙𝑏(𝑡)

𝐶𝑙𝑏
 

 
(S12) 

Flow: 

 𝑑𝑉𝑙𝑏(𝑡)

𝑑𝑡
=
𝑃𝑎𝑎(𝑡) − 𝑃𝑙𝑏(𝑡)

𝑅𝑎𝑎 + 𝑅𝑑𝑎
−
𝑃𝑙𝑏(𝑡) − 𝑃𝑠𝑣(𝑡)

𝑅𝑙𝑏
 

 
(S13) 

 
(6) Systemic veins (PV) 

Inputs 
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Name Meaning Value Source 

Rsv Systemic venous 
resistance 

0.063 mmHg*s/mL 
0.015 

𝑚𝑚𝐻𝑔 ∙ 𝑠

𝑚𝐿
∗ (
3.47 𝑘𝑔

23.4 𝑘𝑔
)

−3
4

 

Csv Systemic venous 
capacitance 

2.52 mL/mmHg 
17.0 

𝑚𝑚𝐻𝑔 ∙ 𝑠

𝑚𝐿
∗ (
3.47 𝑘𝑔

23.4 𝑘𝑔
)
1

 

Outputs 
Pressure: 

 
𝑃𝑠𝑣(𝑡) =

𝑉𝑠𝑣(𝑡)

𝐶𝑠𝑣
 

 
(S14) 

 

Flow: 

 𝑑𝑉𝑠𝑣(𝑡)

𝑑𝑡
=
𝑃𝑢𝑏(𝑡) − 𝑃𝑠𝑣(𝑡)

𝑅𝑢𝑏
+
𝑃𝑙𝑏(𝑡) − 𝑃𝑠𝑣(𝑡)

𝑅𝑙𝑏
−
𝑃𝑠𝑣(𝑡) − 𝑃𝑟𝑣(𝑡)

𝑅𝑠𝑣
∗ (𝑃𝑠𝑣(𝑡) > 𝑃𝑟𝑣(𝑡))  

(S15) 

   

(7) Right ventricle (RV) 
Inputs 

Name Meaning Value Source 

Ees End-systolic 
elastance 

27.9 mmHg/mL 
𝐸𝑒𝑠𝐿𝑉 ∗ (

3

7
) 

V0 Unloaded volume 0.188 mL Same as LV 

B Coefficient for 
EDPVR 

0.15 mmHg 
𝐵𝐿𝑉 ∗ (

3

7
) 

A Coefficient for 
EDPVR 

1.05 mL-1 Same as LV 

(3/7) factor from [55] 

 
Outputs 

Pressure at end systole: 

 𝑃𝐸𝑆_𝑟𝑣 = 𝐸𝑒𝑠𝑟𝑣 ∗ (𝑉𝐸𝑆 − 𝑉0) (S16) 

Pressure at end diastole: 

 𝑃𝐸𝐷_𝑟𝑣 = 𝐵𝑟𝑣 ∗ exp[𝐴 ∗ (𝑉𝐸𝐷 − 𝑉0)] − 𝐵𝑟𝑣  (S17) 

Pressure at current time step: 

 𝑃𝑟𝑣(𝑡) = 𝑒(𝑡) ∗ (𝑃𝐸𝑆_𝑟𝑣 − 𝑃𝐸𝐷_𝑟𝑣) + 𝑃𝐸𝐷_𝑟𝑣 
  

(S18) 

where e(t) is a normalized time-varying elastance relationship [57] 
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Flow: 

 𝑑𝑉𝑟𝑣(𝑡)

𝑑𝑡
=
𝑃𝑠𝑣(𝑡) − 𝑃𝑟𝑣(𝑡)

𝑅𝑠𝑣
∗ (𝑃𝑠𝑣(𝑡) > 𝑃𝑟𝑣(𝑡)) −

𝑃𝑟𝑣(𝑡) − 𝑃𝑝𝑎(𝑡)

𝑅𝑐𝑝

∗ (𝑃𝑟𝑣(𝑡) > 𝑃𝑝𝑎(𝑡))  

(S19) 

 

(8) Pulmonary arteries (PA) 
Inputs 

Name Meaning Value Source 

Rcp Characteristic 
pulmonary 
resistance 

0.251 mmHg*s/mL 
0.06 

𝑚𝑚𝐻𝑔 ∙ 𝑠

𝑚𝐿
∗ (
3.47 𝑘𝑔

23.4 𝑘𝑔
)

−3
4

 

Rpa Pulmonary 
arterial 
resistance 

1.26 mmHg*s/mL 
0.3 

𝑚𝑚𝐻𝑔 ∙ 𝑠

𝑚𝐿
∗ (
3.47 𝑘𝑔

23.4 𝑘𝑔
)

−3
4

 

Cpa Pulmonary 
arterial 
capacitance 

0.297 mL/mmHg 
2.0 

𝑚𝑚𝐻𝑔 ∙ 𝑠

𝑚𝐿
∗ (
3.47 𝑘𝑔

23.4 𝑘𝑔
)
1

 

 
Outputs 

Pressure: 

 
𝑃𝑝𝑎(𝑡) =

𝑉𝑝𝑎(𝑡)

𝐶𝑝𝑎
 

 

(S20) 

Flow: 

 𝑑𝑉𝑝𝑎(𝑡)

𝑑𝑡
=
𝑃𝑟𝑣(𝑡) − 𝑃𝑝𝑎(𝑡)

𝑅𝑐𝑝
∗ (𝑃𝑟𝑣(𝑡)

> 𝑃𝑝𝑎(𝑡)) −
𝑃𝑝𝑎(𝑡) − 𝑃𝑝𝑣(𝑡)

𝑅𝑝𝑎
 

 

(S21) 

 

 

3.4 Initial volumes:  

 
𝑉𝑎𝑎 = 0.5 ∗

𝑆𝐵𝑉

6
 

 
(S22) 

 
𝑉𝑢𝑏 , 𝑉𝑙𝑏 = 0.25 ∗

𝑆𝐵𝑉

6
 

 
(S23) 

 
𝑉𝑝𝑣, 𝑉𝑙𝑣, 𝑉𝑠𝑣, 𝑉𝑟𝑣, 𝑉𝑝𝑎 =

𝑆𝐵𝑉

6
 

 
(S24) 

where SBV is circulatory stressed blood volume. Once initial volumes are determined, 
initial pressures for each compartment can be calculated. Then, volumes and pressures 
are iteratively solved for throughout the cardiac cycle using a 4th order Runge-Kutta method 
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with a fixed timestep of 0.0001 s until steady state has occurred, defined as volumes at the 
beginning and end of the cardiac cycle being within 0.05 mL of each other. 

 

 

 

  



299 

 

 

 

APPENDIX TO CHAPTER 4 
 

 

Figure S1: (A) Heart rate computed from scaling using an exponent of b = -1/4, an adult 

reference weight of 70 kg, and an adult reference heart rate of 70 beats/min, compared to the 

reported median heart rate for children aged 0-3 years [32]. Dashes lines indicate mean values 

for reported data. Dotted lines indicate the 10th and 90th percentiles for reported data. The 

reported median heart rate from Fleming et al. was inputted directly into the model. 

(B) Heart rates for 50th, 10th, and 90th percentile infant weight. 10th and 90th percentile heart 

rates were scaled from Fleming et al. using an exponent of b = -1/4 and the 50th percentile 

infant weights as reference.   
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Figure S2: (A) Systemic systolic, (B) systemic diastolic, (C) pulmonary systolic, (D) pulmonary 

diastolic blood pressures for the first three years of life for a median-weight infant, compared to 

reported measurements [40-44]. In the studies referenced, MAP was measured using a blood 

pressure cuff, therefore comparable model pressures were from the upper body arteries 

compartment. MPAP was measured in the main pulmonary artery by Doppler echocardiography 

[44] and cardiac catheterization [43], thus model pressures shown were from the main pulmonary 

artery compartment. Error bars on data indicate 10th and 90th percentiles [40], 5th and 95th 

percentiles [41,42], or one standard deviation [43-44]. SBP, systolic blood pressure; DBP, diastolic 

blood pressure.  
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Figure S3: Simulated (A) systemic and (B) pulmonary mean arterial pressures throughout the 

first three years of life for an infant at 10th, 50th, and 90th percentile weight trajectories 

compared to reported measurements [40-45]. In the studies referenced, MAP was measured 

using a blood pressure cuff, therefore comparable model pressures were from the upper body 

arteries compartment. MPAP was measured in the main pulmonary artery by Doppler 

echocardiography [43,44] and cardiac catheterization [45], thus model pressures shown were 

from the main pulmonary artery compartment. Measurements from Qi et al. were from the sea-

level cohort only. Error bars on data indicate 10th and 90th percentiles [40], 5th and 95th percentiles 

[41,42], or one standard deviation [43-45]. MAP, mean arterial pressure; MPAP, mean pulmonary 

arterial pressure.  
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Figure S4: (A) Maximum left atrial volume, (B) left ventricular end-systolic volume, (C) right 

ventricular end-diastolic volume, and (D) right ventricular end-systolic volume for infants having 

a 10th, 50th, and 90th percentile weight trajectory for the first three years of life, compared to 

reported measurements [48-53]. Dotted lines indicate ± two standard deviations [49,50], ± one 

standard deviation [52], 10th and 90th percentiles [48, 51], or 95% confidence interval [53]. LA, left 

atrium; LV, left ventricle; RV, right ventricle; ED, end diastole; ES, end systole. 
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Figure S5: (A) Left ventricular end-systolic thickness and (B) right ventricular end-diastolic 

thickness for infants having a 10th, 50th, and 90th percentile weight trajectory for the first three 

years of life, compared to reported measurements [45,56,74]. Measurements from Qi et al. were 

from the sea-level cohort only. Dotted lines indicate 10th and 90th percentiles [56] or 5th and 95th 

percentiles [74]. Error bars on data indicate ± one standard deviation [45]. LV, left ventricle; RV, 

right ventricle; ES, end systole; ED, end diastole. 
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Figure S6: Simulated maximum left atrial volume for the first three years of life for a median-

weight infant compared to reported measurements [46-48]. Dashed lines indicate mean values 

for reported data. Dotted lines indicate the 10th and 90th percentiles for reported data. 
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Figure S7: Comparison of normal (blue), standard coarctation (red), and coarctation with 
left ventricular fibrosis (green) simulations for (A) left ventricular thickness at end diastole, 
(B) left ventricular volume at end diastole, (C) systolic systemic pressure and (D) diastolic 
systemic pressure compared to reported control and coarctation measurements [36,37]. 
Fibrosis was simulated by gradually increasing stiffness material parameter b to a maximum 
of 20% over baseline. Error bars indicate ± one standard deviation. LV, left ventricle; RV, right 
ventricle; ED, end diastole; SBP, systolic blood pressure; DBP, diastolic blood pressure. 
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Table S1: Baseline Parameter Values for Eight-Compartment Model of Healthy 70 kg Adult Human  

Heart Parameters 

Parameter LA and RA LV RV 

End-systolic 

Elastance (Ees), 

mmHg/mL 0.69 (Hay 2005) 

5.71 (Witzenburg 

2018) 

2.45 (Witzenburg 

2018) 

Unloaded Volume 

(V0), mL 17.5 (Hay 2005) 

52.5 (Witzenburg 

2018) 

52.5 (Witzenburg 

2018) 

Scaling factor for 

EDPVR (B), mmHg 0.60 (Hay 2005) 

0.18 (Witzenburg 

2018) 

0.08 (Witzenburg 

2018) 

Exponent for 

EDPVR (A), mL-1 0.048 (Hay 2005) 

0.030 (Witzenburg 

2018) 

0.030 (Witzenburg 

2018) 

Time to end systole 

(Tes), ms 

130 (Kaye 2014, 

Morley 2007) 

200 (Kaye 2014, 

Morley 2007) 

200 (Kaye 2014, 

Morley 2007) 

  MV TV 

Valve Resistance 

(RTV/RMV), 

mmHg*s/mL 0.0025 (Kaye 2014, Morley 2007) 

0.0025 (Kaye 2014, Morley 

2007) 

Circulation Parameters 

Heart Rate (HR), 

beats/min 70 (Morley 2007) 

Stressed Blood 

Volume (SBV), mL 880 (Kaye 2014) 

Atrioventricular 

Delay (AVdelay), ms 160 (Kaye 2014, Morley 2007) 

  Pulmonic Systemic 

Characteristic 

Resistance 

(RCP/RCS), 

mmHg*s/mL 0.002 (Witzenburg 2018) 0.012 (Witzenburg 2018) 

Vascular 

Resistance 
0.04 (Kaye 2014) 0.58 (Witzenburg 2018) 
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(PVR/SVR), 

mmHg*s/mL 

Venous Resistance 

(RVP/RVS), 

mmHg*s/mL 0.006 (Santamore 1991) 0.006 (Santamore 1991) 

Vascular 

Capacitance 

(CAP/CAS), 

mL/mmHg 4.1 2.5 

Venous Capacitance 

(CVP/CVS), 

mL/mmHg 10.5 (Santamore 1991) 59.5 (Santamore 1991) 

Table S1: Reference parameters for the eight-compartment model. LA, left atria; RA, right atria; 

LV, left ventricle; RV, right ventricle; MV, mitral valve; TV, tricuspid valve; EDPVR, end-diastolic 

pressure-volume relationship. Most parameters were taken from literature or scaled from 

healthy adult dogs weighing ~20kg. However, arterial resistances were fitted such that all 

systemic and pulmonary blood pressures were within normal ranges. Systemic arterial 

pressures: 70, 93/58 mmHg, pulmonary arterial pressures: 13, 22/8 mmHg (mean, 

systolic/diastolic).  
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Table S2: Scaling Factor for Model Parameters 

Parameter Units Scaling Factor 

End-systolic Elastance (Ees) mmHg/mL -1 

Unloaded Volume (V0)  mL 1 

Scaling factor for EDPVR (B) mmHg 0 

Exponent for EDPVR (A) 1/mL -1 

Fraction of Cardiac Cycle in Systole (Tmax_percent)   -0.07 

Resistance (R) mmHg*s/mL - 3/4 

Capacitance (C) mL/mmHg 1 

Stressed Blood Volume (SBV) mL 1 

Product of Atrioventricular Delay and Heart Rate (Tmax)   0 

Table S2: Allometric scaling factors. Fraction of the cardiac cycle in systole and the product of 

atrioventricular delay and heart rate are unitless. 
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APPENDIX TO CHAPTER 5 
Table S1: Categorical variable comparisons between groups 

Metric Category Non-
Physiologic 

n 

Success 
n 

Failure 
n 

Non-
Physiologic 
vs Success 

p-value 

Non-
Physiologic 

vs Failure 
p-value 

Success 
vs Failure 

p-value 

Mitral valve 
regurgitation 

Absent 906 173 245 0.001 < 0.001 < 0.001 

 Mild 860 237 234 0.241 < 0.001 0.47 
 Moderate 888 269 171 0.002 1 0.007 
 Severe 1010 224 89 0.283 < 0.001 < 0.001 
Aortic valve 
regurgitation 

Absent 836 233 236 0.173 < 0.001 0.0186 

 Mild 916 204 232 0.396 < 0.001 < 0.001 
 Moderate 958 234 169 1 0.188 0.461 
 Severe 954 232 102 1 < 0.001 < 0.001 
Tricuspid 
valve 
regurgitation 

Absent 899 253 234 0.093 < 0.001 0.323 

 Mild 833 235 195 0.109 0.097 1 
 Moderate 952 238 179 1 0.953 0.968 
 Severe 980 177 131 < 0.001 < 0.001 0.999 
Mitral valve 
stenosis 

Absent 933 329 112 < 0.001 < 0.001 < 0.001 

 Mild 872 359 126 < 0.001 < 0.001 < 0.001 
 Moderate 823 174 319 0.113 < 0.001 < 0.001 
 Severe 1036 41 182 < 0.001 0.130 < 0.001 
Aortic valve 
stenosis 

Absent 710 278 263 < 0.001 < 0.001 0.118 

 Mild 800 346 227 < 0.001 < 0.001 0.004 
 Moderate 999 212 160 0.063 0.005 1 
 Severe 1155 67 89 < 0.001 < 0.001 0.004 
Shunt type None 1262 287 271 0.391 0.738 0.112 
 RVPA 1090 312 299 0.015 < 0.001 0.041 
 mBTT 1312 304 169 0.684 < 0.001 < 0.001 
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Table S2: Categorical variables, intragroup comparisons 

Metric Category Non-Physiologic 
p-value 

Success p-
value 

Failure p-
value 

Mitral valve 
regurgitation 

Absent vs Mild 1 0.002 1 

 Absent vs 
Moderate 

1 < 0.001 < 0.001 

 Absent vs 
Severe 

0.034 0.023 < 0.001 

 Mild vs 
Moderate 

1 0.562 0.001 

 Mild vs Severe < 0.001 1 < 0.001 
 Moderate vs 

Severe 
0.007 0.105 < 0.001 

Aortic valve 
regurgitation 

Absent vs Mild 0.171 0.666 1 

 Absent vs 
Moderate 0.006 1 < 0.001 

 Absent vs 
Severe 0.008 1 < 0.001 

 Mild vs 
Moderate 1 0.597 0.001 

 Mild vs Severe 1 0.742 < 0.001 
 Moderate vs 

Severe 1 1 < 0.001 

Tricuspid valve 
regurgitation 

Absent vs Mild 0.417 1 0.152 

 Absent vs 
Moderate 

0.925 1 0.009 

 Absent vs 
Severe 

0.181 < 0.001 < 0.001 

 Mild vs 
Moderate 

0.007 1 1 

 Mild vs Severe < 0.001 0.007 < 0.001 
 Moderate vs 

Severe 
1 0.004 0.013 

Mitral valve 
stenosis 

Absent vs Mild 0.589 0.876 1 

 Absent vs 
Moderate 

0.016 < 0.001 < 0.001 

 Absent vs 
Severe 

0.040 < 0.001 < 0.001 
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 Mild vs 
Moderate 

1 < 0.001 < 0.001 

 Mild vs Severe < 0.001 < 0.001 0.002 
 Moderate vs 

Severe 
< 0.001 < 0.001 < 0.001 

Aortic valve 
stenosis 

Absent vs Mild 0.056 0.005 0.280 

 Absent vs 
Moderate 

< 0.001 0.003 < 0.001 

 Absent vs 
Severe 

< 0.001 < 0.001 < 0.001 

 Mild vs 
Moderate 

< 0.001 < 0.001 < 0.001 

 Mild vs Severe < 0.001 < 0.001 < 0.001 
 Moderate vs 

Severe 
< 0.001 < 0.001 < 0.001 

Shunt type None vs RVPA < 0.001 0.634 0.404 
 None vs mBTT 0.663 1 < 0.001 
 RVPA vs mBTT < 0.001 1 < 0.001 

 

 


