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Abstract 

Investigating Potentially Arrhythmogenic Atrial Substrate using Computational Simulations and 
Explainable Machine Learning 

 

Savannah Bifulco 

Chair of the Supervisory Committee: 

Patrick Boyle 

Department of Bioengineering 

 

This dissertation discusses applications of computational simulations and explainable machine 

learning (xML) on the mechanistic understanding of arrhythmogenic atrial substrate. We review 

the current understanding of atrial arrhythmia mechanisms in Chapter 1. Then, we explore how 

computational simulations, in highly detailed patient-specific atrial models derived from late 

gadolinium enhanced (LGE) magnetic resonance imaging (MRI) scans, and machine learning 

give rise to new frontiers of clinical treatment in Chapter 2. In Chapter 3, we aim to understand 

the absence of arrhythmia in patients who suffered an embolic stroke of undetermined source 

(ESUS) despite the presence of putatively pro-arrhythmic fibrosis. We reconstructed patient-

specific atrial models from ESUS and atrial fibrillation (AFib) patients then assessed the 

arrhythmogenic capacity of the fibrotic substrate. Analyzing the reentrant drivers in each 

subpopulation revealed that the intrinsic pro-arrhythmic substrate properties of fibrosis were 

indistinguishable between ESUS and AFib patients. In our second aim, we investigate the 

synergy between ablation-induced scar and native fibrosis in atrial models of persistent AFib 

patients. We reconstructed pre- and post-ablation models to assess AFib inducibility. We 

classified simulated arrhythmia episodes and determined that pre-ablation models were more 

likely to harbor rotor-like activity, while post-ablation models were more likely to harbor 
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anchored reentry around ablation lesions, veins, or valves. We then developed an xML 

algorithm to predict and quantify the spatial properties of arrhythmogenic scar regions (Chapter 

4). Our third aim is to use xML techniques to distinguish populations of patients at risk for 

recurrent arrhythmias from those who will remain arrhythmia free following ablation. We 

identified the key population-level and patient-specific level risk factors for post-ablation 

recurrence. The explainable aspect of our approach allowed us to understand why a particular 

patient can have large prediction weights for some risk factors without tipping the balance 

towards an incorrect prediction. We thus present a comprehensive clinical tool to explain patient 

recurrence risk by combining patient-specific clinical profiles and left atrial pre/post-ablation 

substrate patterns via an explainable classifier (Chapter 5). In conclusion, this dissertation 

showcases the potential of computational simulations and xML in advancing our understanding 

of arrhythmogenic atrial substrate and its implications for clinical practice. The findings highlight 

the importance of patient-specific modeling, the role of fibrosis in arrhythmia susceptibility, the 

impact of ablation on arrhythmia inducibility, and the predictive capabilities of xML techniques in 

assessing catheter ablation outcomes. By integrating these approaches, this research offers 

valuable insights for risk assessment, personalized treatment strategies, and the development 

of comprehensive clinical tools for the management of atrial arrhythmias. 
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Chapter 1. Current Understanding of Atrial Arrhythmia 

Mechanisms 

1.1. Brief summary 

The first chapter of this dissertation provides an overview of arrhythmias, a broad spectrum of 

disorders characterized by irregular heart and rhythm. Atrial arrhythmias are associated with 

high morbidity risks, yet their underlying mechanisms remain poorly understood. This chapter 

discusses the current understanding of arrhythmia mechanisms through the lens of 

experimental and computational work and current therapy options for patients. By delving into 

these aspects, this chapter sets the foundation for further investigation into the complexities of 

arrhythmia and potential advancements in treatment strategies.  

1.2. Introduction 

Currently, arrhythmias are associated with substantial morbidity and economic costs. Atrial 

fibrillation (AFib) alone affects an estimated 46.3 million people worldwide (1). Current research 

supports the hypothesis that initiation and maintenance of AFib require pathophysiological 

remodeling of the atria. This pathophysiological remodeling of AFib encompasses various 

aspects, including alterations in cellular electrophysiology, tissue heterogeneity, and disease-

associated remodeling of the cell and tissue. These components contribute to creating an AFib-

prone substrate which is able to generate unique electrical phenomena including a rapidly firing 

focus and/or complex re-entrant circuits/rotors. Finally, we discuss AFib therapy, including 

pharmacotherapy and surgical interventions.  

1.2 Arrhythmias  

Arrhythmia, at its most simplistic definition, is an abnormal rhythm of the heart. In a healthy 

heart, an impulse (i.e., an action potential) is generated from specialized cells in the right atrium 

in the sinoatrial node, called pacemaker cells. These initiate an action potential that results in an 
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electrical impulse that travels through the atria. Subsequently, it reaches the atrioventricular 

node where conduction is temporarily delayed before passing through the bundle of His and 

eventually through the Purkinje fibers. Any deviation from this conduction pattern is considered 

an arrhythmia.  

Arrhythmias can be sub-classified into tachyarrhythmias or bradyarrhythmias. Bradyarrhythmias 

are defined as heart rates below 60 beats per minute and can include atrioventricular block, 

sinus node dysfunction, or sinus bradycardia (2). Tachyarrhythmias, on the other hand, are 

characterized by heart rates above the normal range and can be categorized based on their 

origin. Ventricular tachycardias originate below the atrioventricular node and include ventricular 

fibrillation, premature ventricular beats and sustained/non-sustained ventricular tachycardia (3). 

Supraventricular tachycardias, on the other hand, originate above the atrioventricular node and 

include atrioventricular re-entrant tachycardia, atrioventricular nodal re-entrant tachycardia, 

atrial premature complexes, atrioventricular junctional extrasystoles, atrial tachycardia, atrial 

flutter (AFL), and AFib (4). Of these arrhythmias, this dissertation discusses primarily AFL and 

AFib.  

Each arrhythmia listed above can be diagnosed via an electrocardiogram (ECG), with most 

arrhythmias having a unique discernible ECG signature. AFL presents as a rapid but regular 

beat with a saw-tooth appearance of the P-wave, a part of the ECG signature associated with 

atrial activation. AFib on the other hand, presents as an irregular pattern of rapid beating with no 

discernible P-wave. Management of these two arrhythmias is similar, yet the goal of therapy for 

AFL is primarily rate-control centric (see 1.5 Therapies for patients with AFib).  

1.3 Proposed Mechanisms of AFib 

The action potential, discussed previously as the electrical stimulation originating in the 

sinoatrial node, is determined by the opening and closing of various transmembrane proteins, 
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including ion channels and transporters. In general, the cardiac action potential is divided into 

five distinct phases: fast depolarization (Phase 0), a transient repolarization (Phase 1), long-

lasting plateau (Phase 2), large repolarization toward the diastolic potential (Phase 3), and 

return to resting membrane potential (Phase 4) (Figure 1.1A). Phase 0 is generated by an 

abrupt increase in sodium influx through INa channels into the cell, causing resting membrane 

potential to rapidly increase from the negative resting membrane potential to positive voltage 

values (approximately +30 to +40mV). Following this depolarization, a short repolarization 

occurs as a result of Ito, often referred to as a notch. The plateau-phase (Phase 2) is 

characterized by simultaneous calcium influx (CaL) and potassium efflux (IKs). The repolarization 

phase is largely driven by increased potassium efflux (including the IKs, IKr, and IK1 currents). 

During phases 1, 2 and 3, the cell exists in a state of refractoriness, where the cell is unable to 

be re-excited, a phenomenon primarily driven by the inactivation of INa channels. Finally, the cell 

returns to resting membrane potential, mainly defined by inwardly rectifying potassium channels 

(Figure 1.1A). The resting membrane potential can be estimated by the Nernst equation 

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑅𝑅𝑅𝑅
𝑛𝑛𝑛𝑛

ln ([𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼]𝑜𝑜
[𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼]𝑖𝑖

) Equation 1 

Where R is the universal gas constant (8.314 J/(mol*K)), T is temperature in K, n is ion valence, 

F is the Faraday constant (96480 C/mol), Iion is the concentration of the ion inside and outside of 

the cell.  

While the exact etiology of AFib is unknown, disturbances in action potential generation and/or 

conduction play a central role. Current evidence demonstrates that AFib typically requires a 

trigger for initiation (i.e., a rapidly firing ectopic foci) and a vulnerable electrophysiological and/or 

anatomical substrate for maintenance, thought to be driven by reentrant drivers (RDs) (5).  



12 
 

Figure 1.1 Summary of potential cell-scale mechanisms of AFib. (A) Description of active ion 
channels during each phase of the action potential and action potential morphology changes during atrial 
fibrillation (dashed line). (B) Schematic of cardiomyocytes couples by gap junctions as determinants of 
conduction velocity. Reproduced from (6) with permission.  

Electrical foci play a pivotal role in AFib and are often characterized by deep venous origin and 

rapid, unpredictable firing. While ectopic beats are commonly confined to the pulmonary veins, 

there is evidence that triggered activity can exist in other regions of the left and right atrium (7). 

Largely, ectopic foci are believed to play a primary role in the initiation of AFib, providing a 

proverbial “spark” to a susceptible substrate (i.e. the “tinder”). However, there is evidence that 

these paroxysms initiated by discharges from one or multiple sources produce progressive 

pathologic changes in the atrial substrate that lead to self-perpetuation of AFib (8). From a 

clinical standpoint, this signifies the transition from paroxysmal atrial fibrillation (PxAF), 

characterized by intermittent episodes sustained primarily by ectopic foci, to persistent atrial 

fibrillation (PsAF), a more persistent disease state believed to be sustained by reentrant drivers 

(RDs). 
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The simplest form of an RD is described by the ‘leading circle model’, described by Allessie et 

al. in 1977 (9). In this model, shown in Figure 1.2B, a wavefront circles around refractory tissue 

that is maintained by constantly emanating centripetal wavelets from the primary wavefront. 

Recent research has suggested that spiral waves, which are a specific type of functional reentry 

may be critical in understanding AFib maintenance. Unlike the leading circle model, spiral 

waves exhibit variable wavefront velocity due to complex current source-sink mismatch at the 

core, also known as the phase singularity. This tissue core becomes effectively inexcitable, 

forming an area of functional block similar to the center of the ‘leading circle’ model. A spiral 

wave has the ability to move through space and under certain circumstances can meander in 

various complex forms (10, 11).  

RDs can form when a wavefront interacts with some form of barrier, either due to a structural 

obstacle such as a scar or functional myocardial electrical inhomogeneity or anisotropy. This 

idea has been explored both theoretically (12) and experimentally (13). As a wavefront passes 

through a barrier it can bend and break into daughter wavelets, which can induce multiple 

disorganized waves leading to the chaotic atrial activation associated with AFib (14). Tissue 

anisotropy is also likely to be a critical determinant of rotor formation, similarly causing 

wavefronts to bend and initiate spiral wave reentry around a functionally inexcitable core. Thus, 

rotor formation requires areas of non-uniformity due to tissue heterogeneity or delivery of 

premature stimuli in the form of ectopic foci. In this dissertation, RDs are defined as one or 

several patient-specific localized sources of fast, repetitive activity from which activation 

propagates and breaks down into fibrillatory conduction in the rest of the atria. 

It is still intensely debated whether the sustaining mechanism of AFib is localized AFib drivers 

(i.e., reentrant drivers) or if it involves self-replicating wavelets traversing across the entire atrial 

myocardium (15). Due to the transmural complexity of the atrial wall, it is difficult to observe 

reentries in a patient using current technology. Nevertheless, it is widely believed reentrant 
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drivers can exist on many spatial scales around a site of anatomical or functional block. In other 

words, reentry can exist anywhere from a macro-scale (i.e., around a non-conductive vein, valve 

or scar) to a micro-scale reentrant (i.e., localized reentry) circuit (16) with a refractory or slow-

conducting core (Figure 1.2). Overall, recent computational and experimental data support the 

idea that reentrant drivers are critical to sustaining AFib (17).  

 

Figure 1.2. Examples of reentrant drivers. (A) Schematic of a re-entrant driver around an anatomic 
barrier (i.e., ablation-delivered scar, valve, or vein ostia), where the wavelength (black) is shorter than the 
pathlength, allowing for an excitable gap (white). (B) A reentrant driver based on leading reentry with a 
functionally refractory core, due to continuous feeding of electrical activation toward the center. (C) A 
schematic of a spiral wave with a phase singularity at the point where the wavefront and the wavetail 
meet. Partially reproduced from (10) with permission. 

Complex fractionated atrial electrograms (CFAEs) are considered possible drivers of AFib. 

CFAEs may arise from a variety of factors, including the presence of multiple wavelets, slow 

conduction, local reentry, autonomic innervation, sites of fibrillatory conduction, or most likely a 

combination of these factors (18). However recent research suggests that mapping and ablation 

of complex fractionated atrial electrograms might be becoming obsolete due to poor outcomes 

in favor of better AFib-promoting region identification (19).  

Broadly, ectopic-triggered activity and rotors/RDs are generally thought to arise from structural, 

electrical, and autonomic remodeling. Electrical remodeling occurring in myocytes is a highly 
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characterized mechanism of AFib. Altered ionic currents, primarily L-type Ca2+ and inward 

rectified K+, play a significant role as they can drastically alter action potential morphology. Gap 

junction function, specifically connexins 40 and 43, which can affect conduction velocity and 

conduction heterogeneity have also been linked to AFib (20). Additionally, altered calcium 

handling can lead to delayed afterdepolarizations, which in turn contribute to formation of 

ectopic foci and thus initiation of AFib (21). Increased K+ currents which alter the resting 

potential can also lead to reduced atrial refractoriness and wavelength (22, 23). Autonomic 

dysfunction in AFib is characterized by increased sympathetic activity and autonomic changes. 

It has been suggested that the increased sympathetic activity leads to heterogeneous changes 

in atrial refractoriness which in turn favor reentrant waves (24). Finally, aspects of structural 

remodeling, such as atrial size, the cellular ultrastructure, and changes in tissue properties (i.e., 

fibrosis), predispose the atria to defects in conduction primarily leading to reentry formation and 

perpetuation. Increased atrial size has been known to promote AFib via additional area 

available for rotor formation (25) or by indirectly affecting tissue properties such as atrial stretch 

(26). Fibrosis is a salient feature of a majority of computational models of AFib and has been a 

focus in recent research surrounding AFib, including this dissertation.  

1.4 Role of Fibrosis 

Atrial fibrosis can result from various factors including aging, myocardial infarction, volume 

overload, endurance training, or a variety of other potential sources. It has been independently 

associated with the likelihood of recurrent arrhythmias, suggesting an empirical link between 

AFib and fibrosis (27). Late gadolinium enhanced (LGE)-MRI is a widely used method for 

assessing the degree of fibrosis in the left atrium (LA), allowing for visualization of gadolinium 

contrast accumulation in tissues with increased extracellular space. LGE-MRI serves as a 

standard of reference for evaluation of myocardial fibrosis. The degree of left atrial (LA) fibrosis, 

as estimated by LGE-MRI, can predict the success of catheter ablation (see 1.5 Therapies for 
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patients with AFib) at up to 5 years post-procedure. As such, fibrosis is increasingly recognized 

as a key determiner of disease severity.  

Several specific profibrotic signaling molecules are associated with atrial fibrosis and by 

extension AFib, including Angiotensin II (28), aldosterone (29), and TGF-β1 (30). Angiotensin II 

and aldosterone stimulate fibroblast proliferation and collagen synthesis, contributing to the 

development of fibrosis (31). TGF- β1 is also a potent stimulator of collagen-producing cardiac 

fibroblasts (32).  

Fibrotic tissue acts as a promoter for AFib through various mechanisms. In general, the impact 

of fibrosis in arrhythmogenesis is governed by the extent of disruption in electrical connections 

between cardiomyocytes (33). This disruption involves the loss or partial redistribution of gap 

junctions at the intercalated discs at the ends of myocytes (34). This reduced coupling leads to 

areas of slowed conduction or conduction block, thus acting as prime substrate for RDs. In 

addition, when gap junction conductance becomes too low, propagation can no longer be 

mediated by the sodium current, which inactivates before sufficient charge can flow into 

adjacent unexcited myocytes to bring them to their activation threshold (35). In this case, the 

more slowly inactivating L-type Ca current mediates propagation, but with a dramatically slower 

conduction velocity. Fibrosis is also suspected to promote ectopic activity by disrupting electrical 

connections, enabling aberrant cells to overcome source-sink mismatch and propagate ectopic 

signals into the surrounding healthy myocardium (36). Fibrosis is also intricately linked to 

inflammatory processes, as chronic inflammation triggered by oxidative stress, cytokines, and 

immune cell infiltration initiates and perpetuates fibrotic pathways in atrial tissue (37). In addition 

to disrupting electrical conduction, fibrosis can lead to reduced mechanical function in the atria. 

Fibrotic tissue is less compliant and exhibits impaired contractility (38), which may contribute to 

complications associated with AFib, such as stroke (39).  
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The relationship between AFib and fibrosis can be explored using patient-specific models, such 

as those based on LGE-MRI. These models have provided additional evidence supporting the 

connection between fibrosis and AFib, demonstrating that individuals with significant remodeling 

exhibit re-entrant drivers that persist at boundaries between fibrotic and non-fibrotic tissue, 

contributing to the perpetuation of AFib (40). Re-entrant drivers observed in modeling studies 

agree reasonably well with those observed by intracardiac mapping (41) and body surface 

mapping (42). In the past few years, the understanding of the role of fibrosis in maintaining 

persistent AFib has led to several computational studies aimed at elucidating how the 

remodeled atrial structure defines AFib dynamics (40, 43, 44).  

1.5 Therapies for patients with AFib  

The management of AFib encompasses various therapies aimed at restoring and maintaining 

normal heart rhythm, controlling heart rate and preventing stroke. These strategies pay a crucial 

role in improving the quality of life for individuals with AFib.  

First-line treatment involves addressing reversible risk factors such as hyperthyroidism or 

alcohol consumption, if applicable, and initiating anti-arrhythmic drug therapy. There are three 

major arms of drug treatment in AFib: rhythm control, rate control, and stroke prevention. 

Rhythm control aims to restore sinus rhythm using class I or class III anti-arrhythmic drugs. 

Class I drugs exert their effects primarily by blocking sodium channels to reduce the rate of the 

rise of the action potential and reduce overall excitation, while class III blocks potassium 

channels by prolonging the action potential duration to delay conduction (45). On the other 

hand, rate control therapy is aimed at lowering the heart rate. β-blockers are the preferred 

agents, also referred to as class II anti-arrhythmic drugs. Class IV anti-arrhythmics, or non-

dihydropyridine calcium channel blockers can also be used, depending on the individual’s 

characteristics or preferences. Finally, stroke prevention in patients with AFib is critical as these 

individuals are approximately five times more likely to have a stroke compared to healthy 
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individuals (46). Anticoagulant therapy is highly recommended in preventing strokes for most 

AFib patients, but the decision can be aided by risk assessment schemes such as the 

CHA2DS2-VASc score. Further information on the relationship between stroke and AFib can be 

found in Chapter 3. Computational Modeling Identifies Embolic Stroke of Undetermined Source 

Patients with Potential Arrhythmic Substrate.  

In addition to drug-based therapy, direct current cardioversion can be used to quickly convert a 

patient from AFib with rapid ventricular response to sinus rhythm. This intervention has been 

found to be more effective in patients with less than 60 days of persistent AFib (47).  

Catheter ablation is a therapeutic procedure that can be performed using either radiofrequency 

(RF) or cryoballoon ablation techniques. It is designed to eliminate abnormal electrical activity, 

specifically ectopic foci, within the pulmonary vein region by creating non-conductive scar. This 

procedure is commonly referred to as pulmonary vein isolation (PVI). RF ablation involves the 

use of a catheter that emits high-frequency electrical energy, generating heat to create scar 

tissue. In contrast, cryoballoon ablation utilizes a balloon catheter to freeze the surrounding 

tissue. In long-term follow-up studies, the rate of freedom from atrial arrhythmias with a single 

procedure is 54.1% in paroxysmal AFib patients and 41.8% in patients with persistent AFib. (48, 

49). Despite modest success rates, catheter ablation remains as a cornerstone of treatment for 

AFib. Recent research points to pro-arrhythmic post-ablation substrate as a potential 

mechanism of AFib recurrence following catheter ablation (50), which is explored further in 

Chapter 4. Explainable Machine Learning to Predict Anchored Reentry Substrate Created by 

Persistent Atrial Fibrillation Ablation Furthermore, Chapter 5. Explainable Machine Learning for 

Cardiac Catheter Ablations: Identifying Risk Factors and Predicting Post-Ablation 

Recurrencedelves into the use of patient-specific healthcare data and computational models to 

predict recurrent arrhythmia after ablation, providing further insights.  
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Regarding the therapeutic targeting of drivers rather than ectopic foci in the pulmonary veins 

(i.e., PVI) is a newly researched topic with numerous associated clinical trials. A more 

comprehensive discussion of computationally-derived clinical trials is provided in 2.6 

Applications of Computational Modeling for the Heart. Targeting of RDs real-time in patients is a 

technically challenging problem, requiring electroanatomical mapping (EAM) or similar 

approaches. EAM involves the integration of electrical signals recorded from multiple points on 

the heart surface with the anatomical structure of the heart, enabling the identification of 

abnormal electrical pathways or arrhythmogenic sites. However, EAM is limited by physical 

challenges regarding catheter splines or electrodes having varied contact with atrial tissue, 

resulting in low-resolution maps. Furthermore, there are potential artifacts from far-field signals 

and proprietary mapping software packages are plagued by heavy signal processing and 

interpolation. As a result of these limitations or other confounding sources, clinical trials have 

shown no significant difference between rotor ablation and conventional therapy (51). On the 

other hand, there has been some promise with other systems and techniques, such as pulsed 

field ablation, wide-band dielectric-based mapping, and non-contact acquisition of intracardiac 

voltage signals reviewed here (52).  

Scientific interest has also shifted into targeting the electrophysiological defects “upstream”, 

which include directly targeting structural and electrical remodeling. The major prevention 

targets of these therapies are left atrial dilation, fibrosis, oxidative stress, inflammation, 

sympathetic nerve activity, and ion channel function. Although, data from clinical trials using 

angiotensin-converting enzyme inhibitors and angiotensin receptor blockers to intercept the 

progression of targets listed above has had mixed results in terms of secondary prevention of 

AFib (53). Nevertheless, a significant amount of ongoing research continues to investigate this 

area. A better understanding of underlying mechanisms of these strategies is needed and future 
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avenues are highly focused on targeting fibrosis via inhibition of TGF-β1 and decreasing gap 

junction uncoupling as more highly targeted approached (54).  
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Chapter 2. Modeling and Simulation 

With text from Heart. 2020 Dec 10:heartjnl-2020-316854 (55) 

2.1 Brief Summary  
 

A major challenge for the rational design of AFib models is integrating multiscale characteristics 

in a way that is effective and computationally feasible. At the cell-scale, models for cardiac 

cellular electrophysiology and ion dynamics have been through cycles of development and 

retroactive extension (56-59). At the tissue-scale, characteristics of electrical activation in the 

myocardium (i.e., conduction velocity, effective refractory period, conduction velocity restitution, 

and action potential duration restitution) are known to modulate impulse propagation. In turn, 

this determines arrhythmia dynamics and stability. While cell scale and tissue scale models 

have significantly contributed to our knowledge of atrial arrhythmias, the complexity of AFib 

demands the integration of multiscale models. 3D models have evolved from simplistic 

geometries with limited anatomical detail (60) and progressed through realistic geometries with 

regional heterogeneity (61). Additionally, the application of machine learning is gaining 

prominence in AFib research, enabling the analysis of complex data and the development of 

clinically relevant insights. Here, we review key aspects for models as a foundation for 

developing model-based treatment.  

2.2 Introduction 
 

A model can be described as a simplified representation of a complex system or phenomenon. 

Models are essential tools that allow us to test hypothesis and gain insights that may be 

infeasible or impractical to obtain via experimental methods. Modern cardiac models incorporate 

an extraordinary amount of structural and biophysical detail, including anatomical structures of 

the heart, ion channel kinetics, cellular electrophysiology, tissue-level propagation, and the 

effects of drugs or interventions. Significant effort is devoted to producing models that 
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realistically represent effects of cardiac fibrosis, considered a key element in both atrial (62) and 

ventricular arrhythmias (63). Generally, the objective of these models is to facilitate simulations 

that can be used to study the likelihood, timing, frequency, and location of focal sources and 

RDs, as discussed in Chapter 1. Current Understanding of Atrial Arrhythmia Mechanisms (64-

66). Although new physiological findings have given rise to increased model complexity, 

concomitant advances in computing technology have made it possible to conduct simulation 

studies in larger numbers of patients, giving rise to studies that use larger virtual cohorts to 

systematically assess treatment optimization in AFib research. Furthermore, these 

computational platforms can enhance our mechanistic understanding of the complex arrhythmia 

pathophysiology and reveal links between the effects of genetic mutations, physiological 

regulations, and drugs on cellular, tissue and organ function or clinical phenotypes. Machine 

learning can also leverage these computational models in combination with clinical data (i.e., 

ECGs, electronic health record data) to open up new possibilities in for enhanced arrhythmia 

management and personalized care. 

2.3 Cell-Scale Modeling of Cardiac Electrophysiology   
 

At the cellular scale, ordinary differential equations are solved to represent cell membrane 

dynamics such as ion channel gating kinetics and other intrinsic processes that contribute to 

action potential dynamics. Models describing contraction, which focus on myofibril, sarcomere, 

and myofilament dynamics also exist, but are explored elsewhere (67). There are a variety of 

different electrophysiological cell-scale models, many of which are documented at CellML 

(https://www.cellml.org/). These models describe many different cell types, including ventricular 

(68), atrial (56, 58) and stem cell-derived cardiomyocytes (69, 70) with varying degrees of 

mathematical and physiological complexity. For the entirety of this dissertation, the 

Courtemanche model for the human atrial action potential (56) was implemented at the cell-

https://www.cellml.org/
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scale. This model provides a balance of physiological complexity with computational efficiency 

needed in highly detailed organ-scale models.  

A schematic representation of the currents, pumps, exchangers, and compartments in the 

Courtemanche model is given in Figure 2.1. The cell membrane is modeled as a capacitor 

connected in parallel with variable resistances and batteries representing the ionic channels and 

driving forces, where the time derivative of the membrane potential (V) is given by  

𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

=  −(𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖+𝐼𝐼𝑠𝑠𝑠𝑠)
𝐶𝐶𝑚𝑚

       Equation 2 

where Ist is the total stimulus current flowing across the membrane and Cm is the membrane 

capacitance (mF mm−2) and where Iion, the total ionic current flowing across the membrane is 

given by 

𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖 = 𝐼𝐼𝑁𝑁𝑁𝑁 + 𝐼𝐼𝐾𝐾1 + 𝐼𝐼𝑡𝑡𝑡𝑡 + 𝐼𝐼𝐾𝐾𝐾𝐾𝐾𝐾 + 𝐼𝐼𝐾𝐾𝐾𝐾 + 𝐼𝐼𝐾𝐾𝐾𝐾 + 𝐼𝐼𝐶𝐶𝐶𝐶𝐶𝐶 + 𝐼𝐼𝑝𝑝,𝐶𝐶𝐶𝐶 + 𝐼𝐼𝑁𝑁𝑁𝑁𝑁𝑁 + 𝐼𝐼𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 + 𝐼𝐼𝑏𝑏,𝑁𝑁𝑁𝑁 + 𝐼𝐼𝑏𝑏,𝐶𝐶𝐶𝐶          Equation 3 

Each additional membrane current given in Equation 3 is defined in Equations 4-15 

𝐼𝐼𝑁𝑁𝑁𝑁 = 𝑔𝑔𝑁𝑁𝑁𝑁𝑚𝑚3ℎ𝑗𝑗(𝑉𝑉 − 𝐸𝐸𝑁𝑁𝑁𝑁),𝑔𝑔𝑁𝑁𝑁𝑁 = 7.8 Equation 4 

𝐼𝐼𝐾𝐾1 = 𝑔𝑔𝐾𝐾1(𝑉𝑉−𝐸𝐸𝐾𝐾)
1+𝑒𝑒𝑒𝑒𝑒𝑒[0.07(𝑉𝑉+80)]

,𝑔𝑔𝐾𝐾1 = 0.09 Equation 5 

𝐼𝐼𝑡𝑡𝑡𝑡 = 𝑔𝑔𝑡𝑡𝑡𝑡𝑜𝑜𝑎𝑎3𝑜𝑜𝑖𝑖(𝑉𝑉 − 𝐸𝐸𝐾𝐾),𝑔𝑔𝑡𝑡𝑡𝑡 = 0.1652 Equation 6 

𝐼𝐼𝐾𝐾𝐾𝐾𝐾𝐾  = 𝑔𝑔𝐾𝐾𝐾𝐾𝐾𝐾𝑢𝑢𝑎𝑎3𝑢𝑢𝑖𝑖(𝑉𝑉 − 𝐸𝐸𝐾𝐾),𝑔𝑔𝐾𝐾𝐾𝐾𝐾𝐾 = 0.005 + 0.05

1+𝑒𝑒𝑒𝑒𝑒𝑒[(𝑉𝑉−15)
−13 ]

 Equation 7 

𝐼𝐼𝐾𝐾𝐾𝐾 = 𝑔𝑔𝐾𝐾𝐾𝐾𝑥𝑥𝑟𝑟(𝑉𝑉−𝐸𝐸𝐾𝐾)

1+𝑒𝑒𝑒𝑒𝑒𝑒(𝑉𝑉+1522.4 )
,𝑔𝑔𝐾𝐾𝐾𝐾 = 0.0294 Equation 8 

𝐼𝐼𝐾𝐾𝐾𝐾 = 𝑔𝑔𝐾𝐾𝐾𝐾𝑥𝑥𝑠𝑠2(𝑉𝑉 − 𝐸𝐸𝐾𝐾),𝑔𝑔𝐾𝐾𝐾𝐾 = 0.129 Equation 9 

𝐼𝐼𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑔𝑔𝐶𝐶𝐶𝐶𝐶𝐶𝑑𝑑 𝑓𝑓 𝑓𝑓𝐶𝐶𝑎𝑎(𝑉𝑉 − 65.0),𝑔𝑔𝐶𝐶𝐶𝐶𝐶𝐶 = 0.1238 Equation 10 

𝐼𝐼𝑁𝑁𝑁𝑁𝑁𝑁 = 𝐼𝐼𝑁𝑁𝑁𝑁𝑁𝑁(𝑚𝑚𝑚𝑚𝑚𝑚)𝑓𝑓𝑁𝑁𝑁𝑁𝑁𝑁  
1

1+�
𝐾𝐾𝑚𝑚,𝑁𝑁𝑁𝑁(𝑖𝑖)

[𝑁𝑁𝑁𝑁+]𝑖𝑖
� �

1.5  ⋅ [𝐾𝐾+]𝑜𝑜
[𝐾𝐾+]𝑜𝑜+𝐾𝐾𝐾𝐾𝐾𝐾.𝐾𝐾(𝑜𝑜)

, 𝐼𝐼𝑁𝑁𝑁𝑁𝑁𝑁(𝑚𝑚𝑚𝑚𝑚𝑚) = 0.6 Equation 11 
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𝐼𝐼𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =
𝐼𝐼𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁(𝑚𝑚𝑚𝑚𝑚𝑚)(𝑒𝑒𝑒𝑒𝑒𝑒�𝛾𝛾𝛾𝛾𝛾𝛾𝑅𝑅𝑅𝑅 �[𝑁𝑁𝑁𝑁

+]𝑖𝑖
3[𝐶𝐶𝐶𝐶2+]𝑜𝑜−𝑒𝑒𝑒𝑒𝑒𝑒�

(𝛾𝛾−1)𝑉𝑉𝑉𝑉
𝑅𝑅𝑅𝑅 �[𝑁𝑁𝑁𝑁+]𝑜𝑜3�𝐶𝐶𝐶𝐶2+�𝑖𝑖)

(𝐾𝐾𝑚𝑚,𝑁𝑁𝑁𝑁
3 +[𝑁𝑁𝑁𝑁+]𝑜𝑜3)(𝐾𝐾𝑚𝑚 ,𝐶𝐶𝐶𝐶+[𝐶𝐶𝐶𝐶2+]𝑜𝑜)⋅(1+𝑘𝑘𝑠𝑠𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒𝑒𝑒�

(𝛾𝛾−1)𝑉𝑉𝑉𝑉
𝑅𝑅𝑅𝑅 �)

, 𝐼𝐼𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁(𝑚𝑚𝑚𝑚𝑚𝑚) = 1600.0 Equation 12 

𝐼𝐼𝑝𝑝,𝐶𝐶𝐶𝐶 = 𝐼𝐼𝑝𝑝,𝐶𝐶𝐶𝐶(max)
[𝐶𝐶𝐶𝐶2+]𝑖𝑖

0.0005+[𝐶𝐶𝐶𝐶2+]𝑖𝑖
, 𝐼𝐼𝑝𝑝,𝐶𝐶𝐶𝐶(𝑚𝑚𝑚𝑚𝑚𝑚) = 0.275 Equation 13 

𝐼𝐼𝑏𝑏 ,𝐶𝐶𝐶𝐶 = 𝑔𝑔𝑏𝑏,𝐶𝐶𝐶𝐶(𝑉𝑉 − 𝐸𝐸𝐶𝐶𝐶𝐶),𝑔𝑔𝑏𝑏 ,𝐶𝐶𝐶𝐶 = 0.00113 Equation 14 

𝐼𝐼𝑏𝑏 ,𝑁𝑁𝑁𝑁 = 𝑔𝑔𝑏𝑏,𝑁𝑁𝑁𝑁(𝑉𝑉 − 𝐸𝐸𝑁𝑁𝑁𝑁),𝑔𝑔𝑏𝑏 ,𝑁𝑁𝑁𝑁 = 0.000674 Equation 15 

Handling of intracellular Ca2+ concentration by the sarcoplasmic reticulum uptake and release is 

implemented using a two-compartment model (68). Intracellular calcium is taken into the 

sarcoplasmic reticulum uptake compartment (network sarcoplasmic reticulum) coupled to a 

release compartment (junctional sarcoplasmic reticulum). The main currents (in mM/ms) are 

given by 

𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟 = 𝑘𝑘𝑟𝑟𝑟𝑟𝑟𝑟𝑢𝑢2𝑣𝑣𝑣𝑣([𝐶𝐶𝐶𝐶2+]𝑟𝑟𝑟𝑟𝑟𝑟 − [𝐶𝐶𝐶𝐶2+]𝑖𝑖),𝑘𝑘𝑟𝑟𝑟𝑟𝑟𝑟 = 30 Equation 16 

𝐼𝐼𝑡𝑡𝑡𝑡 = [𝐶𝐶𝐶𝐶2+]𝑢𝑢𝑢𝑢−[𝐶𝐶𝐶𝐶2+]𝑟𝑟𝑟𝑟𝑟𝑟
𝜏𝜏𝑡𝑡𝑡𝑡

, 𝜏𝜏𝑡𝑡𝑡𝑡 = 180 Equation 17 

𝐼𝐼𝑢𝑢𝑢𝑢 =
𝐼𝐼𝑢𝑢𝑢𝑢(𝑚𝑚𝑚𝑚𝑚𝑚)

1+(𝐾𝐾𝑢𝑢𝑢𝑢/[𝐶𝐶𝐶𝐶2+]𝑖𝑖)
, 𝐼𝐼𝑢𝑢𝑢𝑢(𝑚𝑚𝑚𝑚𝑚𝑚) = 0.005         Equation 18 

𝐼𝐼𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = [𝐶𝐶𝐶𝐶2+]𝑢𝑢𝑢𝑢
[𝐶𝐶𝐶𝐶2+]𝑢𝑢𝑢𝑢(𝑚𝑚𝑚𝑚𝑚𝑚) 

𝐼𝐼𝑢𝑢𝑢𝑢(𝑚𝑚𝑚𝑚𝑚𝑚)    Equation 19 

Unless otherwise noted, physical units are as follows: time (t) is in milliseconds (ms), V is in 

millivolts, Cm is in picofarads, current density is in picoamperes per picofarad, conductance is in 

nanosiemens per picofarad, and concentrations are in millimoles per liter. Detailed equations for 

gating variables associated with Equations 3-18 can be found in Courtemanche et. al (56). 

Furthermore, a list of cell-model initial state variables can be found in Niederer et al. 2011 (71).  
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Figure 2.1 Schematic representation of ionic model. Includes 3 intracellular components: myoplasm, 
sarcoplasmic reticulum release compartment, and sarcoplasmic reticulum uptake compartment. 
Reproduced from (56) with permission.  

As part of the model calibration process, these electrical parameters are routinely adjusted to 

match emergent properties (e.g., action potential duration) in different types of cardiac tissue 

(e.g., affected by disease-related remodeling and/or fibrosis). These properties are particularly 

important for realistically representing reentrant drivers in organ-scale models (72, 73). In 3.11 

Methods and Data Availability, 4.10 Methods and Data Availability, and 5.8 Methods and Data 

Availability these aforementioned electrical parameter changes are outlined explicitly with 

respect to the above formulations. Currently, primarily generalized electrophysiological 

parameters are included in patient-specific models (i.e., these parameters are not changed 

based on a patient’s specific electrophysiological data; Figure 2.2). Alterations in cell-scale 

models on a patient-specific basis can be used to investigate the effects of genetic mutations, 

drugs, and therapeutic strategies (see 2.6 Applications of Computational Modeling for the 

Heart).   
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2.4 Tissue-Scale Modeling of Cardiac Electrophysiology 
 

Electrical impulse propagation in the heart is commonly modelled using either the bidomain 

equation (74) or the monodomain equation (75). The monodomain model is a reduction of the 

bidomain model which assumes that the intra- and extracellular domains have equal anisotropy 

ratios. For many applications of cardiac electrophysiology, including those outlined in this 

dissertation, the monodomain model provides the most optimal balance between computational 

efficiency and mathematical complexity.  

The monodomain equation is given by 

𝜒𝜒(𝐶𝐶𝑚𝑚
𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

+ 𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖(𝑉𝑉)) = 𝛻𝛻 ⋅ 𝜎𝜎𝜎𝜎𝜎𝜎       Equation 20 

where V is the membrane voltage (mV), 𝜎𝜎 is the conductivity tensor (mS mm−1), Iion is the 

current due to the flow of ions through channels in the cell membrane (Equation 2; μA mm−2), 

and 𝜒𝜒 is the surface area to volume ratio. As described in section 2.3 Cell-Scale Modeling of 

Cardiac Electrophysiology, Iion is described by a system of ODEs, where the current is a function 

of the voltage (V), channel gating states, and other state variables. Throughout this dissertation 

we used openCARP (76) to solve Equation 20 using the finite element method. More 

information regarding the verification of simulations of cardiac tissue electrophysiology, 

including parameterization, ordinary differential equation and partial differential equation solvers, 

and solution methods can be found elsewhere (71).  

At the tissue-scale, alterations in conduction velocity and spatially heterogeneous anisotropic 

conduction arise from fibrotic remodeling (usually obtained via LGE-MRI, discussed previously) 

as well as local cardiac fiber orientations. Cardiac fiber orientations play an important role in 

cardiac electrophysiology as they dictate the primary direction of electrical conduction within the 

heart. Accurately incorporating accurate fiber orientations into computational models enables 

more realistic simulations of electrical activity. However, fiber orientations are difficult to obtain 
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from in vivo imaging given current technology, yet they retain a relatively preserved pattern 

throughout the population. This calls for techniques to diffeomorphically map fiber orientations 

from anatomically based human atlas models or ex vivo diffusion tensor MRI data sets. To 

represent the fiber microstructure, an anisotropic conductivity tensor can be introduced into the 

model with its principal axed aligned with a fiber orientation domain. Minimal approaches, like 

that used by Hoermann et al., (77) use image registration and reorientation methods based on 

an atlas atrium with fibers predefined from detailed histological observations. In contrast, Roney 

et al. (78) used rule-based approaches, which generate mathematical descriptions based on 

histological observations. They established a universal atrial coordinate system and defined 

fibers derived from diffusion-tensor MRI relative to user-defined anatomical structures.   

An emerging area of research focuses on incorporating tissue-scale patient-specific 

electrophysiological parameters obtained from catheter measurements into computational 

models. These models allow for prediction of personalized atrial activation times, with 

correlations ranging from 0.65 to 0.96 (79). Model calibration, parameter selection, and efforts to 

gauge uncertainty in these measurements have been previously reviewed (80). In general, in 

order to parameterize models, experimental data are obtained and then an optimization problem 

is solved. This ongoing and iterative process of parameter optimization can help ensure that 

computational models accurately reflect the individual patient's conduction velocity and 

conduction pattern. 

2.5 Organ-Scale Modeling  
 

At the organ scale, realistic atrial and ventricular geometry obtained from MRI, computed 

tomography scans, or electroanatomical mapping is the norm for patient-specific computational 

modeling (Figure 2.2) (44, 81). Segmentation of these images defines the cardiac anatomy, and 

subsequent finite element representation provides a computer-readable description of the 

heart’s geometry. However, the process of image segmentation, whether manually or 
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automatically (82), can cause anatomical variation in the model due to imaging resolution, 

contrast, or artefacts. By developing a framework to quantify “left atrial uncertainty”, Corrado et 

al. showed that variation in shape affects simulations of LA activation times (83). As such, 

accurate and reliable segmentation of cardiac anatomy from medical imaging data is essential 

to ensure that the computational models faithfully represent the heart’s true anatomical 

structure.  

Clinical MRI scans with a contrast agent (e.g., LGE-MRI) can reveal each individual’s unique 

pattern of disease-related remodeling. Since the first validations with histology (84, 85), LGE-

MRI’s ability to distinguish areas of myocardial infarction on a patient-specific basis has gained 

broad traction especially in pre-procedural assessment of arrhythmogenic substrate (27) and 

visualization of radiofrequency-induced ablation lesions (86). Via incorporation of this substrate-

based imaging data, patient-specific models of increasing complexity can be achieved.  
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Figure 2.2 Overview of modeling workflow for atrial and ventricular simulations. Data defining the 
cardiac geometry and fibrosis distribution is obtained from imaging modalities such as LGE-MRI or 
computed tomography. Tissue- and cell-scale information, including action potential morphology, and 
conduction velocity in fibrotic, non-fibrotic, and border-zone regions are found from literature sources. 
Fiber orientations are obtained from human atlas geometries and subsequently mapped to patient-
specific geometries. These data formulate an organ-scale model typically consisting of fibrotic and non-
fibrotic regions for atrial models and fibrotic, non-fibrotic, and border-zone regions for ventricular models. 
Electrical stimuli can be applied to any area within the model and can elicit either (1) a reentrant driver, 
(2) macro-reentry around any non-conductive surface (e.g. around the left inferior pulmonary vein as 
shown here) or (3) termination of wavefronts indicating a return to sinus rhythm. Simulations have a range 
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of applications from mechanistic (e.g. elucidating mechanisms of reentry or anti-arrhythmic drugs) to 
therapeutic (e.g. ablation planning procedures or arrhythmia risk stratification). Figure reprinted from 
(55)with permission.  

 

In addition to electrophysiological modeling, both hemodynamic and mechanical modeling are 

important considerations for atrial organ scale modeling. By incorporating hemodynamic and 

mechanical aspects, comprehensive multi-physics models can provide a more holistic 

understanding of cardiac function and its relationship to arrhythmias. Electromechanical 

simulations in ventricles have investigated stretch-activated channels as potential pro-

arrhythmic substrate (87). Such simulations also have important implications in understanding 

feedback mechanisms (88), the effect of transmural heterogeneity (89), and impaired atrial 

contraction as a result of electrical remodeling (90). Recent multi-physics models which 

incorporate electrical activation, passive and active myocardial mechanics, as well as blood 

hemodynamics can be used to assess the performance of left-ventricular assist devices (91). 

These models have also been proposed to investigate the relationship between arrhythmias, 

fibrosis, and stroke (39). Through the integration of hemodynamic and mechanical factors, these 

multi-physics models offer valuable tools for advancing our understanding of cardiac function 

and developing novel therapeutic strategies, although at the cost of significant computational 

power. 

2.6 Applications of Computational Modeling for the Heart  

Precision medicine, defined as a form of medicine that is tailored to the individual, is emerging 

as a potential future for cardiac electrophysiology, with computational models of the heart 

providing an invaluable tool at the forefront of the movement. Tailoring the treatment path to an 

individual’s pathology, whether at the genetic, pharmacologic, substrate or ablation planning 

levels using computational modeling or machine learning is a promising avenue for this 

platform.  
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Multi-scale models can represent effects of pro-arrhythmic mutations and elucidate potential 

mechanistic drug targets by modulating ion channel expression levels at the cell/protein scale. 

While genetic and drug effects are not explored thoroughly in this dissertation, they are 

important applications of our work. For example, paired-like homeodomain transcription factor 2 

(Pitx2) is a key regulator in the establishment of left-right cardiac asymmetry, and insufficiency 

has been strongly associated with AFib in a recent genome-wide association study (92). Using a 

multi-scale model that incorporated recent experimental data on Pitx2 electrical and structural 

remodeling established by loss-of-function mouse models, Bai et al. showed that shortened 

action potential duration (APD), slow conduction, and an increase in susceptibility to triggered 

activity occur by means of elevated calcium transport ATPase functionality increasing 

sarcoplasmic reticulum Ca2+ concentration (93). Furthermore, a common anti-arrhythmic drug 

for patients with AFib is amiodarone, but it is known to impair sinoatrial node function in some 

cases. In a sino-atrial node model, amiodarone caused bradycardia by partially inhibiting the 

funny current, L-type calcium channel, and beta-adrenergic receptors, indicating that 

amiodarone ought to be used with caution in patients that have sino-atrial node dysfunction 

associated with AFib. (94). These findings highlight the capability of cardiac models to generate 

hypotheses and explore mechanisms related to genetic factors and drug effects.  

In a bilayer model of the atria, endo-epicardial decoupling  exacerbated the effects of longer 

fibrotic obstacles (i.e., stringy fibrosis), including prolonged activation times, increased 

anisotropy, and local activation fluctuations (95).  This decoupling is known to increase AFib 

stability and influence breakthrough rate (96). The simulated effects of increasing epicardial 

fibrosis have also been compared with electroanatomical mapping of long-standing persistent 

AFib patients. Increasing epicardial fibrosis in the models was correlated with higher rates of 

breakthrough and endo-epicardial dissociation (97). Overall, the aforementioned work shows 

how computational models can be used to highlight the importance of accurate modeling of the 
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endocardial and epicardial walls as surface-level conduction patterns may not necessarily 

reflect the overall nature of electrical activity. 

One of the most tantalizing applications of cardiac modeling is personalized ablation, designed 

specifically to neutralize the pro-arrhythmic capacity of each patient's unique electro-anatomic 

substrate. Current ablation strategies, including the most widely used technique of electrically 

isolating the pulmonary veins, are only successful about 50% of the time (98). Pulmonary vein 

isolation (PVI) is one of the most prevalent strategies, as patient-specific susceptibility to AFib 

initiation and perpetuation has been attributed to both electrophysiological properties and 

fibrosis levels in the pulmonary vein region (43). Recent studies have revealed that high 

susceptibility of in silico pulmonary vein RD localization suggests high likelihood of PVI success. 

In cases of failure, however, recurrent AFib after PVI has been attributed to both preserved 

fibrotic tissue accountable for RDs missed during the ablation procedure and the emergence of 

new RDs following ablation (99).  

One of the earliest studies in simulation-driven methods for catheter ablation treatment planning 

found that the most effective strategy for terminating persistent AFib in silico was applying >4 

ablation lines, with localization of ablation lesions to regions of high in silico RD propensity 

(100). More recently, the notion of directly personalizing a treatment plan based on 

computational findings was explored in a prospective clinical study of ten persistent AFib 

patients (101). The method, called “OPTIMA" (OPtimal Target Identification via Modeling of 

Arrhythmogenesis), consisted of iterative personalized target identification and ablation followed 

by arrhythmia simulation until AFib could not be re-induced despite aggressive virtual pacing 

(Fig. 3). The study reported no incidence of recurrent AFib, and only one patient had post-

ablation atrial flutter by the end of follow-up (101). A randomized clinical trial comparing 

OPTIMA to traditional pulmonary vein isolation is currently underway (identifier: NCT04101539). 

The clinical usefulness of virtual ablation of AFib (“CUVIA-AF1”; identifier: NCT02171364) is 
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also noteworthy (102). Patients in this study were randomly divided into two groups: empirical 

ablation or model-guided ablation. In the latter, five standardized ablation templates were 

assessed in silico prior to clinical treatment. The lesion set that terminated arrhythmia most 

rapidly was carried out in the clinical procedure. After a 31-month follow-up, patients in the 

model-guided ablation group saw a significantly lower recurrence rate (20.8% N=53) compared 

to those in the empirical ablation group (40%; N=55).  

Machine learning has been used to bolster the results from personalized simulations and has 

predicted whether patients are likely to experience AFib recurrence following PVI (103). In this 

study, electrical features derived from simulations have been found to be more predictive than 

features derived from LGE-MRI alone. This might be because the models derived from LGE-

MRI used in the simulations retained many of the key imaging features while adding important 

information about the substrate’s interaction with electrical stimuli. A similar study accurately 

predicted long-term atrial fibrillation recurrence in individual patients by combining outcome data 

with patient-specific acute simulation response (104). Machine learning techniques in 

conjunction with simulation studies have significant potential in the field of atrial fibrillation 

research, and future work outlined in this dissertation aims to satisfy that need. 

2.7 Machine Learning  

Artificial intelligence (AI) and machine learning (ML) have emerged as rapidly evolving fields in 

medicine, driving intense exploration. AI refers to machine-based data processing to classify 

complex patterns and decode data beyond direct human interpretation. ML is a sub-discipline of 

AI and is able to identify higher-order interactions between variables that are beyond the reach 

of modern statistical capability. With the rise of extensive electronic databases, AI tools have 

demonstrated promise in interpreting this wealth of data, aiding in disease diagnosis, and 

enhancing the prediction of disease prognosis. 
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Deep learning, a powerful AI tool, uses techniques such as convolutional neural networks and is 

well-suited for interpreting complex raw data. In cardiac electrophysiology, deep learning has 

been successfully applied to predict left ventricular dysfunction from electrocardiograms (105) 

and to automatically segment the left atria in late-gadolinium enhanced magnetic resonance 

images (82). On the other hand, supervised ML (e.g., logistic regression, support vector 

machines, and random forest learning) takes engineered features and trains (i.e., optimizes a 

model’s parameters) a model to find linear or non-linear relationships between features and 

known outcomes of interest. There are many unique advantages and disadvantages to each of 

these systems, reviewed here (106). Often one of the biggest challenges with traditional ML is 

proper feature selection (i.e., deciding which features to use in a model) and feature engineering 

(i.e., processing these features for optimization) to represent the input data in an ideal manner. 

The data is partitioned to ensure that the testing set, which is used to evaluate the model, is 

distinct and not included in the training process. Model performance is commonly assessed by 

calculating the area under the receiver operating characteristic curve (AUC), which indicates the 

classifier's ability to differentiate between two classes. 

Some common issues with AI/ML include imbalanced class proportions (107), overfitting (108), 

and high-dimensional feature spaces (109). A method for reducing overfitting and preventing 

high-dimensionality is least absolute shrinkage selection operator (LASSO) regularization, or a 

form of weighted L1 regularization, described below and implemented in Chapter 5. Explainable 

Machine Learning for Cardiac Catheter Ablations: Identifying Risk Factors and Predicting Post-

Ablation Recurrence.  

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = ∑ (𝑦𝑦𝑖𝑖 − ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑤𝑤𝑗𝑗
𝑝𝑝
𝑗𝑗=0 )2 +𝑀𝑀

𝑖𝑖=1 𝛼𝛼 ∑ |𝑤𝑤𝑗𝑗|𝑝𝑝
𝑗𝑗=0  Equation 21 

where M is the number of outcomes in a model, p is the number of features, y is the outcome 

variable, x is the feature, w is the fit coefficient, and α is the penalty terms that regularizes the 
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coefficients.  Thoughtful consideration of bias is also warranted during the study design process 

(110).  

Recent advances in ML and AI have recently seen a surge in performance, often achieved by 

increasing model complexity (111). These systems are now synonymous with “black box” 

approaches where models are plagued by uncertainty in methodology and ultimately in the way 

that they come to decisions. This ambiguity has made it problematic for ML systems to be 

adopted in sensitive yet critical clinical domains. As a result, xML/xAI has been increasingly 

studied in recent years. A recent review by Adadi and Berrada (112) highlighted trends in the 

community to explore explainability and stressed the need for more formalism in definition of 

xML/xAI.  Upon identification of this lack of formality, recent research has introduced preliminary 

frameworks for assessing interpretability in predictive modeling (113).  

First introduced by Ribeiro et al. at the International Conference on Knowledge Discovery and 

Data Mining, the local interpretable model-agnostic explanations (LIME) is one of the most 

popular interpretability methods. Briefly, the method works by generating simulated, randomly 

sampled, perturbed subsets of input data and subsequently assessing the accuracy of the 

output. If the prediction is correct, then the perturbed subset of input data within that iteration is 

weighted positively with respect to how close the sampled data is to the true data. LIME is a 

powerful and straightforward method, but there are drawbacks wherein poor choices in 

parameterization for generating the subsets of input data can lead to LIME missing out on 

important features (114). The LIME model was updated to DLIME (deterministic LIME) where 

random perturbation was replaced with hierarchal clustering (115). 

Shapley Additive explanations (SHAP) is a game-theory inspired method that attempts to 

enhance interpretability by computing importance values for each feature on an individual-

prediction basis (116). The basic idea behind SHAP is to consider all possible combinations of 

features and measure their influence on the prediction, which is performed mathematically by 
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summing the average marginal contribution of a feature across all possible feature 

combinations. The marginal contribution of a feature is the difference in prediction when the 

feature is included in a set compared to when it is not included in that same set (i.e., if we have 

three players one marginal contribution for player 3 is defined by {1,2,3} – {1,2}). This value is 

summed across all possible mutations, where order of addition to the subset of features is 

important. Written mathematically,  

ϕ𝑖𝑖 = ∑ |𝑆𝑆|!(|𝐹𝐹|−|𝑆𝑆|−1)!
|𝐹𝐹|!

(𝑣𝑣(𝑆𝑆 ∪ {𝑖𝑖}) − 𝑣𝑣(𝑆𝑆)𝑆𝑆⊆𝐹𝐹−{𝑖𝑖} ) Equation 22 

where ϕi is the Shapley value of feature {i}, defined as the average contribution of {i} in all 

permutations of F (the full set of feature permutations). |F| denotes the number of features in set 

F. S denotes the set of feature permutations without feature {i}, hence S ⊆ F - {i}. Finally, the 

contribution of feature {i} to the total predictive power within each permutation is v(S ∪ {i} – v(S), 

where v is a characteristic function which quantifies the predictive power. Note the similarity in 

this mathematical formulation to the numerical example above. This Shapley value should have 

three properties, described as additive feature attributions (116)  

1. Local Accuracy – the explanation model should match the original model  

2. Missingness – requires features missing in the original input to have no impact  

3. Consistency – if an input feature’s contribution increases or stays the same regardless 

of the other inputs that features importance shall not decrease   

In practice, since the number of possible feature subsets grows exponentially with the number 

of features, an exact calculation of Shapley values for all subsets may be infeasible. 

Approximation algorithms are often employed to efficiently estimate the Shapley values, 

including sampling-based approaches, tree-based approaches, and linear approximations. Of 

these, the work in this dissertation is based on Tree SHAP, an approach within the tree-based 
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approaches subsection. This method leverages the structure of tree-based models like random 

forest and recursively partitions the feature space using tree nodes and computes Shapley 

values within each partition (117). Within these tree-explainers, interaction indices which follow 

from generalizations of the original Shapley value properties are also considered. This value 

can allocate importance not just among each individual feature, but among all pairs of features 

(118).  

Overall, there are major concerns about the transparency of AI/ML models in clinical practice as 

many modern models have little to no explanation about how a conclusion was reached. These 

concerns can potentially be mitigated in part by implementing an explainability algorithm like 

LIME or SHAP. Chapter 5. Explainable Machine Learning for Cardiac Catheter Ablations: 

Identifying Risk Factors and Predicting Post-Ablation Recurrence attempts to ameliorate of this 

clinician distrust by implementing the SHAP explainable machine learning algorithm on a 

random forest model to predict post-ablation recurrence following catheter ablation. 
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Chapter 3. Computational Modeling Identifies Embolic Stroke of 

Undetermined Source Patients with Potential Arrhythmic 

Substrate 

With text from eLife. DOI: 10.7554/eLife.64213 (119) 

3.1 Abstract  

Cardiac MRI has revealed fibrosis in ESUS patients comparable to levels seen in AFib. We 

used computational modeling to understand the absence of arrhythmia in ESUS despite the 

presence of putatively pro-arrhythmic fibrosis. MRI-based atrial models were reconstructed for 

45 ESUS and 45 AFib patients. The fibrotic substrate’s arrhythmogenic capacity in each patient 

was assessed computationally. Reentrant drivers were induced in 24/45 (53%) ESUS and 22/45 

(49%) AFib models. Inducible models had more fibrosis (16.7 ± 5.45%) than non-inducible 

models (11.07 ± 3.61%; p<0.0001); however, inducible subsets of ESUS and AFib models had 

similar fibrosis levels (p=0.90), meaning that the intrinsic pro-arrhythmic substrate properties of 

fibrosis in ESUS and AFib are indistinguishable. This suggests that some ESUS patients have 

latent pre-clinical fibrotic substrate that could be a future source of arrhythmogenicity. Thus, our 

work prompts the hypothesis that ESUS patients with fibrotic atria are spared from AFib due to 

an absence of arrhythmia triggers. 

3.2 Introduction 

AFib is the most common cardiac arrhythmia, affecting 1–2% of the world’s population and 

significantly contributing to worldwide morbidity and mortality (120). The primary source of AFib-

related mortality is stroke, with around 20% of all ischemic strokes occurring in AFib patients 

(120). Sub-clinical AFib (i.e., transient, asymptomatic AFib) is implicated as a potential cause of 

ESUS, and the current course of clinical care following ESUS is to look for evidence of AFib via 

an external monitor, an implanted loop recorder, or other forms of wearable monitoring devices 
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(121). If AFib is diagnosed, treatment with oral anticoagulants is started to mitigate the 

possibility of recurrent stroke Clinical studies have shown that AFib has been detected in only 

30% of patients with long-term rhythm monitoring (122). This creates a frustrating problem for 

clinicians: in the wake of ESUS events, it is impossible to know which individuals should be 

treated as high-risk for AFib and therefore monitored accordingly. 

Recent evidence from clinical studies suggests that the LA fibrosis burden measured by LGE-

MRI is as high in ESUS patients as in AFib patients without stroke (123). This finding supports 

the hypothesis that atrial fibrosis is an element of the causal pathway for stroke, through an 

atrial cardiopathy, and independent of AFib. The absence of AFib despite the presence of a 

fibrotic substrate is intriguing and one potential explanation is that ESUS patients have pro-

arrhythmic fibrotic substrate but lack the triggers needed to initiate arrhythmia. Another potential 

explanation is that the fibrosis present in ESUS patients is not pro-arrhythmic. Patient-derived 

computational modeling of atrial arrhythmias is uniquely poised to test these hypotheses. 

Previously, personalized atrial models have been used to assess arrhythmogenic propensity of 

fibrotic substrate and predict AFib ablation targets (101, 124). Applying the same approach, we 

can use computational models to predict if, in the presence of appropriate triggers, fibrotic 

remodeling in ESUS has the fundamental capacity to harbor reentrant arrhythmic activity. 

Thus, we present a large-scale computational study to ascertain whether the fibrotic substrate 

with the potential to perpetuate AFib-sustaining reentrant drivers (RDs) exists in ESUS. Our 

hypothesis is that a pre-clinical AFib substrate, attributed to a pattern of fibrotic atrial remodeling 

that is conducive to RD perpetuation, exists in ESUS patients. By conducting simulations in 

models derived from LGE-MRI, we can begin to understand potential pro-arrhythmic properties 

of atrial fibrosis in ESUS patients. The study thus provides insights on the role of atrial fibrosis 

as a pathophysiological nexus between AFib and stroke. 
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3.3 ESUS and AFib Patient Characteristics and Model Architecture  

Ninety patient-derived models were included in our analysis: 45 post-stroke ESUS and 45 pre-

ablation AFib patients. Demographic information about both patient groups is provided in Table 

3.1. There was a significant difference in LA surface area; however, the potential importance of 

this feature for interpreting our findings is offset by the lack of difference in LA volume index (a 

more commonly used measurement of normalized LA surface area), which suggests that higher 

LA surface area in those with AFib is a consequence of higher body mass index (BMI). LA 

fibrosis burden was not significantly different between ESUS (13.6 ± 6.2%) and AFib patients 

(14.2 ± 4.5%) (p=0.91), consistent with previous findings (123). 

 ESUS (N=45) AFib (N=45) P value 
Age, y  60±16 62±12 0.504 
Female, % 44.0% 32.8% 0.275 
BMI, kg/m2 27.6±4.3 29.5±5.9 0.08 
CHA2DVASc score  2.0 1.9 0.345 
CHF, n 14.3% 18.4% 0.599 
Hypertension, n 68.5% 61.2% 0.468 
Diabetes mellitus, n  20.4% 12.2% 0.292 
CAD, n 18.4% 18.4% 1.000 
Smoking, n  32% 28% 0.679 
LA fibrosis, % 13.6±6.2% 14.2±4.5% 0.91 
LA surface area, cm2 109±26 134±40 0.0007 
LA volume index, mL/m2 60±29 57±26 0.607 
 

Table 3.1. Patient Characteristics in ESUS and AFib  

Personalized LA bilayer models were generated for all ESUS and AFib patients. Examples of 

physiological detail incorporated in models can be seen in Figure 3.1, including patient-specific 

patterns of fibrotic remodeling, realistic atrial fiber orientations, and locations of electric pacing 

sites. The LA subdivision scheme derived from universal atrial coordinates is further outlined in 

Figure 3.2 
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Figure 3.1. Model Architecture Overview (A) Reconstruction of LA geometry with anatomical features 
labeled (RIPV/RSPV/LIPV/LSPV, right/left inferior/superior pulmonary veins; LAA, LA appendage). The 
LA is modeled as a bilayer comprising nested endocardial and epicardial shells linked in both fibrotic and 
non-fibrotic regions by 1D linear elements. (B) LA fiber orientations for the endocardium and epicardium, 
mapped from human atlas geometry as described in Materials and methods. (C) AFib trigger sites as 
pacing sites (posterior/anterior LIPV, LSPV, RSPV, RIPV, LAA base, mitral valve annulus, and posterior 
wall). (D) Regions of the LA generated as described in methods and Figure 3.2: atrial floor, anterior wall 
and LAA, posterior wall, left PVs, and right PVs. Figure reprinted from eLife. 2021 May 
4:10.7554/eLife.64213 

 

 

Figure 3.2. LA subdivision scheme. (A) Alpha coordinate from universal atrial coordinate (UAC) system 
mapped on to a representative LA model. (B) Beta coordinate from UAC mapped on to a representative 
LA model. (C) 2D representation of UAC with pulmonary vein locations labeled. Dashed lines represent 
edges of the five atrial regions. (D) Segmented LA mapped onto a 3D mesh with numbered regions 
corresponding to regions in (C). (E) Final division scheme after edge expansion of the LPVs and RPVs to 
generate regions 3 and 4, respectively. 
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3.4 Induction of Arrhythmia and Fibrosis Quantification in Patient-Derived Models  

Rapid electric stimulation caused RD-sustained arrhythmia in 22 of 45 AFib models (48.8%) and 

24 of 45 ESUS models (53.3%). Thus, the capability of the fibrotic substrate to sustain RDs was 

not significantly different between the two groups (p=0.83, Figure 3.3A). ESUS and AFib 

models were then sorted by amount of global LA fibrosis and arranged into quartiles. For five 

models (21.7%) in the first quartile (fibrosis < 9.75%), six models (28.5%) in the second quartile 

(fibrosis < 12.6%), 15 (62.5%) models in the third quartile (fibrosis < 17. 5%), and 20 (91.0%) 

models in the top quartile, simulations revealed at least one pacing site for which stimulation 

produced an episode of RD-sustained arrhythmia (Figure 3.3B). 

 

Figure 3.3 Fibrosis Quantification Overview (A) Histogram of AFib (22/45) and ESUS (24/45) inducible 
patients. Inducibility was not significantly different by χ2 test. (B) Patients with ESUS and AFib arranged 
by percentage of LA fibrosis. Dotted lines indicate the quartiles of fibrosis observed for all 90 patient-
derived models. Circles are indicative of stable reentry observed in the model from at least one pacing 
site after in silico pacing protocol. Triangles indicate no RDs after pacing from all 15 pacing sites 
independently. Cases that lacked RDs despite high fibrosis (inset I) or were inducible despite low fibrosis 
(inset II) are highlighted. Figure reprinted from eLife. 2021 May 4:10.7554/eLife.64213 

Source data for this figure can be downloaded at this address. Columns information as follows: ESUS 
and AFib patient ID numbers; inducibility status (i.e., whether RD-sustained arrhythmia was observed in 
the corresponding patient-specific LA model); and LA volumetric fibrosis burden (%) extracted directly 
from clinical report. 

 

https://cdn.elifesciences.org/articles/64213/elife-64213-fig2-data1-v2.xlsx
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To explore potential pro-arrhythmic substrate properties in ESUS and AFib, we analyzed fibrosis 

burden in the sub-groups of each cohort in which RD-sustained arrhythmias were inducible and 

non-inducible. Fibrosis burden was not significantly different between inducible ESUS and AFib 

models with (Figure 3.4A; p=0.90, confidence interval; CI: [−3.4, 4.1]) or without induced 

reentry (Figure 3.4A; p=1, CI: [−2.1, 2.4]). However, when fibrosis burdens for inducible and 

non-inducible models were aggregated across ESUS and AFib groups, a significant difference 

was evident (Figure 3.4A; 16.7 ± 5.46% vs. 11.07 ± 3.61%; p<0.0001, CI: [3.4, 7.6]). 

We also investigated potential differences in the number of unique RDs and the number of AFib 

triggers that induced reentry in each patient-derived model. In all 46 inducible models, the 

median number of unique RDs was one for both AFib and ESUS models (AFib range: 1–5; 

ESUS range: 1–8). There was no significant difference in the number of unique reentrant 

morphologies per model between the two groups (Figure 3.4B; p=0.83, CI: [−7.7 × 10−5, 8.8 × 

10−5]). The number of unique RDs was positively correlated with atrial fibrosis burden (Figure 

3.4C; R = 0.63, p<0.0001). For all RD-inducible cases, the median number of stimulation sites 

from which rapid pacing led to RD formation was three for AFib and two for ESUS models 

(range for both groups: 1–9). No significant difference was found in the number of pacing sites 

that induced reentry per model between AFib and ESUS (Figure 3.4D; p=0.79, CI: [−2.0, 1.0]). 

The number of RD inducing pacing sites was also significantly correlated with fibrosis burden 

(Figure 3.4E; R = 0.62, p<0.0001). 

In addition to its role as part of the substrate for reentrant arrhythmia, fibrosis may directly lead 

to increased AFib trigger incidence via calcium dysregulation leading to localized to regions of 

depolarized resting potential (125, 126). To investigate whether cohort-scale differences in this 

intrinsic pro-trigger property of fibrosis may explain the lack of arrhythmia in ESUS, we ran 

additional simulations to assess the total extent of abnormally depolarized tissue in ESUS and 

AFib models; notably, these values are distinct from total fibrosis burdens, since non-fibrotic 
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tissue can be pulled to a more positive resting potential via electrotonic coupling. We found no 

significant difference in these values between ESUS and AFib models (Figure 3.4F; p=0.32; CI: 

[–0.007, 0.019]); if anything, there was a trend toward more trigger-prone tissue in ESUS. These 

findings provide preliminary evidence against the notion that the lack of arrhythmia in ESUS 

might be due to lower rates of fibrosis-related ectopic pacemaking. 
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Figure 3.4 Summary of RD characteristics between ESUS and AFib models. (A) Boxplot of fibrosis 
percentage in ESUS and AFib models where reentry was induced (ESUS: N = 24, IQR = 10.6; AFib: 
N = 22, IQR = 5) and where reentry was not induced (ESUS: N = 21, IQR = 5; AFib N = 23, IQR = 3.5). 
Across ESUS and AFib models, fibrosis burden for RD-inducible and RD non-inducible models was 
significantly different (p<0.0001). (B) Boxplot of number of unique reentrant morphologies elicited by all 
15 pacing sites (p=0.83). (C) Correlation plot of fibrosis vs. number of RDs (R = 0.63, p<0.0001). (D) 
Boxplot of the number of pacing sites which induced reentry (p=0.79). (E) Correlation plot of fibrosis vs. 
number of pacing sites that induced reentry (R = 0.62, p<0.0001). (F) Boxplot depicting percentage of 
tissue with significantly depolarized tissue (>95th percentile) between ESUS and AFib models after 
reaching steady state. p=0.32; CI: [–0.007, 0.019]. Figure reprinted from eLife. 2021 May 
4:10.7554/eLife.64213 

Source data for this figure can be downloaded at this address. For each LA model used in the study: 
number of pacing sites that induced RD-sustained arrhythmia; number of unique RD locations; 
percentage of tissue significantly depolarized in quiescent state, as presented in Figure 3.3F. 

 

3.5 Arrhythmia Dynamics 

Analysis of simulated reentry episodes revealed no qualitative differences in arrhythmia 

dynamics between AFib and ESUS models. Figure 3.5 shows examples of RD-perpetuated in 

silico arrhythmia and instances where stimulation failed to induce reentry for both groups. Of 

note, this figure highlights two inducible low-fibrosis ESUS models (Figure 3.5A: 6.9% fibrosis, 

RD near the LIPV; Figure 3.5B: 10.0% fibrosis, RD on the atrial floor) and a non-inducible high-

fibrosis ESUS model (Figure 3.5C: 16% fibrosis). In the latter case, dense fibrosis on the 

posterior wall resulted in conduction block as indicated. Figure 3.5D,E present examples of RD-

driven arrhythmia in AFib models (9.9% and 13.7% fibrosis, respectively), and Figure 

3.5F shows an AFib model (11.6% fibrosis) in which reentry was not induced due to wavefront 

collision in the posterior wall region. Overall, this shows that both ESUS and AFib models 

exhibited activation patterns consistent with previous definitions of RD-driven arrhythmia; 

examples of inducible low-fibrosis and non-inducible high-fibrosis models emphasize that 

fibrosis burden alone is an insufficient predictor for a potential arrhythmic substrate. 

https://cdn.elifesciences.org/articles/64213/elife-64213-fig3-data1-v2.xlsx
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Figure 3.5 Maps of fibrotic tissue distribution (left) and activation time (right) for ESUS and AFib models 
in which pacing succeeded (rows 1–2) or failed (row 3) to induce RD-driven arrhythmia. Black arrows 
indicate directions of wavefront propagation in RDs. Double lines indicate sites of conduction block. 
Black-shaded regions in activation maps indicate locations where activation did not occur during the 
analysis interval. (A) ESUS model with 6.9% fibrosis and reentry inferior to LIPV. (B) ESUS model with 
10.0% fibrosis and reentry on the atrial floor. (C) ESUS model with 16% fibrosis with wavefront 
termination through fibrosis on posterior wall. (D) AFib model with 9.9% fibrosis and reentry observed 
adjacent to RIPV on posterior wall. (E) AFib model with 13.7% fibrosis and reentry observed on the 
anterior wall. (F) AFib model with 11.6% fibrosis with wavefront collision on posterior wall. Figure 
reprinted from eLife. 2021 May 4:10.7554/eLife.64213 

 

3.6 Properties of RD Localization  

As described in 3.11 Methods, each model was automatically subdivided into five anatomical 

regions (see schematic illustrations in Figure 3.1D, and Chapter 3) and region-wise inducibility 

score analysis (IdS, as described in 3.11 Methods) was used to gauge likelihood of RD 

induction in response to rapid electrical stimulation from different locations in the LA. While 

ESUS and AFib models had a statistically similar pattern of inducibility rates (p=0.45, by χ2 test), 

stimulation from the posterior wall was approximately two times more likely to induce RDs in 
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AFib models than ESUS models (Figure 3.6A, IdS = 6 vs. IdS = 3). In other words, with all other 

factors held equal, our simulations suggest that triggered activity in the posterior wall may be 

more likely to initiate reentrant arrhythmia in AFib patients compared to ESUS patients. The 

same IdS values plotted in Figure 3.6A were mapped onto representative LA models to 

facilitate visual comparison of regional sensitivity to rapid pacing (Figure 3.6B). Next, we 

considered the number of unique RD localization sites in each LA region across the different 

model groups (i.e., AFib vs. ESUS). The LPV region was most likely to harbor RDs in the AFib 

cohort (Figure 3.6C, N = 17). In the ESUS cohort, the anterior wall was the most likely region to 

contain an RD (Figure 3.6D, N = 16). The association between the type of model (ESUS vs. 

AFib) and RD localization was not significant (p=0.13, χ2 test). 
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Figure 3.6. Summary of IdS and RD localization characteristics. (A) Region-wise IdS for both ESUS 
and AFib LA models. (B) Heat map of the regions in which triggers are most likely to induce arrhythmias 
depicted as representative ESUS and AFib models. (C) Histogram of RDs across all AFib and ESUS 
models binned by localization to specific LA regions. (D) Heat map of regions in which RDs are most 
likely to localize depicted as representative ESUS and AFib models. Figure reprinted from eLife. 2021 
May 4:10.7554/eLife.64213 

Source data for this figure can be downloaded at this address. For each episode of RD-sustained 
arrhythmia induced in each patient-specific LA model, the location of the pacing associated pacing site 
and the LA region in which the RD ultimately anchored are provided. 

3.7 Properties of pro-RD fibrosis  

To further examine trends in RD inducibility and localization observed in Figure 3.6, we also 

carried out region-wise analysis of fibrosis spatial pattern. In a previous study (40), machine 

learning was used to quantitatively characterize the fibrosis distribution in regions that most 

frequently harbored RD organizing centers (i.e., high local fibrosis density and entropy). As 

described in 3.11 Methods, the distribution of pro-RD tissue regions was determined for each 

inducible model; these values were then subdivided in the five-region schematic (Figure 3.7A). 

This analysis revealed that the extent of pro-RD tissue in the LPV region was significantly higher 

in AFib compared to ESUS models (Figure 3.7B; p=0.01); this was consistent with our findings 

on regional inducibility, and RD localization as shown in Figure 3.6. Likewise, for regions that 

were associated with greater inducibility and RD localization in ESUS models (anterior 

wall+LAA, atrial floor), there was a trend toward a larger extent of pro-RD tissue compared to 

AFib models, but these did not reach the level of significance. 

 

https://cdn.elifesciences.org/articles/64213/elife-64213-fig5-data1-v2.xlsx
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Figure 3.7. Summary of the region-by-region extent of tissue with a spatial fibrosis pattern (as 
characterized by local density and entropy) associated with RD localization (i.e., pro-RD tissue). 
(A) Maps of pro-RD tissue for representative AFib and ESUS cases, including boundaries between 
regions. (B) Region-wise extent of pro-RD tissue in inducible AFib and ESUS models, depicted as 
boxplots (**p<0.01, Wilcoxon rank-sum test; CI: [–0.149, –0.021]). Figure reprinted from eLife. 2021 May 
4:10.7554/eLife.64213 

Source data for this figure can be downloaded at this address. For each LA model used in the study, 
proportion of pro-RD tissue (as calculated by previously established machine learning-based analysis of 
fibrosis spatial pattern) in each LA region. 

 

3.8 Further Discussion 

This study used a novel computational modeling approach with stimulus locations chosen based 

on clinically observed AFib triggers to shed new light on the role of the fibrotic atrial substrate in 

the potential for initiation and perpetuation of reentry in ESUS patients. In models reconstructed 

from 45 post-stroke ESUS and 45 pre-ablation AFib patients, we showed that the AFib and 

ESUS groups did not differ significantly in the propensity of the fibrotic substrate to sustain RDs 

in response to simulated burst pacing. This is the first study to use computational modeling and 

simulation to assess potential pro-arrhythmic capacity of LA fibrosis in ESUS patients. 

Moreover, to the best of our knowledge, this is the largest cohort ever studied via computational 

analysis of atrial electrophysiology in models derived from LGE-MRI, exceeding the number of 

patient-specific models (N = 50) in the former largest study (127) by a factor of ≈1.8. 

3.8.1 Inducibility of reentry and fibrosis quantification in patient derived atrial models  

Experimental findings have shown that atrial fibrosis results in changes that promote reentry 

(128, 129), but the exact mechanism of this connection is not fully understood. Previous 

modeling studies have linked RD localization to specific spatial patterns of fibrotic remodeling in 

AFib (40, 130). Recent clinical findings indicate that atrial fibrosis burden does not differ 

significantly between AFib and ESUS patients, and yet (by definition) ESUS patients do not 

demonstrate AFib at the time of stroke or during ambulatory monitoring (123). Given the findings 

summarized above, a potential explanation is that, notwithstanding the fact that ESUS patients 

https://cdn.elifesciences.org/articles/64213/elife-64213-fig6-data1-v2.xlsx
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have substantial fibrosis, the particular spatial distribution of fibrotic remodeling in their atria is 

not conducive to arrhythmia perpetuation. Our findings suggest that this is likely not the case. 

From the standpoint of computational models derived from patient LGE-MRI scans, fibrotic 

substrate in individuals with ESUS is indistinguishable from that in patients with AFib in terms of 

the fundamental capacity to sustain RDs. For inducible models from both cohorts, we found that 

high fibrosis models were more likely to exhibit RDs irrespective of whether they corresponded 

to ESUS or AFib patients. This is in agreement with prior computational studies, which found the 

same general association (40, 101), and is consistent with clinical understanding, wherein 

higher fibrosis burden is associated with poor outcomes in AFib ablation procedures (27). 

Notably, we did observe several cases in which models defied inducibility expectations based 

on fibrosis alone. Such models exhibited RDs despite low fibrosis or were non-inducible despite 

high fibrosis. This observation confirms that, as observed previously in analogous AFib 

modeling studies (40, 101), assessment of raw fibrosis burden LGE-MRI scans alone is 

insufficient to fully characterize arrhythmogenic capacity of potentially pro-arrhythmic substrate 

in ESUS.  

Consistent with the goal of this research to understand the contribution of fibrotic substrate to 

potential RD formation in ESUS, we purposefully excluded arrhythmias perpetuated by other 

mechanisms from our study design (e.g., self-sustaining activity driven solely by focal sources). 

This allows us to study the fibrotic substrate in the absence of all other confounding factors. 

Additionally, our analysis of abnormal steady-state depolarization in LA models suggests the 

potential for fibrosis itself to serve as a source of arrhythmia triggers is no greater in AFib than in 

ESUS models. Potential contributions from the right atrium (RA) were also excluded, since only 

the LA was segmented from LGE-MRI as part of the clinical workflow. Either of these factors 

may explain the absence of simulated arrhythmia in 23 of 45 AFib models, many of which had 

very little LA fibrosis (i.e., AFib in these individuals might have been predominantly focal in 
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nature or sustained by RDs in the RA). This rate of inducibility is consistent with previous 

studies (e.g., 13 of 20 in computational models reconstructed from LGE-MRI scans of persistent 

AFib patients) (40), supporting the notion that LA fibrosis is associated with increased 

arrhythmia inducibility but fails to tell the whole story. Importantly, neither of these model 

constraints repudiates the central finding of our study, which suggests that there is no difference 

between ESUS and AFib patients in terms of the fundamental capacity of the fibrotic substrate 

to potentially harbor RDs. 

3.8.2 RD localization dynamics and morphology in patient-derived atrial models 

As discussed above, our qualitative findings suggest that ESUS patients’ fibrotic substrate is no 

different than that of AFib patients in terms the capacity to sustain RDs per se. We performed 

additional analysis to assess whether specific consequences of fibrotic remodeling influenced 

any characteristics of RD inducibility in different ways for simulations in models corresponding to 

ESUS vs. AFib patients. First, we found that there was no significant difference in global fibrosis 

burden between inducible AFib and ESUS models. Thus, our computational modeling suggests 

that intrinsic pro-arrhythmic traits of ESUS and AFib fibrotic substrate are indistinguishable. 

Given this result, one potential alternative explanation for the lack of arrhythmia in ESUS 

patients is a lack of suitable triggers, despite an abundance of fibrotic substrate on par with that 

observed in AFib. The plausibility of this explanation is strengthened by the fact that the pacing 

sites from which episodes of reentry were induced in our study were based on common AFib 

trigger sites as identified in a recent clinical study (7); this is in contrast to previous modeling 

studies, which simulated triggered activity from evenly-distributed atrial sites (101). 

Nevertheless, the premise of this aspect of our work was not to assess an absence of triggers, 

but instead ask the following: if the atria of these ESUS patients were subjected to the same 

type of triggered activity known to occur in typical AFib patients, is it possible the result would be 

sustained arrhythmia? In more than half of the cohort (24/45), our analysis suggests that the 
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answer is yes. This new hypothesis could be validated in future studies by designing clinical 

protocols that systematically monitor ESUS patients with different levels of fibrosis for potential 

AFib triggers via electrocardiographic readouts. 

Further analysis was performed to probe potential differences between ESUS and AFib 

simulations that went beyond consideration of RD inducibility as a binary variable. Specifically, 

we found no difference in the number of unique model-predicted RDs or the number of pacing 

sites that induced RDs between ESUS and AFib. Instead, these variables were highly correlated 

with LA fibrosis burden, which is consistent with the concept that high fibrosis models are more 

susceptible to pacing-induced RDs. This finding further substantiates our principal claim that no 

significant differences exist between the detected fibrotic substrate in ESUS and AFib, in that it 

holds true for the substrate’s capacity to sustain reentry and its susceptibility to triggered 

activity. The general implication is that in the presence of simulated triggered activity, both of 

these characteristics are closely linked to global fibrosis burden. 

RDs identified by non-invasive electrocardiographic imaging (ECGI) and in silico phase 

singularity identification have been shown to co-localize with fibrosis boundary zones identified 

by LGE-MRI (40, 42, 131, 132). RD localization dynamics in this study were consistent with 

these findings, as illustrated by representative LA fibrotic tissue distributions and corresponding 

RDs in Figure 3.5. RD morphology in this study corroborated previous findings – arrhythmias 

were perpetuated by one RD at a time, with activity in the periphery including conduction block, 

transient reentry, and wavefront collision (40, 101). 

3.8.3 Insights from analysis of RD inducibility and localization by LA region  

Further to the macroscopic analysis discussed above, our region-by-region analysis of RD 

inducibility and localization showed that spatial properties of the fibrotic substrate between AFib 

and ESUS models are not intrinsically different. However, this analysis yielded several 

noteworthy findings that suggest subtle distinctions in fibrosis pattern may exist between the two 
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groups. The most striking difference exists for the posterior wall region, where the IdS score 

was ≈2× higher in AFib compared to ESUS models. Thus, even in cases where posterior LA 

wall ectopic excitations occur in ESUS patients, our simulations suggest that they could be up to 

50% less likely to engage the fibrotic substrate and initiate sustained reentry compared to the 

same activity in AFib patients. This possibility does not contradict our hypothesis that the lack of 

arrhythmia in ESUS is due to a dearth of triggers; rather, it is a complementary corollary that 

can be put to the test in future clinical and computational analysis. 

While understanding of RD localization dynamics in AFib remains limited, evidence from ECGI 

mapping indicates that reentrant activity occurs most frequently in the PV and posterior wall 

regions (42, 133, 134). Our findings are consistent with these data for AFib but not ESUS 

models. Many (41.1%) AFib model RDs localized to the LPV region. In contrast, in the ESUS 

population the RD localization hotspot was the region comprising the anterior wall and LAA 

(37%). The importance of this finding is unclear, as tendencies toward reentrant activity in 

particular LA areas have not been meaningfully correlated to clinical arrhythmia properties and 

are potentially subject to changes in conduction velocity or action potential duration (73). 

However, it provides a path for future validation studies: if incident AFib in patients who 

previously presented with ESUS can be characterized by intracardiac mapping, the hypothesis 

that RDs localize preferentially to the anterior wall can be tested. 

Finally, our analysis of fibrosis spatial patterns revealed that the proportion of tissue with the 

propensity to harbor RDs (as established via machine learning in prior work (40)) was higher in 

the LPV region for AFib compared to ESUS models. While we acknowledge that a more 

fulsome analysis will be required to draw comprehensive conclusions on this subject, we note 

that our results are consistent with the most prominent observed regional variabilities in RD 

localization and inducibility between the two model groups. In contrast, ESUS patients trended 

toward a higher percentage of pro-RD tissue in all anatomical areas except the LPVs. Thus, 
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despite some interesting and potentially consequential differences in regional distribution of 

potentially pro-arrhythmic fibrosis, our overarching conclusion remains unchanged: our models 

suggest that if the ESUS substrate were subjected to suitable triggered activity, it could sustain 

the same types of RDs as those that contribute to AFib perpetuation. 

3.9 Limitations 

In this chapter, atrial tissue is modeled as a bilayer to drastically reduce computational load. 

Previous studies have used this modeling framework (131, 135) to represent human atria 

effectively, but the framework remains a simplification compared to volumetric 3D models. 

Moreover, clinical-grade MRI resolution limits our ability to detect fine details in anatomical 

structure and spatial distribution of potentially arrhythmogenic substrate, for instance slow-

conducting tracks of fibrotic atrial tissue that could underlie micro reentrant circuits (136). While 

these models are patient-specific in terms of LA anatomy and each individual’s unique pattern of 

fibrotic remodeling, they do not incorporate inter-patient variability in conduction velocity (CV) 

and electrophysiological properties such as ion channel expression. Nevertheless, our previous 

analysis indicates that this representation of atrial architecture with generic ‘average AFib’ 

electrophysiology is appropriate for use in patient-derived modeling (73, 130). 

As in previous studies (99, 103), our models do not differentiate between cell- or tissue-scale 

properties of atrial electrophysiology between patients with paroxysmal and persistent forms of 

AFib. Likewise, our approach to characterizing potential arrhythmia propensity in ESUS patients 

assumes cell- and tissue-scale remodeling based on experimental and clinical data from the 

AFib milieu. Although this is relevant as a limitation and must be considered when interpreting 

our results, this aspect of our approach is also one of the major advantages of the modeling and 

simulation methodology. Specifically, it allows us to assess whether there are any relevant 

differences in the spatial pattern of fibrotic remodeling between ESUS and AFib patients in the 

absence of other potentially confounding variables. A related limitation is that patients with 
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stroke were excluded from the AFib cohort. This was because stroke etiology in the database 

from which AFib patients were drawn was not explicitly adjudicated to be cardioembolic, other 

ischemic such as atherosclerotic, or hemorrhagic. Therefore, we would not be able to draw 

reliable conclusions regarding the role of fibrosis in stroke in this population. 

Finally, the mechanism of stroke in ESUS patients may be independent of AFib. Decreased 

atrial function due to atrial fibrosis may contribute to reduced hemodynamic efficacy and 

thrombus formation in the absence of AFib. Currently, secondary stroke prophylaxis is 

dependent on detecting AFib and predicting, through computational modeling, which atria are 

more prone to manifest AFib may be of clinical value. Another future research direction that 

could prove highly fruitful would be to create multi-scale, multi-physics image-based models of 

the fibrotic atria to assess each individual’s risk of clot formation in a patient-specific manner 

(39). 

3.10 Conclusions 

Simulations suggest that the pro-arrhythmic properties of fibrotic substrate in ESUS and AFib 

patients are indistinguishable. Our results show that fibrotic remodeling in ESUS patients has 

the theoretical capacity to sustain reentry when subjected to common AFib triggers. Thus, we 

conclude that fibrotic substrate conducive to perpetuating reentry may exist in up to half of 

ESUS patients. As individuals studied in this cohort present with incident AFib over the next few 

years, we will be able to put this hypothesis to the test. Our findings also support the notion that 

the lack of AFib in this population may be attributable to a lack of suitable arrhythmic triggers, 

but further research is needed to fully justify this claim. While the existence of pre-clinical 

substrate is correlated with a higher global proportion of fibrotic tissue, many ESUS cases 

defied these expectations, suggesting that fibrosis burden alone is insufficient for predicting pre-

clinical AFib substrate. This conclusion justifies the use of computational simulations to probe 

beyond the fibrosis as imaged. Overall, these results provide novel insights into the role of atrial 



57 
 

fibrotic remodeling as a critical nexus between the otherwise distinct manifestations of AFib and 

ESUS.  

3.11 Methods and Data Availability 

Patients were recruited to undergo cardiac LGE-MRI from the University of Washington (Seattle, 

WA) and Klinikum Coburg (Coburg, Germany) between July 2016 and June 2019. This study 

was approved by the Institutional Review Board (IRB) of the University of Washington (UW) and 

the Ethikkommission der Bayerischen Ländesärztekammer München, Bayern, Deutschland; all 

participants provided written informed consent. Patients with ESUS met published diagnostic 

criteria (137). Patients with paroxysmal (27/45, 60%) or persistent AFib and without stroke were 

recruited from the UW Cardiac Arrhythmia Data Repository, an IRB-approved database for 

arrhythmia patients. Exclusion criteria for AFib patients included those who had undergone LA 

catheter ablation before MRI and those with only atrial flutter. Patients with cardiac implantable 

electronic devices, severe claustrophobia, renal dysfunction, and other contraindications to MRI 

or gadolinium-based contrast were excluded. 

Cardiac LGE-MRI was obtained on all participants to quantify the extent of LA fibrosis using 

previously described protocols (27). Scans were performed on Philips Ingenia and Siemens 

Avanto clinical scanners, 15–25 min after contrast injection, using a three-dimensional 

inversion-recovery, respiration-navigated, ECG-gated, gradient echo pulse sequence. 

Acquisition parameters included transverse imaging volume with a voxel size of 1.25 × 

1.25 × 2.5 mm (reconstructed to 0.625 × 0.625 × 1.25 mm). Scan time was 5–10 min dependent 

on respiration and heart rate. Fat saturation sequences were used to suppress signal from fatty 

tissue.  

Geometric models were reconstructed from LGE-MRI, and the relative extent of fibrosis in the 

LA was quantified via an adaptive histogram thresholding algorithm (138). Clinical-grade 
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meshes (i.e., coarse discretization) produced by Merisight Inc (Salt Lake City, UT) were 

resampled with a target resolution of 200 µm using an automated process based on gmsh 

(139). Each LA model was represented as a bilayer comprising of nested endocardial and 

epicardial shells (135), linked at every point by linear connections (σ = 0.8 S m−1) (Figure 3.1A). 

LA bilayer models were generated by slightly inflating the single-surface mesh to form the 

epicardial surface (i.e., duplicating endocardial points then moving them outward by 100 µm 

along the surface normal vector), then connecting the nested shells by attaching linear elements 

between corresponding nodes. In each patient-derived model, realistic myocardial fiber 

orientations were mapped from an atlas geometry (135) using the universal atrial coordinates 

(UAC) approach. Briefly, this process assigned epicardial and endocardial fibers from a 

previously published bilayer model to the target atrial geometry (Figure 3.1B; (140, 141)). In all 

finite-element LA meshes, the average element edge length was ≈188 µm and the number of 

nodes ranged from ≈600,000 to ≈1.4 million, depending on LA size. This mesh resolution is 

consistent with previously established benchmarks for minimizing numerical error due to spatial 

discretization in simulations of cardiac wavefront propagation (71). 

Our methodology for computational modeling at the cell and tissue scale of the fibrotic and non-

fibrotic atrial electrophysiology can be found in previously published papers (40-42). Briefly, in 

non-fibrotic regions, a human atrial action potential model (56) (see 2.3 Cell-Scale Modeling ) 

was used to represent membrane kinetics, including parameter modifications to fit clinical 

monophasic action potential recordings from AFib patients (IKur, Ito, and ICaL decreased by 50%, 

50%, and 70%, respectively) (40, 142). At the tissue scale, conductivity tensor values in non-

fibrotic tissue (longitudinal: σL = 0.409 S m−1; transverse: σT = 0.0820 S m−1) were calibrated to 

obtain effective CV values of 71.49 cm s−1 and 37.14 cm s−1 (longitudinal and transverse). 

These conductivities were chosen as a compromise between CV values measured in patients 

induced AFib (61 ± 6 cm s–1) (143), clinically mapped patients with AFib or atrial flutter (median: 
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60 cm s–1; inter-quartile range: 22 cm s–1) (144), and simulations calibrated to match intracardiac 

mapping data from an individual with paroxysmal AFib (median: 143 cm s–1 longitudinal, 94 cm 

s–1 transverse) (145). In fibrotic regions, modifications to the AFib-like action potential model 

(ICaL, INa, and IK1 decreased by 50%, 40%, and 50%, respectively) were implemented as in prior 

studies (40, 124), resulting in a 15.4% increase in action potential duration and a 49.6% 

decrease in upstroke velocity. These changes represented the effect of elevated transforming 

growth factor-β1, a key component of the fibrogenic signaling pathway. As in previous studies 

(40-42), tissue-scale effects of interstitial fibrosis and gap junction remodeling were represented 

by reducing overall conductivity and exaggerating the anisotropy ratio (σL:σT) from 5:1 to 8:1 

(σL = 0.177 S m−1; σT = 0.0221 S m−1).  

Electrical propagation in bilayer LA models was simulated by solving the monodomain equation 

using the finite-element method (see section 2.4 Tissue-Scale Modeling ). This system was 

coupled with ordinary differential and algebraic equations representing myocyte membrane 

dynamics at each node in the mesh, as described in the prior section. All simulations were 

executed on the Hyak supercomputer system at the University of Washington using the 

openCARP software package (146, 147), which is available for academic use 

(see https://openCarp.org). The compute time required to complete each unique simulation 

ranged from 1 to 10 hr. The total CPU time for all simulations conducted in all models was 13.4 

years. 

Simulations were performed to assess the pro-arrhythmic propensity of the fibrotic substrate in 

each patient-derived model. Arrhythmia induction via rapid pacing was attempted from 15 

pacing sites derived from AFib trigger sites (Figure 3.1C, see caption for detailed anatomical 

site descriptions) (7).  Clinically relevant AFib trigger sites were chosen over a random pacing 

schematic to specifically capture RDs that arise from locations demonstrated to induce AFib. As 

in previous publications, a clinically relevant pacing sequence of 12 electrical stimuli was 

https://opencarp.org/
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delivered at each of the 15 locations (40, 124).  Individual cell-scale ionic models were paced to 

limit cycle at a rate basic cycle length of 500 ms. The electrical stimulus consisted of two initial 

pulses with a coupling interval of 300 ms, followed by pulses ramping down to 200 ms in 20 ms 

intervals. After the delivery of the final stimulus, simulations were monitored for self-sustaining 

electrical wavefront propagation. For all cases in which activity persisted for at least 5,000ms 

post-pacing, we applied further analysis to determine whether the cause was an induced RD or 

macroscopic re-entry (i.e., continuous repetitive, self-sustaining activation propagating around a 

non-conductive obstacle such as the mitral valve or pulmonary vein(s)), which we consider 

flutter-like reentry. Instances of macroscopic re-entry were excluded from further analysis.  

For each AFib-inducible simulation, we documented whether each pacing site induced reentry 

and analyzed patterns of RD localization. Unique RD morphologies in each patient-derived 

model were classified as belonging to one of five anatomical regions (Figure 3.1D), which were 

delineated automatically in a process summarized in Chapter 3. First, the LA was subdivided 

into three broad anatomical areas (region 1: LA floor, 2: posterior wall; 3: anterior wall including 

LAA) using standardized cutoff values in the UAC space (140). Second, the left and right PV 

areas (regions 4 and 5, respectively) were established using a region-growing approach such 

that each accounted for 15% of the total LA surface area (Figure 3.2). We then defined region-

wise inducibility scores (IdS) across all models in a particular group (ESUS or AFib) as the 

proportion of pacing sites within a given region from which rapid pacing resulted in initiation of 

an RD. For example, since the LPV region contains four pacing sites (anterior/posterior 

LSPV/LIPV), the corresponding ESUS IdS value would be derived by summing the number of 

instances in which pacing from those locations induced RD across inducible ESUS models then 

dividing by four. This ensured our ability to assess spatial heterogeneity of sensitivity to 

triggered activity in a manner that was unbiased to the relative abundance of pacing sites in 

some LA regions. 
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Fibrotic tissue areas with both high local fibrosis density (FD) and high local fibrosis entropy 

(FE) have increased propensity for RD localization, as shown in computational models (131)  

and intracardiac mapping of patients with persistent AFib (132). We used a constraint equation 

derived by support vector machine-based classification to delineate such pro-RD regions. As in 

prior studies (40, 99), the classification polynomial was as follows: 0.4096 FD2 +3.28(FD)(FE) − 

0.1036 FE2 – 0.7112(FD) – FE + 0.0429. Maps of pro-RD tissue were subdivided into the five 

LA regions, as described above, and region-specific burdens of pro-RD fibrosis pattern were 

calculated. 

In some situations, fibrosis itself can develop the capacity to generate ectopic triggers of 

arrhythmia (125, 126). Although the cell-scale models used in this study do not undergo early or 

delayed afterdepolarizations due to simplified intracellular calcium handling, fibrotic regions in 

our models do have a potentially pro-ectopic higher resting membrane voltage (Vm) compared to 

non-fibrotic regions due to reduced ion channel expression levels (ICaL, INa, and IK1). Thus, as a 

surrogate measure of potential intrinsic pro-trigger capacity in fibrotic tissue, we characterized 

the extent of tissue in ESUS and AFib models in which the fibrosis pattern resulted in abnormal 

depolarization. To do this, we allowed all 90 models to reach a quasi-equilibrium state (1000 ms 

in the absence of pacing). We aggregated resting Vm values across all models and identified the 

95th percentile as the threshold for delineation of fibrosis-induced abnormal depolarization (–

75.3 mV). Then, we calculated the proportion of tissue in each model with an equilibrium 

Vm above that threshold. 

LA models for ESUS and AFib patients were divided into quartiles based on the extent of fibrotic 

remodeling as measured by LGE-MRI. Continuous variables were compared pairwise between 

groups using Wilcoxon rank-sum tests and were reported as mean ± standard deviation. 

Confidence intervals were calculated as the interval for the true difference in mean with 95% 

certainty. Categorical variables were compared using a χ2 test. After classifying unique RDs and 
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number of pacing sites that induced reentry, correlation with fibrosis was assessed with logistic 

regression. Statistical significance was established at two-tailed p≤0.05. All statistical analysis 

was performed using R (148). 

Where possible (Figures 3.3, 3.4, 3.6, 3.7), raw numerical data underlying figures are available 

via this permanennt figshare link: https://figshare.com/articles/dataset/Source_Data_for_

Study_by_Bifulco_et_al_/14348042. Patient-derived data related to this article, including 

processed versions thereof, are not publicly available out of respect for the privacy of the 

patients involved. Interested parties wishing to obtain these data for non-commercial reuse 

should contact the author. Upon all reasonable requests for access to these data, the 

corresponding authors and I will work to pursue negotiation of a Data Transfer and Use 

Agreement with the requesting party; administrators at the requesting party's institution, the 

University of Washington, and Klinikum Coburg; and relevant Institutional Review Boards at all 

the latter institutions. Source files for a complete example of computational modeling and 

simulation of the fibrotic atria, using publicly available data sets and software tools only, can be 

found via the following permanent link: https://figshare.com/articles/dataset/Computational_

Modeling_Simulation_of_Atria_with_Fibrotic_Remodeling_-_Example/14347979. 

Documentation provided with this example includes instructions on the use of the openCARP 

cardiac electrophysiology simulator and the meshalyzer visualization software (both available 

via https://opencarp.org/) to precisely reproduce the computational protocol applied to patient-

specific left atria models in this study. 

 

  

https://figshare.com/articles/dataset/Source_Data_for_Study_by_Bifulco_et_al_/
https://figshare.com/articles/dataset/Source_Data_for_Study_by_Bifulco_et_al_/
https://doi.org/10.6084/m9.figshare.14347979
https://figshare.com/articles/dataset/Computational_%E2%80%8CModeling_Simulation_of_Atria_with_Fibrotic_Remodeling_-_Example/14347979
https://figshare.com/articles/dataset/Computational_%E2%80%8CModeling_Simulation_of_Atria_with_Fibrotic_Remodeling_-_Example/14347979
https://opencarp.org/
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Chapter 4. Explainable Machine Learning to Predict Anchored 

Reentry Substrate Created by Persistent Atrial Fibrillation Ablation 

in Computational Models 

 

4.1 Abstract  
 

Post-ablation arrhythmia recurrence occurs in ~40% of persistent atrial fibrillation (PsAF) 

patients. Fibrotic remodeling exacerbates arrhythmic activity in PsAF and can play a key role in 

reentrant arrhythmia, but emergent interaction between non-conductive ablation-induced scar 

and native fibrosis (i.e., residual fibrosis [ResF]) is poorly understood. We conducted 

computational simulations in pre- and post-ablation left atrial models reconstructed from LGE-

MRI scans to test the hypothesis that ablation in PsAF patients creates new substrate 

conducive to recurrent arrhythmia mediated by anchored reentry (AR). We trained a random 

forest machine learning classifier to accurately pinpoint specific non-conductive tissue regions 

(i.e., areas of ablation-delivered scar or vein/valve boundaries) with the capacity to serve as 

substrate for AR-driven recurrent arrhythmia (area under the curve: 0.91±0.03). Our analysis 

suggests there is a distinctive non-conductive tissue pattern prone to serving as arrhythmogenic 

substrate in post-ablation models, defined by a specific size and proximity to ResF. Overall, this 

suggests PsAF ablation transforms substrate that favors functional reentry (i.e., rotors 

meandering in excitable tissue) into an arrhythmogenic milieu more conducive to AR. Our work 

also indicates that explainable machine learning and computational simulations can be 

combined to effectively probe mechanisms of recurrent arrhythmia.  
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4.2 Introduction 
 

Atrial fibrillation (AFib) is a chronic, progressive arrhythmia associated with a twofold increased 

risk of cardiovascular mortality (149). Catheter ablation by pulmonary vein isolation (PVI) is an 

established rhythm control strategy, but recurrence rates are high (~40-50%) (150). The exact 

cause of recurrent AFib is unknown, but a potential factor is inter-individual variability in 

underlying electrical and anatomical substrate (151). Numerous supplemental ablation 

strategies that go beyond PVI to target this substrate have been suggested (152). However, in 

the recent DECAAF II study, which combined MRI-guided fibrosis ablation with conventional PVI 

catheter ablation, there was no reduction in arrhythmia recurrence in persistent AFib (PsAF) 

patients (153). Similarly, ablation of complex fractionated activity sites was not superior to 
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traditional PVI (154). A potential conclusion from these results is that while the role of left atrial 

(LA) fibrosis in AFib pathophysiology is well-recognized, we have little understanding of how 

atrial fibrosis interacts with ablation lesions to explain the high arrhythmia recurrence rate.  

Cardiac late gadolinium enhanced (LGE)-magnetic resonance imaging (MRI) has been used to 

detect fibrosis based on differences between signal intensities in remodeled tissue and normal 

myocardium. Atrial LGE-MRI scans acquired pre-ablation have been used to construct patient-

specific computational models of fibrotic atria; such models have been used to elucidate 

relationships between fibrosis and AFib perpetuation, prospectively identify ablation targets, and 

predict post-ablation arrhythmia recurrence (40, 101, 103). Prior attempts to use patient-specific 

models to assess post-ablation substrate were confined to assessment of fibrotic tissue in 

conjunction with ablation lesions as documented via peri-procedural electroanatomic mapping 

systems (99, 130). These studies found that recurrent AFib may be attributable to preserved 

functional reentries (FRs; i.e., rotors) that sustain AFib pre- and post-ablation, emergence of 

new FR locations, and post-ablation anchored reentry (AR). In post-ablation LGE-MRI, hyper-

enhancement of ablation scar relative to fibrotic tissue facilitates detection and localization of 

gaps in ablation lines (155), which are not typically detected in procedural maps. In this respect, 

post-ablation MRIs offer a more comprehensive representation of the patient-specific 

distribution of ablation-induced scarring (156), which can be combined with the native fibrosis 

distribution in pre-ablation scans to yield detailed maps of each patient’s post-ablation substrate. 

In this study, we aim to assess pro-arrhythmic properties of post-ablation substrate by merging 

spatial patterns of native fibrosis and ablation-induced scarring, derived from pre- and post-

treatment LGE-MRI scans, respectively. Computational simulations are used to analyze how 

these two components of post-ablation substrate (i.e., residual fibrosis [ResF] and scar) could 

influence the incidence of recurrent arrhythmia, either distinctly or synergistically. We 

characterize the unique spatial patterns of post-ablation arrhythmogenic substrate using a 
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machine learning classifier. The study thus provides mechanistic insight into links between 

ablation-induced scarring and ResF, providing new insight into why some PsAF patients have 

an arrhythmogenic post-ablation substrate. 

4.3 Persistent AFib Patient Characteristics 
 

Thirty-seven patients with clinically diagnosed PsAF (157) using standard Heart Rhythm Society 

consensus criteria were included in this study. Demographic information is provided in Table 1. 

Patients underwent catheter ablation via radiofrequency (RF) or cryoballoon catheter per 

standard protocol (except for one patient who had a surgical ablation). Some (19/37, 51.4%) 

patients who had RF ablation and one patient who had cryoballoon catheter ablation had 

additional substrate modification outside of the pulmonary veins.  

 

  Pre-ablation   Post-ablation   

  All PsAF patients AF recurrence AFL recurrence No recurrence 

N (%) 37 15 (50.0%) 5 (21.1%) 16 (28.9%) 

Age (years) 62.9±3.5 64.5±6.8 64.2±10.7 60.3±4.8 

BMI 33.2±2.9 31.9±4.3 32.9±7.2 34.6±5.5 

Male gender 56.8% 53.3% 40% 68.8% 

Prior DC cardioversions 1.9±0.4 2.2±0.6 2.4±1.2 1.3±0.4 

Hypertension 56.7% 46.7% 40% 68.8% 

Hyperlipidemia 29.7% 26.7% 0% 37.5% 

Coronary artery disease 16.2% 20% 40% 6.3% 

Systolic CHF* 24.3% 13.3% 20% 31.3%   

OSA (% on CPAP) 29.7% (18.9%) 33.3% (20%) 20% (0%) 31.2% (18.8%) 

Stroke/TIA 5.4% 6.7% 20% 0% 

Diabetes 13.5% 13.3% 0% 18.8% 

COPD 5.4% 6.7% 12.5% 6.3% 

Cigarette use (% active) 16.2% (10.8%) 6.7% (6.7%) 20% (20%) 25% (18.8%) 
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Thyroid disease 8.1% 13.3% 20% 0% 

Hypertrophic/HOCM 5.4% 13.3% 0% 0% 

Left atrial LGE (%) 18.1±2.4 18.1±5.4 21.0±17.5 17.3±3.8 

AF ablation type:     

Cryocatheter PVI only 34.2% 26.7% 40% 25% 

Cryocatheter PVI + RF 
SM 5.4% 6.7% 0% 6.3% 

RF PVI only 15.8% 26.7% 0% 18.8% 

RF PVI + SM 42.1% 40% 40% 50% 

Surgical Cox-MAZE 2.6% 0% 20% 0% 

  

Table 4.1. Patient characteristics in PsAF cohort. Continuous normally distributed variables were 
reported as mean ± 95%; continuous non-normally distributed variables include age, BMI, and prior DC 
cardioversions and are reported as median (IQR). For binary variables, proportions were reported. BMI, 
body mass index, CHF, congestive heart failure, COPD, chronic obstructive pulmonary disease, CPAP, 
continuous positive airway pressure, DC, direct current, HOCM, hypertrophic obstructive cardiomyopathy, 
LGE, late gadolinium enhancement, OSAH, obstructive sleep apnea, PVI, pulmonary vein isolation, RF, 
radiofrequency, SM, substrate modification, TIA, transient ischemic attack. 

4.4 Arrhythmia Induction and Substrate Quantification  

We show examples of pre-ablation and post- ablation models in Figure 4.1A. Fibrotic regions 

that were not rendered completely non-conductive by ablation scar were defined as ResF. 

Rapid electrical stimulation induced reentrant arrhythmias in 21/37 (57%) of pre-ablation models 

and 27/37 (73%) of post-ablation models (p=0.14). Examples of simulated FRs and ARs in pre-

ablation and post-ablation models are shown in Figures 4.1B and 4.1C, respectively. 
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Figure 4.1 Pre- and post-ablation models with examples of FR- and AR-perpetuated simulated 
arrhythmia. (A) Pre-ablation LA models derived from LGE-MRI and post-ablation models with LGE-MRI-
derived scar. Post-ablation scar was overlaid upon pre-ablation fibrosis to achieve the final post-ablation 
model. (B) Examples of FRs in both pre- and post-ablation models. (C) Examples of ARs in pre- and post-
ablation models. 

To explore the independent propensities of ResF and ablation-induced scar for sustaining 

reentrant activity in post-ablation models, we analyzed these substrate properties with respect 

to model inducibility. ResF burden in post-ablation models was significantly higher in inducible 

vs. non-inducible models (Figure 4.2A, p=8.376x10-5). However, the absolute burden of 

ablation scar did not differ between inducible and non-inducible post-ablation models (Figure 

4.2B, p=1). We then investigated the associations of the different types of post-ablation 

substrate (i.e., either ResF or scar) in sustaining specific arrhythmia sub-types (ARs vs. FRs). 

As the amount of ResF increased, the number of unique AR and FR morphologies also 

significantly increased (Figure 4.2C; ARs: p=0.0003, R=0.56; FRs: p=<0.0001, R=0.65). 

However, there were no significant associations between total ablation scar burden and either 

ARs or FRs (Figure 4.2D; ARs: P=0.93, R=0.015; FRs: p=0.2, R=0.22).  
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Figure 4.2 Analysis of the effect substrate burden on model inducibility. (A) Boxplot of ResF 
percentage in post-ablation models with respect to model inducibility (Non-Inducible: N=10, 
median8.15±6.15; Inducible: N=27, median: 16.6±8.2; p=8.376x10-5). (B) Boxplot of ablation-induced scar 
percentage with respect to model inducibility (Non-Inducible: 13.1±11.325; Inducible: 14.6±7.05; p=1). (C) 
Correlation plot of ResF vs. number of unique ARs and FRs (ARs: R=0.56, P=0.0003; FRs: R=0.65, 
P<0.0001). (D) Correlation plot of ablation-induced scar vs number of unique ARs and FRs (ARs: 
R=0.015, P=0.93; FRs: R=0.22, P=0.2). 

When pre- and post-ablation models were compared, there was no significant difference in the 

combined number of FRs and ARs (Figure 4.3A, p=0.9569). By distinguishing between FR- and 

AR-mediated drivers, we uncovered potential differences in the capacity of substrate in pre- vs. 

post-ablation to preferentially sustain one type of arrhythmia driver. A significant difference was 

evident in both cases. Post-ablation models had significantly more ARs than pre-ablation 

models (Figure 4.3B, P=0.0003) and pre-ablation models had significantly more unique FR 

sites than post-ablation models (Figure 4.3C, P=0.0068).  

 

 



70 
 

Figure 4.3. Summary of pre- and post-ablation simulation outcomes. (A) Boxplot of the total number 
of combined unique ARs and FRs in pre- and post-ablation models (Pre-ablation median: 2±2; post-
ablation median: 2±2; p=0.9569). (B) Boxplot of the number of unique ARs in pre- vs. post-ablation 
models (Pre-ablation: 1±1; post-ablation median 1±1: p=0.0003). (C) Boxplot of the number of unique 
FRs in pre- vs. post-ablation models (Pre-ablation: 1±1; post-ablation: 0±1; p=0.0068). 

 

4.5 Explainable prediction of scar capable of sustaining reentrant arrhythmia 

drivers 

We augmented the set of simulations discussed above by running additional post-ablation 

simulations with a wider range of conduction velocity values to account for potential inter-patient 

variability and potential ablation-induced effects on conduction velocity in non-ablated tissue. 

We observed more arrhythmogenic non-conductive tissue clusters when accounting for 

additional conduction velocity values (Figure 4.4).  
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Figure 4.4. Overview of additional simulation sets. Each column of FRs and ARs corresponds to the 
number of unique driver morphologies for each simulation set in post-ablation models. CV, conduction 
velocity.   

As such, our random forest (RdF) machine learning classifier was exposed to 633 non-

conductive tissue morphologies. Of these 633 morphologies, 90 were labeled as 

arrhythmogenic since they sustained ARs in post-ablation simulations. We examined the spatial 

features of each non-conductive tissue morphology (area, perimeter, surrounding ResF 

percentage, and proximity index; see schematic illustrations in Figure 4.5A). For each non-

conductive tissue morphology, the corresponding spatial features were inputted into an RdF 

algorithm. Our classifier was successful in predicting the likelihood of harboring an AR (Figure 

4.5B; mean testing area under the curve (AUC): 0.91 ± 0.03). AUC values in each data partition 

(i.e., ROC fold) ranged from 0.83 to 0.95. Figure 4.5C shows the relative importance, extracted 

via the SHAP method, of learned spatial features in deciding to classify the tissue as 



72 
 

arrhythmogenic or non-arrhythmogenic. The most important feature was non-conductive tissue 

perimeter, while proximity index had the lowest predictive power. 

Figure 4.5 Summary of non-conductive tissue arrhythmogenicity RdF prediction algorithm. (A) 
Feature extraction for a potentially arrhythmogenic non-conductive tissue region, including the area, 
perimeter, surrounding fibrosis, and proximity to nearest non-conductive tissue. (B) Receiver operating 
characteristic curve for 10-fold cross validation RdF prediction algorithm. (C) Bar graph of spatial feature 
importance.  

Figure 4.6 shows the prediction breakdown for five different non-conductive tissue clusters with 

respect to each of the four spatial features. The arrow associated with each spatial feature 

points in the direction of its prediction (i.e., arrhythmogenic or non-arrhythmogenic) with arrow 

size indicating the strength of the feature’s influence. Figure 4.6A shows a correct, non-

arrhythmogenic prediction for a small scar region resulting from ablation (area: 0.16 cm2; 
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perimeter: 3.35 cm) with 21.9% ResF. While the scar’s associated proximity index provided a 

slight positive pressure, there was a net negative influence resulting from low area, perimeter, 

and surrounding ResF characteristics. Figure 4.6B shows an arrhythmogenic prediction for a 

mitral valve that promoted flutter-like activity in simulations. This prediction was primarily driven 

by large positive forces corresponding to the valve’s size (area: 9.57 cm2; perimeter: 17.54 cm). 

Figure 4.6C shows the prediction for a non-arrhythmogenic scar spanning the posterior wall. 

The scar’s size (area: 21.94 cm2; perimeter: 80.94 cm) was the leading driver in the algorithm’s 

accurate prediction. For cases 4.6D and 4.6E, the algorithm’s classification of arrhythmogenic 

was correct, yet the decision was borderline. Figure 4.6D shows a case where size promoted 

arrhythmic activity (area: 4.03cm2; perimeter: 16.52cm), but low ResF (7.9%) resulted in two 

opposing predictive indicators. Figure 4.6E shows another uncertain decision where high 

surrounding ResF (59.16%) provided a considerable predictor of arrhythmogenicity, while 

smaller size (area: 0.48 cm2; perimeter: 5.22 cm) resulted in non-arrhythmogenic predictors.  
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Figure 4.6. Explainability analysis of RdF for predicting arrhythmogenicity from scar spatial 
attributes. Grey outline indicates model prediction. (A) Explanation of a correct non-arrhythmogenic 
prediction for an ablation-delivered scar. SHAP values: Area: −0.0434; Perimeter: −0.0740; Surrounding 
ResF: −0.0147; Proximity Index: 0.0032. (B) Explanation of a correct prediction for an arrhythmogenic 
mitral valve. SHAP values: Area: 0.163; Perimeter: 0.260; Surrounding ResF: 0.113; Proximity Index: 
0.002. (C) Explanation of a correct non-arrhythmogenic prediction for a large non-conductive tissue 
region. SHAP values: Area: −0.0462; Perimeter: −0.0119; Surrounding ResF: −0.0195; Proximity Index: 
−0.0122. (D) Explanation of a correct prediction for an arrhythmogenic ablation-delivered scar. SHAP 
values: Area: 0.081; Perimeter: 0.158; Surrounding ResF: −0.192; Proximity Index: −0.009. (E) 
Explanation of a correct arrhythmogenic prediction for an ablation-delivered scar. SHAP values: Area: 
−0.0913; Perimeter: −0.0582; Surrounding ResF: 0.144; Proximity Index: 0.0113. 
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To further probe each feature’s influence, we plotted raw feature values against SHAP values 

corresponding to feature importance (Figure 4.7). We identified an intermediate range of the 

perimeter and area features (perimeter: ~15 to 60 cm and area: ~2 to 20 cm2) for which the 

corresponding non-conductive tissue cluster was highly likely to be arrhythmogenic (Figure 

4.7A and 4.7B). Non-conductive tissue with sizes below these ranges have a sharp falloff, with 

smaller cluster perimeter/area indicating decreasing likelihood of arrhythmogenicity. For larger 

non-conductive tissue regions, there was a gradual falloff culminating in SHAP values predictive 

of non-arrhythmogenicity. Furthermore, as the amount of fibrosis surrounding non-conductive 

tissue increased, the likelihood of potentially arrhythmogenic substrate also increased linearly 

(Figure 4.7C). There was no significant distinctive relationship identified relating scar proximity 

to arrhythmogenicity (Figure 4.7D). Overall, our analysis suggests that scars with a specific size 

(perimeter: ~15 to 60 cm and area: ~2 to 20 cm2), and juxtaposition to ResF are key in 

harboring arrhythmic activity in post-ablation models of PsAF patients.  
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Figure 4.7. Dependence plots of SHAP importance value vs. raw feature value. (A) Dependence plot 
for perimeter. (B) Dependence plot for area. (C) Dependence plot of surrounding ResF percentage. 
Trendline equation: y=0.3304x-0.0759; R2=0.6502. (D) Dependence plot for proximity index. Trendline 
equation: y=-0.000008x+0.0035; R2=0.0.0349.  

To highlight areas of potentially arrhythmogenic and non-arrhythmogenic non-conductive tissue, 

we show six unique models each with patient specific ResF and scar distributions. Figure 4.8A 

depicts a region of ablated tissue on the posterior wall with elevated surrounding ResF (69.4%) 

and within the susceptible size range (area: 4.34cm2; perimeter: 19.59cm). This scar promoted 

AR in post-ablation simulations. Figure 4.8B depicts an ablation-delivered scar continuous with 

the right superior pulmonary vein, yielding tissue with sufficient perimeter and area to sustain 

reentry. In Figure 4.8C, we show a mitral valve that was arrhythmogenic in simulations. Despite 
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lower surrounding ResF (24.32%), the valve was within the ideal size range for arrhythmia 

susceptibility. None of the purple highlighted regions were capable of sustaining arrhythmias 

from a multitude of common AFib trigger locations (Figure 4.8D-F). Figure 4.8D depicts a right 

inferior pulmonary vein non-arrhythmogenic in simulations. Figure 4.8E shows a case of a small 

(area 0.22cm2; perimeter: 2.6cm), isolated scar cluster. Finally, Figure 4.8F shows a large 

(area: 53.1cm2; perimeter: 141.72cm) scar. 

 

Figure 4.8. Scar patterns with and without post-ablation simulated recurrence sites. Green outlines 
indicate tissue that sustained an AR in post-ablation simulations. Purple outlines indicate tissue that did 
not sustain ARs in post-ablation simulations. (A) Scar on the posterior wall with an area of 4.34cm2, a 
perimeter of 19.59cm, and 64.9% surrounding ResF. (B) Right superior pulmonary vein contiguous with 
scar yielding a total perimeter of 25.64cm, and area of 7.35cm2 and 20.0% surrounding ResF (C) 
Reentrant activity around the mitral valve, with a perimeter of 18.00cm, area of 9.79cm2 and 24.32% 
surrounding ResF. (D) Right inferior pulmonary vein with a perimeter of 7.56cm, area of 1.88cm2 and 
0.00% surrounding ResF (E) Non-arrhythmogenic ablation-delivered scar on the posterior wall with a 
perimeter of 2.6cm, area of 0.22cm2 and 16.2% surrounding ResF. (F) Scar on the posterior LA with a 
perimeter of 141.72cm, area of 53.1cm2 and surrounding ResF of 23.14% unable to sustain a simulated 
arrhythmia. 
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4.6 Further Discussion 

This computational modeling study used a novel representation of post-ablation PsAF substrate, 

combining LGE-MRI derived pre-ablation native fibrosis with ablation-induced scar. In 37 PsAF 

LA models, we investigated the emergent effects of two post-ablation substrates (i.e., ResF and 

ablation-induced scar). We showed that PsAF ablation may transform substrate that favors FR 

perpetuation into one that is more conducive to ARs. We also demonstrated that spatial 

properties of non-conductive tissue areas, particularly area, perimeter, and proximity to fibrosis, 

are predictive of AR-prone substrate in post-ablation models. This study analyzes the combined 

effects of ResF and ablation-delivered scar quantified via LGE-MRI to provide insights on 

potential mechanisms of recurrent arrhythmia in PsAF patients.  

4.4.1 Relationship between PsAF substrate characteristics and model inducibility  

Given high recurrence rates of catheter ablation for PsAF (150), it is essential to elucidate 

potential recurrence mechanisms. Prior simulation-based work suggests post-ablation 

arrhythmia episodes may be perpetuated by emergent FRs, preserved FRs, or AR circuits 

around ablation-lesions (99, 130). Our work builds on these studies via incorporation of image-

derived ablation lesions achieved by characterization of native fibrosis in pre-ablation scans, 

then superimposition of post-ablation enhanced tissue as non-conductive scar. This aspect of 

our study is key, as it allows us to investigate consequences of incomplete PVI ablation lesions 

and untargeted fibrosis (i.e., ResF) with respect to AR and FR perpetuation.  

We first investigated the individual contribution of ResF and ablation-induced scar to the 

incidence of each reentry mechanism (i.e., AR and FR). In this study, total ablation scar burden 

did not influence the incidence of post-ablation ARs and FRs. This offers a potential explanation 

for failure of PVI with additional substrate modification to show superiority over stand-alone PVI 

(158), as our results show that additional scar has no correlative relationship with either post-

ablation reentrant mechanism. In contrast, extent of ResF was a significant modulator of post-
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ablation model inducibility. This finding is consistent with clinical data indicating that elevated 

pre- and post-procedural fibrosis is a strong predictor of recurrent arrhythmia (50, 159). The 

DECAAF-II trial assessed targeting MRI-identified fibrotic regions in addition to PVI in persistent 

AF patients and did not show an improvement in arrhythmia recurrence outcomes (153). While 

this approach is aimed at reducing residual fibrosis, further analysis is needed into whether 

reduction in residual fibrosis was actually achieved and how this impacted the observed results.   

We then compared mechanisms of simulated arrhythmia in pre- and post-ablation models. Pre-

ablation substrate consisting exclusively of native fibrosis was more likely to perpetuate FRs. 

Conversely, in post-ablation models, synergistic interaction between ResF and ablation lesions 

reduced the incidence of FRs and favored AR initiation. This suggests that ablation in PsAF 

patients might transform the substrate from one that perpetuates primarily FRs to one that 

favors ARs. Clinically, atypical flutters sustained by AR drivers can be common after PVI, 

affecting up to 10% of patients following RF ablation (160-163). Thus, our study provides 

reasonable explanation for the incidence of these tachyarrhythmias via anatomically AR around 

the mitral valve. The remaining 90% of recurrent AFib cases may be attributed to emergent or 

preserved FRs, as previously suggested (99). In this study, we observed both types of FR-

driven arrhythmias in post-ablation simulations. However, another possibility stems from the 

remainder of ARs (i.e., ablation-delivered scar AR and anatomically AR around veins). The 

clinical manifestation of these types of simulated activity is not well-characterized. As such, 

some AR morphologies from our study may present clinically as AFib-like activity, particularly 

those with small reentrant path-lengths allowing for wave break and chaotic activity in the 

periphery (see Chapter 4). Nevertheless, there exists a pattern of arrhythmogenic post-ablation 

substrate that should be further characterized due to its potential role in recurrent arrhythmias.  



80 
 

4.4.2 Machine learning to identify pro-arrhythmic post-ablation substrate 

We picked intuitive features based on prior knowledge to train an RdF machine learning model 

to identify arrhythmogenic regions in the post-ablation substrate. There is some evidence that 

using inductive features chosen by an algorithm (i.e., unsupervised machine learning) may 

increase predictive capability (103). However, rather than trying to optimize the predictive 

capability of our algorithm, our goal was to maximize its clinical usefulness and interpretability 

(164). We included size (i.e., area and perimeter) of a non-conductive tissue cluster as a feature 

since large, contiguous scars are associated with better clinical outcomes (165). We also 

examined the percentage of ResF surrounding a non-conductive tissue region, since ResF was 

a key factor in post-ablation model inducibility in this study and others (50). The concept of an 

isthmus as a complex structure with entrances and exits capable of sustaining arrhythmias has 

been explored through the lens of ventricular tachycardias (166, 167) and to some extent 

anatomically in the atria as having an important role in atrial flutter (168, 169). As such, the last 

feature we included in our predictive model was the distance to the nearest neighboring non-

conductive tissue region, or proximity index score. Combining all of these features, we devised 

an RdF algorithm highly capable of predicting non-conductive tissue regions that would be 

arrhythmogenic in post-ablation simulations.  

A key aspect of this work is the explainability of our algorithm, meaning the results of our 

prediction with respect to the contribution of each input feature are easily interpretable. Machine 

learning has a variety of applications, including in electrophysiology (170-172). Unfortunately, 

due to valid logistic concerns in hospital adoption and algorithmic biases, there are calls for 

improved interpretability of machine learning findings (173-175). By measuring the importance 

of each feature in our model and relating it to the original feature value, we can unveil the so-

called “black box” and quantify our findings beyond merely characterizing predictive power. We 
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specifically chose RdF learning as it allows for greater algorithmic transparency, since raw 

feature values are not altered during the learning process. 

4.4.3 Analysis of potentially arrhythmogenic non-conductive tissue regions 

Application of SHAP analysis revealed non-conductive tissue perimeter as the most influential 

feature in predicting arrhythmogenicity, followed closely by tissue area and amount of 

surrounding ResF. The perimeter and area features are associated with a “Goldilocks principle”, 

whereby non-conductive areas with values that are too small or too large were much less likely 

to be associated with AR perpetuation. Mitral valve annuli commonly had values that fell in the 

arrhythmogenic perimeter and area ranges (64% of post-ablation models), providing a potential 

explanation for the prevalence of atypical flutter following catheter ablation (176). Our findings 

also suggest that higher surrounding ResF is predictive of non-conductive tissue regions prone 

to sustaining AR. We surmise that this increased propensity for reentry arises from reduced 

cardiac wavelength in fibrotic tissue, which has been shown to be associated with the presence 

of both AR and FR reentrant mechanisms (177). The distance to the nearest neighboring non-

conductive tissue, our surrogate measurement for presence of an isthmus, was not a strong 

driver of RdF decision-making.  

Thus, our algorithm suggests there are two key constituents for arrhythmogenic post-ablation 

substrate: ideal non-conductive tissue size and high surrounding ResF. Our algorithm suggests 

that if both components are present, a potent arrhythmogenic substrate exists. If only one of two 

components are present, there is still a possibility for arrhythmogenic substrate, albeit potentially 

only under certain conditions not assessed in this study. These findings implore caution during 

ablation procedures as lesions in proximity to native fibrosis and non-contiguous lesions may 

lead to adverse ablation outcomes. Our explainable machine learning classifier suggests that 

non-arrhythmogenic post-ablation substrate patterns are generally characterized by contiguous 

non-conductive regions free of surrounding ResF. 
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4.7 Clinical Perspective 

The knowledge revealed by this study regarding links between the arrhythmogenicity of post-

ablation substrate and spatial features of ablation lesions has implications for clinical strategies 

to treat PsAF in patients. Like previous computational work, which identified fibrotic spatial 

fibrosis patterns that favor FR localization (40), our work characterizes how AR localization is 

modulated by synergistic interaction between ablation lesion size/location, distribution of non-

ablated native fibrosis, and left atrial geometry. Our work indicates that the most effective 

ablation-induced scars are ones which are small (area < 2 cm2; perimeter < 15 cm) or large 

(area > 20 cm2; perimeter > 60 cm). Regardless of size, ablation lesions or anatomical 

structures with minimal surrounding fibrosis are less likely to be arrhythmogenic. Many prior 

studies have suggested confirmation of durable, continuous ablation lesions as they lead to 

better outcomes in patients (165, 178-180) likely due to a reduction of potential arrhythmogenic 

trigger sites. We suspect that ablation success in the context of complete lesion formation may 

also be attributable to the presence of post-ablation substrate too large to sustain reentry. We 

also speculate that ablation procedures without suitable lesion formation may result in 

unintended, isolated scar clusters which may serve as substrate for recurrent arrhythmias. This 

is a potential mechanism for recurrent arrhythmia following PVI beyond inadequately isolated 

focal sources. It is also conceivable that these susceptible spatial locations could be a key 

target for repeat ablation, as identified by standardized fibrosis identification methods.   

4.8 Limitations  

We studied a homogenous cohort of PsAF patients, allowing us to retrospectively examine how 

ablation alters the substrate’s propensity for AFib. As such, these findings may not apply to 

those with paroxysmal AFib. Several studies have also reported that other factors influence the 

dynamics of AFib, including heterogeneity of wall thickness (181, 182), endo-epicardial 

dissociation (183), and complex micro-structures (184). Our study is primarily concerned with 
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the relationship between the interplay of the macroscopic patient-specific distribution of fibrotic 

tissue and ablation-delivered lesions. We emphasize that the emergent arrhythmia dynamics 

may interact with other factors to give rise to the complex behavior of AFib, particularly in a 

post-ablation milieu. Additionally, limitations in the methodological dependency of fibrosis 

assessment by LGE-MRI implore caution during interpretation of fibrosis extent and spatial 

pattern (185).  

We also recognize that a limitation of this study is the inability to include clinical 

electrocardiographic imaging or electroanatomical mapping as inputs to our machine learning 

algorithm to obtain a multi-faceted view of potential arrhythmogenic substrate. Future work 

could pursue using this technique to further investigate potentially pro-arrhythmic post-ablation 

substrate. Furthermore, with respect to ablation-delivered scar-anchored reentries, cardiac 

mapping tools are needed to characterize the clinical behavior of this reentry. Prior work in has 

shown reasonable correlation between predictions from pre-ablation computational modeling 

and measurements from intracardiac mapping or electrocardiographic imaging (41, 42). We 

expect that the addition of post-ablation scar to these models would not greatly diminish their 

predictive power. Nevertheless, future work should prioritize correlating the characteristics of 

post-ablation arrhythmogenic substrate with recurrent arrhythmias seen in PsAF patients.  

4.9 Conclusions  

Simulations suggest that ablation in PsAF patients can transform the left atrial fibrotic substrate 

from one that primarily harbors FRs into a milieu that heavily favors ARs. Our results show 

significantly more AR activity (i.e., activity sustained by a pulmonary vein, mitral valve, or 

ablation lesion) in post-ablation models, which is correlated with increased ResF and 

independent of total scar burden. Using an explainable RdF machine learning algorithm, we 

identified the spatial attributes of non-conductive regions that are most likely to perpetuate AR in 

post-ablation models (intermediate perimeter/area and surrounding ResF). Future work should 
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aim to clinically validate these findings by interrogating post-ablation mapping data for recurrent 

arrhythmias in regions of susceptible non-conductive tissue identified by LGE-MRI. Overall, 

these results provide important insights into the combined role of fibrosis and ablation-induced 

scar in post-ablation recurrent arrhythmias.  

4.10 Methods and Data Availability 
 

Patient Population and MRI Acquisition  

The population considered in this study was drawn retrospectively from an established database 

of patients with clinically diagnosed PsAF (157) who were previously recruited to undergo 

cardiac LGE-MRI at the University of Washington (Seattle, WA). Institutional Review Board 

approval was secured (protocol #HSD 8763) as part of the UW Cardiac Arrhythmia Data 

Repository. Inclusion criteria were PsAF at time of initial visit and availability of pre- and post-

ablation LGE-MRI. Patients with prior AFib ablation were excluded. All 37 patients underwent 

PVI, and some (19/37) had additional substrate modification outside of the pulmonary veins. 

Using previously described protocols (27), cardiac LGE-MRIs were obtained in all participants 

up to 2 months before ablation and again 3-6 months following ablation to quantify the extent of 

LA fibrosis and scar, respectively. MRI scans were performed in patients in sinus rhythm or AFib 

with controlled ventricular rate to reduce potential imaging artifacts (186). We excluded AFib 

patients who had previous catheter ablation, cardiac implantable electronic devices, severe 

claustrophobia, renal dysfunction, and other contraindications to MRI or gadolinium-based 

contrast. Scans were performed on Philips Ingenia clinical scanners, 15–25 min after contrast 

injection, using a 3D inversion-recovery, respiration-navigated, ECG-gated, gradient echo pulse 

sequence. Acquisition parameters included transverse imaging volume with a voxel size of 1.25 

× 1.25 × 2.5 mm (reconstructed to 0.625 × 0.625 × 1.25 mm).  

Reconstruction of patient-specific LA models 
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Geometric models were reconstructed by Merisight Inc (Salt Lake City, UT) from the pre-

ablation LGE-MRI and the extent of fibrosis in the LA was quantified via an adaptive histogram 

thresholding algorithm (138). In post-ablation models, ablation scar geometry on post-ablation 

LGE-MRI was identified using previously established methods. Briefly, for both pre- and post-

ablation scans, an enhancement intensity threshold typically ~2 standard deviations from the 

mean value was applied (86). This methodology accounts for the fact that hyperenhancement 

from ablation-induced scar is brighter than that from fibrosis. Thus, regions labeled as fibrotic 

pre-ablation fall below the hyperenhancement threshold in post-procedure scans. We used non-

rigid registration to map LGE-derived post-ablation non-conductive scar patterns onto pre-

ablation models including native fibrosis. Hyper-enhancement on post-ablation scans coinciding 

with regions labeled as fibrotic in the pre-ablation scan were considered non-conductive scar. 

Fibrosis percentage was calculated for each model by dividing the sum of the surface area of 

each fibrotic element by the total surface area of the myocardium of the LA (i.e., excluding 

vein/valve surface area). Each LA model was represented as a bilayer comprising of nested 

endocardial and epicardial shells, linked at every point by linear connections (135), as in 

previous work (119). Realistic myocardial fiber orientations were mapped from an atlas 

geometry using universal atrial coordinates (140). 

Modeling of Atrial Electrophysiology 

Our methodology for computational modeling at the cell and tissue scale of the fibrotic and non-

fibrotic atrial electrophysiology can be found in previously published papers (40-42). Briefly, a 

human atrial action potential model (56) was used to represent membrane kinetics in non-

fibrotic myocardium, with the addition of parameter modifications to fit clinical monophasic 

action potential recordings from AFib patients (40, 142) (IKur, Ito, ICaL decreased by 50%, 50%, 

70%, respectively). In fibrotic regions, further action potential modifications were implemented 

(ICaL, INa, and IK1 decreased by 50%, 40%, 50%, respectively) to represent elevated transforming 
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growth factor-β (187), as in prior studies (40, 119, 130). At the tissue scale, we applied 

conductivity tensor values of σL = 0.409 S m−1 the longitudinal direction and σT = 0.0820 S m−1 in 

the transverse, as in our previous study (119). These conductivity tensor values correspond to 

physiologically realistic conduction velocity values of 71.49 and 37.14 cm s-1 (longitudinal and 

transverse) (143-145). In fibrotic tissue, the overall conductivity was reduced, and the anisotropy 

ratio was exaggerated from 5:1 to 8:1 (σL = 0.177 S m−1; σT = 0.0221 S m−1) to represent the 

effects of interstitial fibrosis and gap junction remodeling (33, 40, 188).  Prior work has 

suggested that conduction velocity, fibrosis representation, and action potential duration can 

markedly affect driver localization dynamics (73, 104, 131). Thus, to ensure the set of potential 

driver sites produced by our analysis was fairly comprehensive in this manner, we repeated all 

simulations in post-ablation models with four additional conductivity sets, chosen to 

increase/decrease conduction velocity by ±10% or ±20% (Figure 4.4).  

Simulation Protocol and Analysis 

Propagation of electrical activity was simulated by solving the monodomain formulation using 

the finite element method. All simulations were performed on the University of Washington Hyak 

supercomputer system using the openCARP environment for cardiac electrophysiology 

modeling (76), which is freely available for academic use (see: https://openCarp.org).  

In pre- and post-ablation versions of each model, virtual pacing was applied from fifteen LA sites 

representing common AFib trigger areas (7) to assess arrhythmia driver inducibility. The pacing 

protocol for AFib induction can be found in previous publications (40, 119). We ran a total of 555 

(37 models x 15 sites) pre-ablation simulations and 2775 post-ablation simulations (37 models × 

15 pacing sites × 5 conduction velocity settings), with a post-pacing interval of 5.5s. After pacing 

ceased, electrophysiologic activity was extinguished spontaneously unless a reentrant driver 

perpetuated conduction. Each induced episode of arrhythmia was manually sub-classified as 

either FR or AR (interobserver agreement >96%). FR was defined by an electrical wavefront 
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conducting in a spiral fashion, making at least two revolutions, and typically occurring at the 

border zone between fibrotic and non-fibrotic tissue. AR was defined by an electrical wavefront 

sustained in some measure by a non-conducting region (i.e., one or more pulmonary vein ostia; 

mitral valve annulus; area of ablation-induced scar). We infrequently observed "hybrid" 

arrhythmias involving reentrant paths with both functional and anchored components (see 

Chapter 4). We classified these as AR due to the dependency on non-conductive tissue. As in 

prior studies (40, 101, 119), in regions distal to the primary driver (FR or AR) we observed 

bystander conduction slowing and wavefront pivoting that was transient in nature (i.e., in the 

absence of the primary driver, the auxiliary activity might not sustain the arrhythmia). An 

example is shown in Chapter 4. Prior work has demonstrated that FR-sustained arrhythmias are 

more AFib-like because of their transient reentry, wave collisions, conduction blocks, and distal 

fibrillatory activity that resemble AFib in mapping studies (40). We classified anatomical AR 

around the mitral valve as mitral annular flutter. Yet, for other forms of AR (anatomically 

anchored around veins or ablation-induced scar-AR) the emergent clinical rhythm is unclear.  

Figure 4.9. Edge cases for classification of simulated reentrant arrhythmias. (A) "Hybrid" reentrant 
activity, in which the wavefront includes both functional (purple; FR) and anchored (black; AR) 
components. Due to the essential involvement of non-conductive tissue, we classified examples like this 
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as AR. (B) Auxiliary FR-like activity (purple) in the periphery of an arrhythmia sustained by AR around the 
mitral valve (black).  

Extraction of Non-Conductive Tissue Regions Spatial Features 

Spatial features were extracted for all non-conductive tissue regions larger than 1mm2 in area. 

Non-conductive tissues were defined as pulmonary vein ostia, mitral valve annuli, or ablation-

derived scar. These non-conductive tissue clusters were designated as independent entities 

unless they shared a common edge with a neighboring scar, vein, or valve in which case the 

two entities were combined into one cluster.  

The area of each non-conductive tissue cluster was defined as the surface area of all ablation-

induced scar and vein/valve tissue in that cluster. To account for the arbitrary nature of 

pulmonary vein segmentation, in which some veins are truncated further down the ostium than 

others, we eliminated the pulmonary vein ostia altogether and replaced it with a flat cap (Figure 

4.10) for spatial feature calculations. Perimeter was determined by adding up the lengths of the 

outer edges of each non-conductive tissue cluster. The extent of fibrosis surrounding each non-

conductive cluster was determined by iteratively adding layers of finite elements (average edge 

length: 188μm) at the periphery; 50 iterations of region growing resulted in a ~1 cm-wide 

neighborhood. Within this periphery, we calculated the percentage of total excitable tissue that 

was fibrotic (i.e., non-conductive tissue was not factored into the calculation). We used a similar 

approach to compute proximity index, defined as the number of element layers added to each 

cluster before encountering a distinct non-conductive region. We opted for this approach 

because it was more computationally efficient than calculating geodesic distance.  
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Figure 4.10. Example of flattened pulmonary vein ostia and mitral valve for area of non-
conductive tissue calculation. Anterior (left) and posterior view (right).  

 

Evaluation of Machine Learning Classifier 

From the entire population of post-ablation simulations conducted, we selected the subset in 

which AR was induced and designated the corresponding non-conductive tissue region as pro-

arrhythmic. All remaining non-conductive areas were labeled as non-arrhythmogenic. These 

data were used to train a supervised RdF classifier to recognize combinations of spatial features 

associated with the arrhythmogenic subset of non-conductive tissue morphologies. We used 10-

fold stratified cross validation to minimize the possibility of predictive power being overestimated 

due to lucky initialization (189); this approach also ensured an equal distribution of 

arrhythmogenic and non-arrhythmogenic sites in the training and test sets. We used SHapley 

Additive exPlanations (SHAP) to probe feature importance in the RdF classifier; SHAP is a 

framework for interpreting algorithmic predictions that calculates the marginal contribution of 

every feature for each prediction (116, 117).  

Statistical Analysis 

Continuous variables were compared pairwise between groups using Wilcoxon rank-sum tests 

and were reported as median ± interquartile range (IQR). After classifying FRs and ARs, 
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correlation with fibrosis and scar burden was assessed with logistic regression. Statistical 

significance was established at two-tailed P≤0.05. All statistical analysis was performed using R 

(148). 

Data availability 

Where possible (Figures 3.2, 3.3, 3.4, 3.5, and 3.6), raw numerical data underlying figures are 

available via this figshare link: https://doi.org/10.6084/m9.figshare.23605671.v1. Patient-derived 

data in this article, including processed versions thereof, are not publicly available out of respect 

for the privacy of the patients involved. Interested parties wishing to obtain these data for non-

commercial reuse should contact the author. Upon all reasonable requests for access to these 

data, the corresponding authors and I will work to pursue negotiation of a Data Transfer and 

Use Agreement with the requesting party, administrators at the requesting party's institution, the 

University of Washington, and relevant Institutional Review Boards. Source files for a complete 

example of computational modeling and simulation of the fibrotic atria, using publicly available 

data sets and software tools only, can be found via the following permanent link: 

https://figshare.com/articles/dataset/Computational_Modeling_Simulation_of_Atria_with_Fibrotic

_Remodeling_-_Example/14347979. Documentation provided with this example includes 

instructions on the use of the openCARP cardiac electrophysiology simulator and the 

meshalyzer visualization software (both available via https://opencarp.org/) to precisely 

reproduce the computational protocol applied to patient-specific left atria models in this study. 

Code to reproduce the random forest machine learning and the associated SHAP explainability 

can be found at github: https://github.com/Sfbifulco/CardSSRFxML.  
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Chapter 5. Explainable Machine Learning for Cardiac Catheter 

Ablations: Identifying Risk Factors and Predicting Post-Ablation 

Recurrence  

5.1 Abstract 

It is challenging to distinguish patients at risk for recurrent arrhythmias from those who will 

remain arrhythmia free following ablation. New explainable machine learning (xML) techniques 

allow for systematic assessment of known risk factors for catheter ablation recurrence on 

population and patient specific strata. Our aim is to develop an xML algorithm that predicts 

arrhythmia recurrence and reveals key risk factors influencing model predictions to facilitate 

better treatment planning in ablation candidates. We reconstructed pre-and post-ablation 

models of LA from clinical LGE-MRI scans. Patient-specific features (LGE-MRI-based 

measurements of pre/post-ablation arrhythmogenic substrate, LA geometry metrics, and clinical 

risk factors from each patient’s electronic health record) were extracted and used to train a 

random forest classifier to predict recurrent arrhythmia. We reported each risk factor’s marginal 

contribution using SHapley Additive exPlanations (SHAP). Across 67 patients, the classifier was 

able to predict post-ablation arrhythmia recurrence (mean ROC AUC: 0.84 ± 0.08; mean PR 

AUC: 0.89 ± 0.08). SHAP analysis revealed that of 55 features tested, the key population risk 

factors for post-ablation recurrence were large LA volume, clinical characterization of persistent 

atrial fibrillation, and low lesion number assessed by post-ablation LGE-MRI. We also examined 

the predictions of recurrence for each patient. The explainable aspect of our approach allows us 

to understand why a particular patient can have large prediction weights for some categories 

without tipping the balance towards an incorrect prediction. We also validated our model in a 

retrospective internal testing cohort (12/15 [80%] correct predictions). This work presents a 
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comprehensive clinical tool to explain patient recurrence risk by combining patient-specific 

clinical profiles and LA LGE-MRI-derived data via an explainable classifier.  

 

 

5.2 Introduction 

Atrial fibrillation (AFib) is the most common cardiac arrhythmia, affecting 1-2% of the world’s 

population and significantly contributing to morbidity and mortality (120). Catheter ablation by 

pulmonary vein isolation is an established rhythm control strategy and is the cornerstone of AFib 

ablation. However, this one-for-all method results in recurrent rhythms in ~20-40% of patients 

(150, 161). Differentiating patients at risk for recurrent rhythm from those who will remain 

arrhythmia-free following ablation poses a challenge. However, the development of a 

methodology that predicts recurrent arrhythmia following ablation in an explainable manner (i.e., 

explainable ML; xML), could provide valuable insights for ablation planning and decision-

making, leading to improved outcomes in AFib patients. 
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Prior work has investigated potential mechanisms and risk factors associated with recurrent 

arrhythmia. These studies have considered clinical features such as hypertension (190), 

diabetes (191), cardiomyopathy (192), and smoking status (193). Left atrial (LA) models derived 

from late gadolinium enhanced magnetic resonance imaging (LGE-MRI) also offer a means to 

characterize potential arrhythmogenic substrate. These models have been leveraged to 

investigate fibrosis (40), ablation-delivered scar (99, 130), and LA shape characteristics (194, 

195) as risk factors for recurrent arrhythmia. Integrating this rich multi-modal risk factor data for 

prediction of post-ablation recurrence is a potential avenue for generating a robust classifier and 

furthering our scientific understanding of recurrent arrhythmia. 

Existing machine learning algorithms have leveraged various features such as pre-ablation 

LGE-MRI imaging data, patient-specific simulations, and electronic health record data to predict 

recurrent AFib (103, 104, 196, 197). Each study has found varying measures of success; 

however, these algorithms often lack robust explainability metrics to elucidate how input 

features influence the final decision, which can potentially hinder their clinical implementation 

(198). Moreover, the assessment of ablation-delivered scar, despite its significant impact on 

procedural outcomes (199, 200), has not yet been included in these algorithms.  

In this proof-of-concept study, we aim to develop an xML recurrent arrhythmia prediction 

algorithm by combining risk factors of patient-specific fibrotic tissue, ablation-delivered scar, LA 

geometry metrics, and clinically relevant electronic health record data. The algorithm’s output 

will report the likelihood of recurrence and the specific risk factors which are most influential in 

the algorithm’s decision. These risk factors can be analyzed on a cohort-wide or patient-specific 

scale, offering important contextualization to the machine learning findings which can be further 

tested in randomized trials.  
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5.3 Results 

In the training and validation cohort, 40/67 (59.7%) patients experienced recurrence of either AF 

(29/40; 72.5%) or atrial flutter (11/40; 27.5%) in the 2-year follow-up. 36/67 (53.7%) of patients 

underwent circumferential linear radiofrequency or cryoballoon ablation around the left and right 

pulmonary veins without additional substrate modification. The remaining 31/67 (46.3%) of 

patients had additional substrate modification via radiofrequency ablation. The median time to 

reported recurrence was 153 days. Mean follow-up time was two years.  

Table 5.1. Patient characteristics in training and testing cohort. Variables are reported as median 
(IQR). For binary variables, proportions were reported. BMI, body mass index, CHF, congestive heart 
failure, COPD, chronic obstructive pulmonary disease, LGE, late gadolinium enhancement, OSA, 
obstructive sleep apnea, PVI, pulmonary vein isolation, RF, radiofrequency, SM, substrate modification, 
TIA, transient ischemic attack. 

 Recurrence No Recurrence p-value 
N (%) 40 27  
Age (years) 65 (53-77) 59 (46-72) 0.4896 
BMI 31.2 (20.4-42.0) 29.9(22.5-37.5) 0.9747 
Sex (male) 60.0% 55.6% 0.7251 
Hypertension 57.5% 59.3% 0.8929 
Hyperlipidemia 37.5% 40.7% 0.7968 
Coronary artery 
disease 

20% 14.8% 0.5966 

OSA  32.5%  33.3%  0.7091 
Stroke/TIA 10.0% 3.7% 0.3469 
Diabetes 10.0% 7.4% 0.7272 
COPD 10.0% 0% 0.09566 
Cigarette use  17.5%  18.5%  0.9233 
Thyroid disease 15.0% 7.4% 0.6570 
CHF 32.5% 22.2% 0.3679 
Pre-Ablation left atrial 
LGE (%) 

15.6% (11.48%-
21.9%) 

17.6% (8.95%-20.25%) 0.9033 

AF ablation type: 
 

   

Cryo PVI only 35.0% 44.4% 0.4444 
Cryo PVI + RF SM 5.0% 3.7% 0.8166 
RF PVI only 17.5% 11.1% 0.4814 
RF PVI + SM 42.5% 40.7% 0.8929 
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A table of 57 features with sub-classifications of (1) clinical attributes, (2) left atrial geometry, (3) 

patient-specific fibrosis patterns and (4) patient-specific ablation-delivered scar patterns is 

provided Table 5.2. Simulation-derived features collected are outlined in Table 5.3, but due to a 

lack of improvement in prediction capability (AUC with simulation features: 0.82±0.08 [Figure 

5.1] vs AUC without simulation features 0.84±0.08 [Figure 5.3], p=0.4116 (201)) coupled with a 

lack of clinical accessibility we opted to exclude these features to retain clinical usefulness.  

Clinical Features Geometry Features LGE-MRI Derived 
Fibrosis Features 

LGE-MRI Derived 
Ablation-delivered Scar 
Features 

Ablation type 
(Cryoballoon/Radiofr
equency) 

Pre-Ablation LA 
Surface Area 

Pre-ablation fibrosis SA Post-ablation scar SA 

Additional Ablation 
Lines  

Pre-Ablation LA 
Volume 

Pre-ablation fibrosis as a 
percentage of LA  

Post-ablation scar as a 
percentage of LA 

Age Pre-Ablation LA 
Volume Index 

Post-ablation fibrosis SA Number of LGE-derived 
scar lesions 

BMI Post-Ablation LA 
Surface Area 

Post-ablation fibrosis as 
a percentage of LA 

Number of LGE-derived 
scar lesions with 
arrhythmogenic perimeters 

Sex Post-Ablation LA 
Volume 

Pre-Ablation Average 
Fibrosis Density 

Number of LGE-derived 
scar areas with high 
surrounding fibrosis 

Symptom Class 
(Range 1-4, 
depending on 
severity of 
symptoms) 

Post-Ablation LA 
Volume Index 

Pre-Ablation Average 
Fibrosis Entropy 

Post-Ablation Scar in each 
of the following regions: 
Atrial Floor; Anterior Wall; 
LPVs; RPVs; Posterior 
Wall. 

Number of Direct 
Cardioversions 

 Post-Ablation Average 
Fibrosis Density 

 

Cardiomyopathy  Post-Ablation Average 
Fibrosis Entropy 

 

Coronary Artery 
Disease 

 Pre-Ablation Tissue % 
with high FE/FD 

 

Hypertension   Post-Ablation Tissue % 
with high FE/FD 

 

Congestive Heart 
Failure 

 Pre-Ablation Fibrosis in 
each of the following 
regions: Atrial Floor; 
Anterior Wall; LPVs; 
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RPVs; Posterior Wall 

Obstructive Sleep 
Apnea 

 Post-Ablation Fibrosis in 
each of the following 
regions: Atrial Floor; 
Anterior Wall; LPVs; 
RPVs; Posterior Wall. 

 

Stroke / Transient 
Ischemic Attack 

   

Diabetes    

Chronic Obstructive 
Pulmonary Disease 

   

Smoking    

Thyroid Disease    

Class I AAD usage    

Class II AAD usage    

Class III AAD usage    

Class IV AAD usage    

Table 5.2. List of all features prior to feature selection process. Features are grouped into three 
sections: clinical variables, geometry features, LGE-MRI derived fibrosis and ablation-delivered scar 
features.  

 

Simulation Features 

Number of macro-reentrant tachycardias in post-ablation simulations  

Number of macro-reentrant tachycardias in pre-ablation simulations  

Number of reentrant drivers in pre-ablation simulations 

Number of reentrant drivers in post-ablation simulations 

Number of inducible trigger sites in pre-ablation simulations  

Number of inducible trigger sites in post-ablation simulations 

Pre-ablation number of phase singularities 

Post-ablation number of phase singularities 

Pre-ablation number of unique phase singularities  

Post-ablation number of unique phase singularities 
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Table 5.3. List of simulation features excluded from study. 

 
Figure 5.1. ROC curve including simulation data.   

 

Features were inputted into a least absolute shrinking and selection operator (LASSO) feature 

selection algorithm to both minimize the feature to outcome variable ratio and remove observed 

confounders (Figure 5.2A). At this step, we reduced the number of risk factors to 20. We then 

performed hierarchical SHAP-based cluster analysis to quantitatively assess variable 

confounding. When working with SHAP, direct assessment feature redundancy is possible 

through model loss comparisons rather than compute correlation matrices or other types of 

traditional clustering methods. In Figure 5.2B, we show a dendrogram which depicts the 

relationships between the features. We implemented a variable cutoff scheme to determine the 
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optimal set of features which maximized model performance and minimized potential variable 

confounding. Our optimal threshold removed features which share more than 70% of their 

explanation power (Figure 5.2B).   
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Figure 5.2. Feature selection process. (A) Five-fold cross validation of regularization to determine the 
optimal alpha parameter to use in LASSO feature selection algorithm. (B) Cluster analysis of features 
selected by LASSO. Red line indicates optimal cutoff value for which one of two features below this line 
were removed to account for observed confounders. The feature removed was chosen based on the 
lower SHAP importance value. Features in red were removed.  

 

Our final list of features was inputted into a random forest algorithm with stratified 5-fold cross 

validation. The random forest algorithm was exposed to 40 recurrent AFib or atrial flutter cases, 

and 27 non-recurrent cases. Our classifier was successful in predicting the likelihood of 

recurrent arrhythmia (Figure 5.3A; mean receiver operating characteristic (ROC) testing area 

under the curve (AUC): 0.86 ± 0.08). AUC values in each data partition (i.e., ROC fold) ranged 

from 0.74 to 0.94. Our classifier had a balanced precision-recall score (Figure 5.3B; mean 

precision-recall (PR) AUC: 0.89 ± 0.08) with fold values ranging from 0.79 to 0.96.  

Figure 5.3. Summarization of random forest prediction algorithm effectiveness in testing sets 
across five folds. (A) ROC for testing set (AUC: 0.84 ± 0.08). (B) Precision-Recall curve for testing set. 
(AUC: 0.89 ± 0.08).  

Figure 5.4 shows the relative importance, extracted via the SHAP method, of the features in 

deciding to classify a patient as recurrent or non-recurrent. Features are sorted in decreasing 

order of importance. Each point on each feature row represents an individual patient, for which 
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we color-coded their feature value. Post-ablation left atrial volume index was the most important 

feature. Patients with a high post-ablation LA volume index were at risk for recurrent arrhythmia, 

while patients with low post-ablation LA volume indices were more likely to be arrhythmia free 

according to our algorithm. Furthermore, variables associated with the number of LGE-derived 

scar areas (i.e., contiguous, independent units of ablation-delivered scar) suggest that patients 

with a high number of these scar areas may be less likely to recur. Figure 5.4 also suggests 

that patients with increased fibrosis in the left pulmonary vein region following ablation and high 

fibrosis in the posterior wall region prior to their ablation are more likely to experience a 

recurrent arrhythmia. There are many clinical variables which indicate higher risk of recurrent 

arrhythmias, including persistent AFib, a high number of prior direct current cardioversions 

(DCCVs), and cardiomyopathy. Age as a risk factor exhibits an interesting relationship with 

arrhythmia recurrence, which is explored further in the Discussion section. Finally, our algorithm 

suggests that patients with many clinical risk factors (i.e., have Cardiomyopathy, Stroke / TIA, 

COPD) are at risk for recurrent atrial fibrillation, yet patients without these characteristics have 

minimal pressure from that feature for the algorithm to suggest arrhythmia freedom. In other 

words, patients lacking these risk factors have SHAP values for these features very close to 

zero, thus exerting little influence on the model. 
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Figure 5.4. Summary of feature importance. Features are organized in descending feature importance 
order. Features are classified as either left atrial geometry (black), clinical attributes (blue), fibrosis 
(green), or ablation-delivered scar (orange). Red dots indicate patients with a high feature value for 
continuous variables, or presence of variable in binary cases. For other cases color meaning is indicated. 
The center line represents no impact on model outcome, while right-shifted data is indicative of 
recurrence and left-shifted data indicates non-recurrence. LPV, left pulmonary veins, DCCV, direct current 
cardioversion, AAD, anti-arrhythmic drug.  

We can further characterize the relationship between feature value and impact on model output 

(i.e., SHAP value) by plotting these two variables against each other. We have chosen the top 

four continuous risk factors to highlight in Figure 5.5. The full range of features can be found in 

Figure 5.6. Figure 5.5A shows the S-shaped relationship between SHAP value and post-

ablation left atrial volume index. The maximal change in slope occurs at ~51, with patients 

above this threshold having a high likelihood of recurrence. We fit an exponential decay model 

for the relationship between the number of LGE-derived scar areas and the model pressure 

(Figure 5.5B). Most patients received approximately 10-20 scar areas during their ablation. 
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Those who received more were more likely to have a favorable outcome, while those with less 

had a severe risk of recurrence according to our model. For the number of DCCVs, we identified 

a positive, linear relationship with increasing number of prior DCCVs pressuring our model to 

suggest recurrent arrhythmia (Figure 5.5C). Finally, we plotted a moving average filter to 

posterior wall fibrosis. In general, the model suggests that patients who have >3cm2 residual 

fibrotic area in their left pulmonary veins have a marginal increased risk in our model (Figure 

5.5D).  

 
Figure 5.5. Dependence plots of SHAP importance vs. raw feature value. (A) Dependence plot for 
post-ablation LA volume index. y=0.305/(1+e^(-0.47*(x-50.786))-0.15. (B) Dependence plot for the 
number of scar clusters. Y=0.41*e^(-0.14x) – 0.06. (C) Dependence plot for DCCV number. y = 0.236x - 
0.0337; R² = 0.7153. (D) Dependence plot for post-ablation fibrosis in the LPV region with moving 
average trendline. 
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Figure 5.6. Dependence plots for all features. (A) Dependence plot for AFib Type (Paroxysmal vs. 
Persistent AFib). (B) Dependence plot for pre-ablation fibrosis in the posterior wall region. (C) 
Dependence plot for post-ablation scar in the right pulmonary vein (RPV) region. (D) Dependence plot for 
Age. (E) Dependence plot for post-ablation scar in the anterior wall region. (F) Dependence plot for pre-
ablation Class III anti-arrhythmic drugs (AADs). (G) Dependence plot for any cardiomyopathy. (H) 
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Dependence plot for discrete symptom severity (1-4). (I) Dependence plot for sex (male vs. female). (J) 
Dependence plot for pre-ablation class III AADs. (K) Dependence plot for stroke or transient ischemic 
attack (TIA). (L) Dependence plot for thyroid disease. (M) Dependence plot for smoking. (N) Dependence 
plot for chronic obstructive pulmonary disease (COPD).  

  

By summing each SHAP value for each feature for each patient, we can achieve a patient 

specific arrhythmia recurrence prediction profile. Figure 5.7 shows such a profile for three 

different patients, each correctly predicted by our algorithm. The arrow associated with each risk 

factor points in the direction of its prediction (i.e., recurrence or no recurrence) with arrow size 

indicating the strength of the feature’s influence. Figure 5.7A shows a patient with a high 

probability of recurrence according to our model. The most important risk factors contributing to 

this decision were elevated post-ablation left atrial volume index and elevated fibrosis on the 

posterior wall. The use of class III anti-arrhythmic drugs acted as a predictor for non-recurrence 

for this patient. In this case, the classifier correctly assigned this patient who recurred with atrial 

flutter. Figure 5.7B shows a patient with a high likelihood of arrhythmia freedom following their 

procedure. This patient experienced no recurrence after 2 years of follow-up, and our xML 

algorithm correctly classified this patient based on decreased left atrial volume index and no 

prior direct current cardioversions. Finally, despite having an elevated left atrial volume index 

indicative of recurrence, our model suggested that the patient depicted in Figure 5.7C would not 

have a recurrent arrhythmia based off of features pertaining to the patient’s substrate profile 

(low post ablation fibrosis in the left pulmonary vein region and a high amount of scar in the right 

pulmonary vein region). Indeed, this patient has not experienced a recurrent rhythm within the 

follow-up time.   
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Figure 5.7. Explanation of individual patient prediction scores. Grey outline indicates model 
prediction. (A) Visualization of pre- and post-ablation models and explanation of a correct recurrent 
arrhythmia prediction driven by geometry and substrate features. (B) Pre- and post-ablation models of 
patient and explanation of a correct non-recurrent arrhythmia prediction driven by geometry and clinical 
features. (C)  Visualization of pre- and post-ablation patient-specific models and explanation of a correct 
non-recurrent arrhythmia prediction driven by pre- and post-ablation substrate features. 

We performed a retrospective internal validation study with 15 patients to quantify model 

performance on previously unseen data. Patient characteristics of the internal testing cohort did 

not significantly differ from the training and validation cohort except in BMI (Table 5.4). The 
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recurrence rate between the two groups was similar (59.7% vs 53.3%) and the proportion of 

patients receiving each type of sub-classification of ablation type was similar. The median time 

to reported recurrence was 305 days; mean follow-up time was two years.  

 

Table 5.4. Patient characteristics in training and testing cohort and internal validation cohort. 
Variables are reported as median (IQR). For binary variables, proportions were reported. 

We applied the finalized model outlined in Figures 5.3 to the new dataset. Only data 

corresponding to the 19 selected features was collected for assessment of ablation outcome for 

these patients. As such, no further parameter tuning occurred at this step. Figure 5.8A shows 

the breakdown of model performance for each of the 15 patients. 13/15 (80%) patients were 

 Training and 
Validation Cohort 

Internal Testing Cohort p-value 

N (%) 67 15  
Recurrence 59.7% 53.3% 0.658 
Age (years) 62 (56-70) 70 (62-76) 0.1215 
BMI 30.6 (26.4-35.8) 26.3 (23.1-31.7) 0.0353 
Sex (male) 58.2% 40.0% 0.2054 
Hypertension 58.2% 46.6% 0.4224 
Hyperlipidemia 38.8% 60.0% 0.1378 
Coronary artery 
disease 

17.9% 13.3% 0.6788 

OSA  34.3% 40.0% 0.6851 
Stroke/TIA 7.5% 6.7% 0.9259 
Diabetes 9.0% 6.7%  0.7852 
COPD 6.0% 0% 0.343 
Cigarette use  17.9% 6.7% 0.2884 
Thyroid disease 13.4% 0% 0.1378 
CHF 28.4% 6.7% 0.08021 
Pre-Ablation left atrial 
LGE (%) 

16.7% (10.95%-
21.35%) 

15.9% (10.6%-20.6%) 0.6229 

AF ablation type: 
 

   

Cryo PVI only 38.8% 40.0% 0.9378 
Cryo PVI + RF SM 4.5% 6.7% 0.7357 
RF PVI only 14.9% 26.7% 0.2817 
RF PVI + SM 41.8% 26.7% 0.2838 
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correctly predicted with 1/15 false positives (6.7%) and 2/15 false negatives (13.3%). A patient-

specific prediction breakdown is shown in Figure 5.8B outlining a correct prediction driven by a 

high number of prior DCCVs and a low post-ablation left atrial volume index. On the other hand, 

a false positive prediction is shown in Figure 5.8C. There were primarily two features driving the 

model’s prediction of recurrence: elevated left atrial volume index and low number of LGE-

derived scar areas. On the other hand, there were three features indicative of non-recurrence: 

low number of prior direct current cardioversions, high post-ablation scar in the right pulmonary 

veins, and being of average age.   

 

Figure 5.8. Summary of model performance on internal validation cohort. (A) Chart of each patient 
outcome and model prediction in the internal validation cohort. Gradient indicates confidences, wherein 0 
indicates 100% confidence of non-recurrence and 1 indicates 100% confidence in recurrence. (B) 
Example of correct prediction with post-ablation patient-specific model and prediction breakdown via 
SHAP analysis. (C) Example of incorrect positive prediction with patient specific post-ablation model and 
prediction breakdown.  
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5.4 Discussion 

Our algorithm is designed to integrate multi-modal data to proactively predict recurrent 

arrhythmias following catheter ablation. Based on literature comparisons (103, 104, 197, 202) 

our model achieves similar or better performance when predicting recurrent arrhythmia risk but 

with the added benefit of interpretable explanations. This combination of accuracy and 

interpretability allows electrophysiologists to receive optimized prediction scores while also 

gaining scientific insight into why those predictions were made. We present three distinct data 

perspectives: population-based (Figure 5.4), risk factor-based (Figure 5.5), and patient-specific 

based (Figure 5.7). We further validate these findings in an internal testing cohort comprised of 

patients not seen by the algorithm during the training and validation phase.   

To minimize the influence of confounders in our algorithm, we implemented a rigorous feature 

selection process. Observed confounders refer to highly correlated features, while unobserved 

confounders are features that are unmeasurable or not accounted for in the model (203). To 

mitigate the presence of observed confounders, we used a combination of LASSO feature 

selection algorithm and cluster analysis (Figure 5.2). These feature selection steps ensure 

independence of the feature information, as redundant variables can impact model 

generalizability. Unobserved confounders are a central barrier to drawing causal inferences 

from observational data and are biases that are difficult to avoid. We prioritized features that 

have been previously examined in the literature for their potential impact on procedure outcome 

(Table 5.2), thus reducing the impact of potential unobserved confounding variables. Due to the 

limited additional predictive power of the simulation features (Figure 5.1) and the lack of clinical 

access to computational simulations, we opted to exclude them from this study. 

Random forest learning is a versatile algorithm and was specifically chosen for this problem 

since features values are not altered during the learning process. If alternative machine learning 

methods, such as support vector machines, were used we would not be able to reliably and 
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confidently observe how a specific feature value impacts model outcome. This aspect of our 

algorithm is key, as quantifiable risk factor measurements like those presented in Figure 5.5 

would be difficult to obtain otherwise.  

5.4.1 Population-based risk factors 

When applying SHAP analysis to understand feature importance from a population perspective, 

we identified post-ablation left-atrial volume index as the most important feature that influenced 

determination of recurrent arrhythmia freedom. While this finding alone in the context of this 

study is not necessarily causative in nature, the role of left atrial dilation has been known to play 

a role in recurrence (204) and has been an independent factor associated with arrhythmia-free 

survival (205). Previous machine learning models achieved an AUC of 0.67 when predicting 

AFib recurrent and non-recurrent patients using left atrial shape metrics identified using pre-

procedure CT scans (206). Studies have also shown that enlarged atria post-ablation is strongly 

associated with long-term outcomes of catheter ablation independent of left ventricular function 

(207). Mechanistically, left atrial enlargement has been known to promote AFib via additional 

area available for rotor formation (25) or by indirectly affecting tissue properties such as atrial 

stretch (26). These results suggest that there is a strong relationship between post-ablation LA 

volume index and recurrence. In our study, this relationship followed an S-shaped curve where 

post-ablation volume indices above 51 were predictive of recurrence and values below were 

indicative of arrhythmia freedom. 

Decreased number of ablation lesions yielding high risk for recurrent arrhythmia may suggest 

that a patient received a low amount of scar during their procedure. Indeed, poor scar formation 

is associated with atrial fibrillation recurrence (199). However, it is worth noting that surface area 

of ablation-delivered scar and percentage of scar as a function of left atrial size were variables 

included in the study but not selected during our feature selection process. We validated via 

additional testing that there is, indeed, a positive correlation in our training and validation cohort 
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between scar amount and the associated SHAP value for arrhythmia recurrence. Yet, our 

results may indicate that the number of LGE-derived ablation lesions might be a more suitable 

predictor. These findings suggest future research to investigate if many independent lesions 

might yield favorable outcomes and follow-up studies to validate the number of LGE-derived 

scar areas as an appropriate indicator for arrhythmia recurrence.  

The relationship between age and catheter ablation outcome is unclear. Results from the 

CABANA trial indicate that there were no differences in the relative effectiveness of catheter 

ablation with respect to age in preventing recurrent atrial arrhythmias (208). However, age has 

been found to significantly impact outcomes when analyzed with 5-year follow-up (209). In our 

study, there is no clear relationship between age and SHAP value (Figure 5.6D), but our model 

considers the variable to be an important indicator of ablation outcome, nonetheless. We 

believe this effect is due to a high amount of interaction between age and other features in our 

model. Although, we hesitate to quantify these interaction terms due to low sample size and lack 

of power to reliably assess these relationships. Further research with a larger dataset should 

prioritize assessing how these interaction terms affect model predictions of recurrent arrhythmia, 

especially with respect to age.  

A primary asset to this explainable technology is that we can easily tune our model following 

validation to remove unintended sources of overfitting in our small cohort. For example, in our 

study, some patients who smoke have a slight SHAP value indicating arrhythmia freedom. 

Research consistently indicates that smoking worsens ablation outcomes (193, 210). However, 

due to a relatively low number of smokers in our cohort (17.9%), our model might be over fit with 

respect to this variable. Fault diagnosis and identification of improperly weighted variables is a 

key advantage to using xML over black box algorithms (211). Thus, following further validation, 

we can reassess this feature to improve model accuracy with minimal time spent problem-

solving.  
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5.4.2 Patient-specific risk-factors 

Precision medicine is an emerging approach to clinical research and patient care that focuses 

on understanding and treating disease by integrating multi-modal data from an individual to 

make patient-tailored decisions. Machine learning analysis of precision medicine data enables 

us to identify specific patients who may benefit from a specific treatment. Using SHAP analysis, 

we can generate both a recurrence prediction and a breakdown of the feature importances that 

contribute to the prediction. For some cases, the features work together in a constructive 

manner to produce a prediction with high confidence. Although, for most patients, the model 

identifies multiple key features that contribute for or against a particular prediction, resulting in a 

multi-faceted decision that weighs many features against one another. Since these feature 

relationships shown in this study are not inherently causative, it is important to clarify that 

adjustment of these features may not result in changes in outcome. Nonetheless, they provide a 

useful platform for further research and validation which may be able to guide patient selection 

for ablation procedures or indicate optimal treatment plans moving forward.  

An important finding that highlights the importance of patient-specific feature analysis is that the 

key decision-making features for a specific patient can differ from the most important 

population-based features. An example of this is shown in Figure 5.7C, where the most 

important population-based feature (high post-ablation left atrial volume index) indicated an 

incorrect prediction for this patient. Thus, even using a relatively simple machine learning 

algorithm, we are able to make multi-faceted decisions and assess risk factors depending on 

the patient’s overall profile rather than the trends of a population. We believe this patient-

specific prediction breakdown provides a comprehensive tool for medical professionals that 

allows them to assess the overall impact of each risk factor and make their own well-informed 

decision for a particular patient, without relying on population trends which may not be 

applicable.  
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5.4.3 Application of Model on New Clinical Data  

Our internal test set aims to simulate how our prospective model may function in a clinical 

environment and assess internal generalizability. We used the model described in Figure 5.3 on 

a new set of unseen clinical data for further validation. Our random forest machine learning 

model exhibited appropriate testing accuracy based on results from the validation set (validation 

AUC: 0.86 ± 0.08; testing accuracy: 0.80). Furthermore, we show how SHAP explainability 

analysis can still be applied, providing insight into how and why our model is deciding on the 

outcome. In Figure 5.8C, we highlighted a false positive prediction in which we can visually 

troubleshoot the model’s incorrect decision. We believe the model may have over-weighted the 

influence of a low number of scar clusters and elevated post-ablation left atrial volume index or 

under-weighted the influence of low number of prior direct current cardioversions, high post-

ablation scar in the RPV region, and age. Additionally, there may be features unaccounted for 

which could have swayed the decision. Overall, we expect these model-agnostic explanations of 

feature weights to increase physician understanding and overall confidence in our model (198). 

5.5 Clinical Applications 

Due to the nature of “black box” algorithms, it has been difficult to understand how known 

physiological mechanisms of recurrent arrhythmia impact an algorithm’s output. Significant 

danger exists with the application of these complex models in the clinic, where predictions are 

difficult to interpret and hence less actionable. These models are difficult for physicians to trust 

and provide little insight on how one should respond to a given prediction. Our model 

demonstrates a solution that avoids obscurity and favors model interpretation, transforming the 

current ML paradigm into a model that also explains why.  

We believe our proof-of-concept algorithm has significant clinical applications following catheter 

ablation: (1) re-ablation planning, (2) post-ablation care, (3) patient-clinician communication, and 

(4) future informed hypothesis-driven research. Based on key fibrosis and ablation-delivered 
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scar features identified for each patient, we believe improved patient selection for re-ablation 

procedures and pre-identification of sites for targeted re-ablation may be possible. Following an 

ablation procedure, depending on the prediction outcome and associated confidence, 

healthcare professionals could use our algorithm to make informed decisions about monitoring 

for recurrent rhythms or medication adjustment. We also predict this explainable algorithm to 

foster patient-clinician communication facilitating a better understanding of risk factors and their 

effect on ablation outcome in an easily digestible format. Finally, we have emphasized that 

relationships between feature values and outcomes depicted in this study do not indicate a 

direct causal relationship. However, we have identified potential key features of ablation 

recurrence that promote hypothesis-driven validation studies of these features.  

5.6 Limitations 

It should be clarified that our endeavor, although promising, should still be considered an initial 

and preliminary venture into xML for catheter ablation recurrence. Our study has a limited 

sample size, and while extensive measures were taken to ensure proper feature selection and 

model design to limit overfitting in this model, a larger sample size is needed to further validate 

these findings. To that end, an external testing cohort is needed to ensure that our model is 

generalizable to data from other institutions. Furthermore, other accessible forms of clinical data 

such as ECG or electroanatomical mapping data could be used to enrich this xML algorithm, 

thus potentially leading to more accurate predictions. Prospective trials of this classifier as well 

as additional randomized trials assessing the ML-identified features are needed before 

deployment to verify causal relationships.  

Other research has suggested that simulations provide a significant benefit to predictive 

capability of recurrent arrhythmias (103, 104). In our study, we did not see this same benefit. 

We believe that this result may be attributed to the increased rigor in our analysis of LGE-MRI, 

which included a larger gamut of fibrosis-derived and ablation-scar derived features. 
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Furthermore, these studies performed a more comprehensive set of simulations including 

alterations in fibrosis representation, a larger absolute set of simulation features, and deductive 

algorithm-chosen simulation features. With the overarching goal of this study being to provide a 

proof-of-concept method to predict recurrent rhythms in a clinically feasible manner, we are 

satisfied with our predictive capability without the inclusion of these features as they come at a 

significant computational cost currently infeasible in existing clinical paradigms.    

5.7 Conclusion 

In this study, we developed an xML classifier capable of accurately predicting arrhythmia 

recurrence following an ablation procedure. The classifier uses input features extracted from 

each patient’s electronic health record, pre- and post- ablation LA LGE-MRI, and LA geometry. 

Our vision for the use of the classifier is to provide a guide for clinicians to decide the optimal 

treatment plan for a patient following an initial ablation procedure. An important characteristic of 

our classifier is that it only considers clinically available data with features based on existing 

mechanistic research of recurrent arrhythmias. We believe our model demonstrates a predictive 

solution that avoids obscurity and favors model interpretation, giving clinicians a tool for well-

informed decision making following a procedure. We implore future work to explore larger 

datasets that include external data to improve model accuracy and validate our findings.  

5.8 Methods and Data Availability 

Patient Cohort and Image Acquisition 

This study included patients from University of Washington Medical Center with documented 

persistent AFib or paroxysmal AFib who received pre- and post-procedural LGE-MRI scans and 

underwent either a cryoballoon or radiofrequency ablation. Paroxysmal AFib was defined as an 

episode of AFib that terminated spontaneously or within intervention within 7 days (157). 

Persistent AFib was defined as AFib that persists for a minimum of 7 days (157). Cardiac LGE-

MRIs were obtained on all participants before ablation and again 3-6 months following ablation 
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to quantify the extent of LA fibrosis and LA scar respectively, using previously described 

protocols (212). Exclusion criteria for AFib patients included those who had a previous catheter 

ablation, patients with cardiac implantable electronic devices, severe claustrophobia, renal 

dysfunction and other contraindications to MRI or gadolinium-based contrast. Scans were 

performed on Philips Ingenia and Siemens Avanto clinical scanners, 15–25 min after contrast 

injection, using a three-dimensional inversion-recovery, respiration-navigated, ECG-gated, 

gradient echo pulse sequence. Acquisition parameters included transverse imaging volume with 

a voxel size of 1.25 × 1.25 × 2.5 mm (reconstructed to 0.625 × 0.625 × 1.25 mm). Scan time 

was 5–10 minutes dependent on respiration and heart rate. 

Patients had clinical assessment and catheter ablation at the University of Washington (UW) 

AFib program. All patients underwent pulmonary vein isolation, and some had additional 

substrate modification. As such, all feature data originating from the clinical attributes 

subsection in Table 5.2 such as persistent vs. paroxysmal AFib status (213), comorbidities, and 

medications were determined at time of initial visit. Patients underwent ablation and were 

followed longitudinally at UW with 7-day ambulatory electrocardiogram monitoring at 3, 6, and 

12 months after ablation. Recurrence was defined by at least 30 seconds of documented atrial 

arrhythmia after a 90-day blanking period (213). Recurrence was classified as either AFib or 

AFL. In some patients with recurrence, follow-up procedures were used to confirm mechanisms 

of recurrence. Loss-to-follow-up bias was limited as all patients completed at least 2 years of 

prespecified follow-up. There was no missing data for any patient. 

Model Reconstruction  

Geometric models were reconstructed from both pre- and post- ablation LGE-MRI scans by 

Merisight Inc. to assess LA volume and surface area. Geometric models were reconstructed 

from the pre-ablation scans and the relative extent of fibrosis in the LA was quantified via an 

adaptive histogram thresholding algorithm (138) to determine pre-ablation LGE-MRI derived 
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fibrosis. For post-ablation models, ablation scar was quantified on post-ablation LGE-MRI using 

previously established methods (86). Then, non-rigid registration was used to map LGE-derived 

post-ablation scar patterns onto existing LA pre-ablation fibrotic models. Hyper-enhancement on 

post-ablation scans coinciding with regions labeled as fibrotic in the pre-ablation scan were 

considered ablation-induced scar. Overall, our approach accounts for the fact that ablation-

induced scar hyperenhancement is at a higher level relative to hyperenhancement of fibrosis. 

Consequently, regions labeled as fibrotic pre-ablation fall below the hyperenhancement 

threshold in post-procedure scans.  

Extraction of LGE-MRI derived fibrosis and ablation-delivered scar features 

In pre- and post-ablation models, we characterized regional fibrosis and ablation-delivered scar 

area with respect to LA landmarks. We defined five different LA regions: LPVs, RPVs, posterior 

wall, anterior wall, and atrial floor, as in our prior work (119). First, the LA was subdivided into 

three broad anatomical areas LA floor, posterior wall, and anterior wall including left atrial 

appendage using standardized cutoff values in the UAC space (140). Then, the left and right 

pulmonary vein areas were established using a region-growing approach such that each 

accounted for 15% of the total LA surface area.  

Average fibrosis entropy and density were also calculated for pre- and post-ablation models. 

Prior work showed that regions which promote reentrant driver activity are characterized by 

fibrosis boundary zones with high fibrosis entropy (FE) and high fibrosis density (FD). As such, 

we also calculated the surface area of such regions for each patient following the equation: 

0.4096FD2 + 3.28(FD)(FE)-0.1036FE2 – 0.7112(FD) – FE + 0.0429.   

Prior computational work also suggests that ablation lesions and non-conductive anatomical 

landmarks (i.e., mitral valve annuli or pulmonary vein ostia) may contribute to recurrent 

arrhythmias. We counted the total number of contiguous scar units with an area > 1cm2. Within 
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this set we also counted the number of LGE-derived scar areas of specific size (20cm2 > area > 

2 cm2; 60cm > perimeter > 15cm) and in proximity to fibrosis (>30% fibrosis in the surrounding 

1cm area), as these may be indicative of potentially arrhythmogenic substrate.  

Extraction of features from personalized atrial computational modeling  

Each LA model was represented as a bilayer comprising of nested endocardial and epicardial 

shells, linked by linear connections (135), as in previous work (119). Realistic myocardial fiber 

orientations were mapped from an atlas geometry using universal atrial coordinates (140). Our 

methodology for computational modeling at the cell and tissue scale of the fibrotic and non-

fibrotic atrial electrophysiology can be found in previously published papers (40-42). A human 

atrial action potential model (56) was used to represent membrane kinetics in non-fibrotic 

myocardium, with the addition of parameter modifications to fit clinical monophasic action 

potential recordings from AF patients (40, 142)  (IKur, Ito, ICaL decreased by 50%, 50%, 70%, 

respectively). In fibrotic regions, further action potential modifications were implemented (ICaL, 

INa, and IK1 decreased by 50%, 40%, 50%, respectively; as in previously modeling studies (40, 

119, 130). We applied conductivity tensor values of σL = 0.409 S m−1 in the longitudinal direction 

and σT = 0.0820 S m−1 in the transverse at the tissue scale, as in our previous study (119). 

These conductivity tensor values correspond to physiologically realistic conduction velocity 

values of 71.49 cm-1 and 37.14 cm-1 (longitudinal and transverse). In fibrotic tissue, the overall 

conductivity was reduced and the anisotropy ratio between longitudinal and transverse 

conductivities was exaggerated (σL = 0.177 S m−1; σT = 0.0221 S m−1). Propagation of electrical 

activity was simulated by solving the monodomain formulation using the finite element method. 

All simulations were performed on the Hyak supercomputer system at the University of 

Washington using the openCARP simulation environment for cardiac electrophysiology (76), 

which is available for academic use (see: https://openCarp.org).  



118 
 

In each patient-specific model, virtual pacing was applied from fifteen LA sites representing 

common AFib trigger sites (7). The rapid pacing protocol and locations for virtual pacing can be 

found in our previous publication (119). After pacing ceased, electrophysiological activity 

terminated spontaneously unless a driver perpetuated conduction. Each induced episode of 

induced arrhythmia was manually classified either as either rotor-like (i.e., RDs; rotational 

sources localized to compact areas of fibrotic substrate) or macro-reentrant in nature. Rotor-like 

was defined by an electrical wavefront conducted in a spiral fashion making at least two 

revolutions, and typically occurring at the border zone between fibrotic and non-fibrotic tissue. 

An instance of macro-reentry was defined by an electrical wavefront traveling around, or 

partially sustained by, a non-conducting block of tissue (i.e., pulmonary vein ostia, mitral valve 

annuli, or ablation-induced scar). 

We also automatically characterized the presence of RDs within the left atrium using implicit 

detection of phase singularities (PS), defined as points at which continuous connection of the 

excitation phase in myocardial tissue is undefined, indicating reentrant activity and wave break. 

Explicit detection of PSs is computationally unfeasible for organ-scale meshes with the current 

technology. Therefore, we performed implicit identification of phase singularities via filament 

detection. Filaments are defined as lines of wavebreak that indicate the path of a 3D RD. More 

information on phase singularities, filaments, and detection strategies can be found here (214). 

Briefly, to detect filaments, we represented simulated cardiac tissue in phase space and 

identifying intersecting activation isolines (215). Using this method, we obtained a quantifiable 

metric of PSs. PSs were deemed unique if they shared <10% of points (i.e., if two filaments 

share only 9% of their makeup, they are deemed unique).  

Design and Evaluation of Random Forest Machine Learning Classifier   

LASSO feature selection was used to reduce the overall number of features. This type of 

feature selection algorithm was chosen because it performs well when the number of 
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observations is low, and the number of features is high. LASSO attempts to eliminate all 

irrelevant variables (i.e., variables not related to the outcome) and removing highly collinear 

variables. Five-fold cross validation was used to determine the optimal parameterization. 

(Figure 5.2A). We then performed hierarchical clustering analysis via Shapley values. Shapley 

Additive exPlanations (SHAP) is a framework for interpreting algorithmic predictions that 

calculates the marginal contribution of each risk factor for each prediction (i.e., a Shapley 

value). By using SHAP values which all have the same unit (i.e., the unit of prediction space), 

we can perform clustering analysis in a reliable way to assess feature redundancy. Features 

that are highly dependent merge together at the lefthand side of the dendrogram, while 

independent features merge on the righthand side. We implemented a varying cutoff scheme 

from 0-0.90 in which the feature with the lowest average Shapley value below the cutoff was 

iteratively removed. We then reassessed model performance to determine an optimal threshold 

value of 0.70, resulting in removal of pre-ablation LA volume index and pre-ablation fibrosis in 

the anterior wall region.  

The final set of features was then used to train a random forest machine learning classifier to 

recognize risk factors associated with patients with recurrent AFib. We used 5-fold stratified 

cross validation to minimize the possibility of predictive power being overestimated due to lucky 

initialization; this approach also ensured an equal distribution of recurrent and non-recurrent 

AFib patients in the training and testing sets. We used SHAP to probe feature importance in the 

random forest classifier (116, 117). We also applied the trained and validated random forest 

classifier to a new training set of patients previously unseen by the classifier. Only pertinent 

features (i.e., features used in the final classifier) were extracted for this set of patients. We 

applied SHAP to this dataset to similarly explain feature importance for each patient.  

Data Availability 
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Patient-derived data in this article, including processed versions thereof, are not publicly 

available out of respect for the privacy of the patients involved. Code to reproduce Figures 5.1-

5.4 (i.e., the feature selection process, 5-fold stratified cross validation random forest machine 

learning, associated SHAP explainability, and data visualization tools) can be found at github: 

https://github.com/Sfbifulco/CardSSRFxML.  

  

https://github.com/Sfbifulco/CardSSRFxML/tree/main
https://github.com/Sfbifulco/CardSSRFxML
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Chapter 6. Conclusion and Future Directions 

Understanding how heterogeneity in atrial tissue leads to arrhythmias is an important step in 

mitigating patient arrhythmia risk. This knowledge can inform procedures like catheter ablation 

and aid in the development of new tools for predicting and selecting patients who would benefit 

from these procedures. The above work used two primary methods to better understand 

potentially arrhythmogenic tissue: patient-specific computational simulations and explainable 

machine learning. In Chapter 3, patient-specific computational modeling was used to determine 

that there was no significant difference in the theoretical capacity for fibrotic substrate in ESUS 

and AFib patients to sustain arrhythmias. This led us to conclude that there may exist a 

discrepancy in the likelihood of triggered activity between these two populations. In Chapter 4, 

we used a combination of simulations and explainable machine learning to define a set of 

potentially arrhythmogenic ablation lesions, veins, and values, characterized by proximity to 

fibrosis and intermediate size. In Chapter 5, we combined electronic health record data with 

patterns of potentially arrhythmogenic tissue derived from LGE-MRI to predict post-ablation 

recurrence in a clinically-feasible manner. In combination, this collection of work advances our 

understanding of potentially arrhythmogenic substrate and its relationship to clinical 

phenomena, like ESUS and recurrent AFib/AFL.  

Future advances in cardiac computational modeling hold significant potential for enhancing our 

understanding and management of arrhythmias. At the cell-scale level, there is evidence that 

intracellular Ca2+ handling and altered excitation contraction coupling play pivotal roles in AFib 

pathophysiology (216), emphasizing the need for implementation of more detailed cell-scale 

models in organ-scale simulations. Furthermore, exploring the contribution of adipocytes to AFib 

pathophysiology and understanding electrophysiological alterations induced by the comingling 

of fatty and fibrotic tissue in atrial tissues are important areas for future investigation (217, 218). 

Optimization approaches that combine stochastic and deterministic processes (219) can be 
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developed to enhance cardiac electrophysiology models and assess ectopy in the pulmonary 

vein sleeves, unraveling the relationship between patient-specific predisposition to atrial ectopy, 

substrate characteristics, and AFib onset and maintenance. The integration of patient-specific 

measurements, including action potential duration, conduction velocity, fiber orientation, and 

genomic/transcriptomic data, can facilitate the development of models that capture 

individualized atrial electrophysiology. 

In the realm of ML and AI, there is immense potential for transforming diagnostic tools and 

treatment plans in clinical practice. xML that allows users to understand why a system has 

produced a given output. Currently, there is a steep tradeoff between explainability vs. 

performance in complex models. Future developments in xML/xAI should prioritize striking an 

optimal balance between these aspects. Furthermore, additional metrics to evaluate the 

performance of xML/xAI should be prioritized, since the majority of studies focus on subjective 

measurements such as user satisfaction, trust, and explanation effectiveness. Moreover, studies 

are needed to understand how users interpret model explanations and guard against potential 

over-reliance on the results. Finally, studies considering the impact of these technologies from a 

patient's perspective are essential for their successful integration into healthcare practices. 

The combination of computational simulations and ML/AI holds promise as a potential future 

avenue of research. Machine learning can be leveraged to generate personalized human heart 

models from population-based libraries in a high-throughput manner (220). Overall, the 

integration of robust and explainable ML with multi-scale modeling approaches can propel us 

beyond the "whole-organ" scale and towards the "whole-patient" scale, allowing for 

incorporation and assessment of mechanistic links between clinical factors beyond the heart. 

With the continued growth of mechanistic and diagnostic insights derived from computational 

modeling, simulations, and ML/AI, this research will pave the way for precision medicine and 

significantly improve our understanding and management of arrhythmias. 
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