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Abstract

Background: Traditional risk scores for recurrent atrial fibrillation (AF) following cath-
eter ablation utilize readily available clinical and echocardiographic variables and yet
have limited discriminatory capacity. Use of data from cardiac imaging and deep learn-
ing may help improve accuracy and prediction of recurrent AF after ablation.
Methods: We evaluated patients with symptomatic, drug-refractory AF undergoing
catheter ablation. All patients underwent pre-ablation cardiac computed tomography
(cCT). LAVi was computed using a deep-learning algorithm. In a two-step analysis,
random survival forest (RSF) was used to generate prognostic models with variables
of highest importance, followed by Cox proportional hazard regression analysis of the
selected variables. Events of interest included early and late recurrence.

Results: Among 653 patients undergoing AF ablation, the most important factors as-
sociated with late recurrence by RSF analysis at 24 (+/-18) months follow-up included
LAVi and early recurrence. In total, 5 covariates were identified as independent pre-
dictors of late recurrence: LAVi (HR per mL/m? 1.01 [1.01-1.02]; p<.001), early re-
currence (HR 2.42 [1.90-3.09]; p<.001), statin use (HR 1.38 [1.09-1.75]; p=.007),
beta-blocker use (HR 1.29 [1.01-1.65]; p=.043), and adjunctive cavotricuspid isthmus
ablation [HR 0.74 (0.57-0.96); p=.02]. Survival analysis demonstrated that patients
with both LAVi >66.7mL/m? and early recurrence had the highest risk of late recur-
rence risk compared with those with LAVi <66.7 mL/m? and no early recurrence (HR
4.52 [3.36-6.08], p<.001).

Conclusions: Machine learning-derived, full volumetric LAVi from cCT is the most im-
portant pre-procedural risk factor for late AF recurrence following catheter ablation.
The combination of increased LAVi and early recurrence confers more than a four-fold

increased risk of late recurrence.
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1 | INTRODUCTION

The prevalence of atrial fibrillation (AF) is increasing worldwide. AF
is associated with increased risks of thromboembolic events, new-
onset heart failure, and all-cause mortality.l'2 Catheter ablation of
AF has been shown to be superior to drug therapy for the prevention
of recurrent AF and has been shown to improve outcomes in select
patients. Despite technological advances, AF recurrence rates after
catheter ablation remain suboptimal, occurring in 30%-50% of pa-
tients within 1year.3

AF recurrence - also termed “late recurrence” - is defined as
AF, atrial flutter, or atrial tachyarrhythmia detected after a 3-month
blanking period following catheter ablation.* Recurrence within this
3-month blank period is termed “early recurrence.” While early re-
currence may be transient and due to inflammation, it has also been
associated with late recurrence.””® Though prediction of recurrent
AF has traditionally focused on preoperative patient characteristics,
there has been renewed interest in early recurrence as a predictor
of late recurrence.’

Risk factors for late recurrence and predictive models developed
with regression techniques have been studied extensively.'® While
these models have included readily available clinical information and
discrete elements from imaging reports, they have been limited by
modest to poor discriminatory capacity and they do not take advan-
tage of actual imaging data like CT geometries.!® Despite the known
importance of left atrial volume (LAV) in predicting AF recurrence,**
full volumetric left atrial assessment has not been widely used in
prognostic models due to the time-consuming nature of manual
segmentation.

Deep learning - a subset of machine learning - can be used to
automate the otherwise time-consuming process of cCT-derived
LAVi computation and generate a full volumetric assessment of the
left atrium. Deep learning-derived LAVi is particularly relevant to
late AF recurrence, as patients routinely undergo cCT as part of the
necessary pre-ablation evaluation. The objective of this study was to
use and evaluate machine learning techniques to define the risk of
recurrent AF using a combination of clinical, procedural, and imaging
variables.

2 | METHODS

2.1 | Patient population

A total of 990 consecutive patients underwent pulmonary veinisola-
tion for symptomatic, antiarrhythmic drug-refractory AF between
January 2014 and June 2019 at the MedStar Heart and Vascular In-
stitute in Washington, DC, USA. Among these patients, 337 were

excluded either because they were lost to follow-up before the end
of the three-month blanking period (112) or because they did not
have preoperative cCT (225), resulting in 653 patients available for
analysis. This study was approved by Georgetown-Medstar Institu-

tional Review Board with a waiver of informed consent.

2.2 | Clinical variables

Demographic information including age and sex was collected from
a review of the electronic medical record. Clinical variables includ-
ing height, weight, and medications were gathered from a preopera-
tive clinic visit. Body mass index and body surface area (BSA) were
calculated using established formulas. Comorbidities were obtained
including coronary artery disease, heart failure, peripheral artery
disease, hypertension, hyperlipidemia, diabetes mellitus, obstruc-
tive sleep apnea, and stroke / transient ischemic attack history.
CHA2DS2-VASc at the time of ablation was calculated using these
data.’? AF was classified as paroxysmal or non-paroxysmal (persis-
tent or long-standing persistent) at the time of ablation. The num-
ber of prior cardioversions and catheter ablations for AF or atypical

atrial flutter were recorded.

2.3 | Cardiac computed tomography protocol and
LAVi computation

Preoperative cCT was acquired using a high-resolution 256-slice
scanner (Brilliance iCT, Royal Philips, Amsterdam, Netherlands) with
0.625mm detector collimation, matrix 512x 512, and rotation time
330ms. Images were acquired using prospectively ECG-triggered
cCT at 40% of the cardiac cycle, scanning the chest from carina to
diaphragm during the angiodynamic administration of contrast me-
dium. The contrast protocol included administration of 60 mL iohexol
(Omnipaque, GE Healthcare) intravenously at a rate of 5mL/s.

LAV was generated using a deep learning framework described
in detail elsewhere.’® In brief, the framework begins by using a Res-
Net50 classification model to select images within the series that
include the left atrium and then uses a UNet image segmentation
model to select the left atrium. Derived from a dataset of 85,477
cCT images from 337 patients, the LAV computation framework
achieved accuracies of 98% in the image classification task and
88.5% mean dice score in the image segmentation task with a result-
ing coefficient of determination value of 0.968 in the LAV estimation
task, relative to manually segmented controls. LAV was then indexed
to BSA and calculated as left atrial volume index (LAVi) using the for-
mula LAV/BSA and reported in mL/m?. Data S1 contains additional
details and a pictorial representation of this method.



BRAHIER ET AL.

le LEY— Sowwanal I O%Mylma

2.4 | Ablation procedural protocol

Femoral venous access was obtained and transseptal puncture
was performed under intracardiac echocardiographic and/or
fluoroscopic guidance. Ablation was performed with either an
open-irrigated radiofrequency ablation catheter or cryoballoon
ablation catheter. 3D electroanatomic mapping and voltage map-
ping were performed using high-fidelity mapping catheters to con-
firm electrical isolation of all pulmonary veins. If the pulmonary
veins were not electrically quiescent, endocardial radiofrequency
energy was delivered to complete the ablation. Patients with a
history of typical atrial flutter or inducible cavotricuspid isthmus
(CTI)-dependent atrial flutter intraoperatively underwent adjunc-
tive CTl radiofrequency ablation. A subset of patients in the cohort
underwent hybrid ablation (catheter + surgical ablation during the
same procedure). The epicardial portion of the hybrid ablation was
carried out with pericardial access via subxiphoid approach. In our
institution, most hybrid ablation patients also underwent clipping
of the left atrial appendage.

2.5 | Post-ablation follow-up

Patients were continued on anticoagulation postoperatively. The
decision of whether to continue antiarrhythmic medications was
made on a case-by-case basis at the discretion of the treating phy-
sician. Late recurrence was defined according to the 2017 HRS/
EHRA/ECAS/APHRS/SOLAECE expert consensus statement that
describes clinical AF recurrence as a documented episode of AF,
atrial flutter, or atrial tachyarrhythmia lasting >30s on ECG or
Holter monitor after a 3-month blanking period.* Early recurrence
was defined as a documented episode of AF, atrial flutter, or atrial
tachyarrhythmia within the 3-month blanking period. Routine ECG
and 24-h Holter monitors were performed at follow-up visits of
1month, 3months, and 12 months after ablation, with additional
visits and use of Holter monitor and/or long-term continuous
monitoring based on symptoms. This method is the standard of
care at our institution with a goal of capturing clinical - or symp-
tomatic - recurrence in patients who underwent catheter ablation
for symptomatic atrial fibrillation.}* Patients lost to follow-up be-
fore 3 months were excluded.

2.6 | Statistical analysis

Continuous variables are expressed as mean+standard deviation
and compared using two-sided Student's t-test. Categorical num-
bers are expressed as absolute numbers and percentages and com-
pared using Pearson's Chi-square test for independence. We used
a two-step machine learning process to select the most important
covariates for the model. First, we used random survival forest (RSF)
to impute the missing covariates and provide variable importance
ranking, which eliminated variables with little predictive power

without assuming any statistical models. Large importance values
indicate variables with predictive ability, whereas zero or negative
values identify non-predictive variables to be filtered out during
regression analysis. Following RSF, Cox proportional hazard regres-
sion was performed on variables of highest importance, resulting
in independent predictors of late recurrence. Model discrimination
was performed using the concordance index (C-index). Survival tree
analysis was performed to elucidate patient subgroups at the high-
est risk of late recurrence. Cut-off values were calculated using the
survival tree method “Multivariable Survival Trees.” This is a modi-
fied classification and regression trees (CART) procedure with three
steps: (1) growing a large initial tree, (2) pruning it back to obtain a
sequence of subtrees, and (3) selecting the optimal tree size. Finally,
Kaplan-Meier curve analysis and log-rank testing were performed
to determine differences in rates of recurrence between selected
groups. Statistical significance was defined as two-sided p-values
<.05. Statistical analyses were performed using R (The R Project,
https://www.r-project.org/).

3 | RESULTS

3.1 | Patient demographics, comorbidities, and
imaging variables

Among 653 patients in the study cohort, the mean age was
63.8+10.1years, and 34% (n=219) of patients were female. The
mean follow-up period was 24 months (+/- 18 months). The ma-
jority of patients had paroxysmal AF (62%, n=404) as compared
to non-paroxysmal AF (38%, n=249). The energy source used to
achieve PVI was cryoballoon for 75% (n=489) and radiofrequency
for 25% (n=170). A subset of patients underwent adjunctive ca-
votricuspid isthmus (CTI) ablation for atrial flutter (34%; n=222).
A minority of patients underwent hybrid ablation (10%, n=68).
Patients with or without late recurrence had similar prevalence
of most comorbidities as shown in Table 1. Mean CHA2DS2-VASc
was higher in the late recurrence group (3.2+1.9 vs. 2.7+1.8,
p<.001). Heart failure (35% vs. 24%, p=.003) and beta blocker
use (67% vs. 57%, p=0.012) were more prevalent in the late recur-
rence group. The mean LAV for the cohort was 139.7+46.5 cm?,
and mean LAVi was 66.0+21.1cm®/m?. Patients with late recur-
rence had higher LAV (151.4+49 vs. 129.8 +42cm?®, p<.001) and
LAVi (72.1+21.9 vs. 60.9 +18.9 cm®/m?, p<.001). Patients with
adjunctive CTI ablation for atrial flutter less frequently experi-
enced late recurrence (28% vs. 39%, p=.004), and those undergo-
ing hybrid ablation were more likely to experience late recurrence
(14% vs. 7%, p=.007). Patients with late recurrence were also
more likely to experience early recurrence than those without
(40% vs. 17%, p<.001).

As depicted with Kaplan Meier analysis, patients with LAVi
>66.7cm’/m? had a higher risk for late recurrence (HR 2.10 [1.67-
2.64], p<.001 by log-rank test) (Figure 1), as did patients with early
recurrence (HR 2.62 [2.05-3.34], p<.001 by log rank rest) (Figure 1).
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TABLE 1 Baseline characteristics.

Total (n=653)

Demographics and Comorbidities

Age, years 63.8(10.1)
Female gender 219 (34)
BMI, kg/m? 30.6(6.6)
Heart failure 191 (29)
Coronary Artery disease 207 (32)
Peripheral artery disease 51 (8)
Hypertension 496 (76)
Hyperlipidemia 395 (60)
Diabetes mellitus 151 (23)
Obstructive sleep apnea 244 (37)

Stroke/TIA history 99 (15)

CHA,DS,-VASc 2.9(1.9)
Paroxysmal AF 404 (62)
Prior cardioversion(s) 227 (35)
Prior ablation(s) 171 (26)
Medications
Aspirin 160 (25)
Anticoagulation 551 (84)
Beta blocker 402 (62)
Calcium channel blocker 137 (21)
Antiarrhythmic 357 (55)
Statin 298 (46)
Procedural variables
PVI Energy Source: Cryoballoon 489 (75)
Adjunctive CTI Ablation for Atrial Flutter 222 (34)
Hybrid Ablation 68 (10)
Imaging phenotypes
LAV, cm® 139.9 (46.7)
LAVi, cm®/m? 66.2(21.1)
Early recurrence 182 (28)

Patients with both LAVi >66.7cm®/m? and early recurrence had
the highest late recurrence risk as compared to patients with
LAVi <66.7cm®/m? and no early recurrence (HR 4.52 [3.36-6.08],
p<.001).

3.2 | Recurrence risk prediction

The RSF was used to derive variable importance for recurrence
prediction for all 26 clinical, procedural, and imaging covariates.
The most important variables for predicting late recurrence in-
cluded (in decreasing importance): early recurrence, LAVi, statin
use, beta blocker use, female sex, heart failure, atrial fibrillation
type (paroxysmal vs. non-paroxysmal), adjunctive CTI ablation for
atrial flutter, cryoballoon PVI energy source, CHADS-VASc, body
mass index, peripheral artery disease, and stroke/TIA history

Souwnal ’y’ ' C’/%z/gylé// Z

(Figure 2). Of these 13 variables, five covariates were identified
as independent predictors of late recurrence in the Cox propor-
tional hazards multivariable regression: LAVi (HR 1.01 [1.01-1.02];
p<0.001), early recurrence (HR 2.42 [1.90-3.09]; p <0.001), statin
use (HR 1.38 [1.09-1.75]; p=0.007), beta blocker use (HR 1.29
[1.01-1.65]; p=0.043), and adjunctive CTI ablation for atrial flut-
ter (HR 0.74 [0.57-0.96]; p=.022). The resulting C-index was 0.70
(Table 2).

4 | DISCUSSION

Our study leveraged deep learning techniques to perform a full volu-
metric left atrial assessment and used machine learning statistical
methods to identify variables of highest importance to late recur-
rence prediction. The main findings of the study are that (1) adjunc-
tive CTI ablation for atrial flutter was predictive of freedom from
recurrence regardless of pulmonary vein isolation energy source,
(2) statin and beta blocker use was independently predictive of
recurrence, (3) deep-learning-derived LAVi from cCT is the most
important preoperative predictor of late recurrence for patients un-
dergoing catheter ablation, and (4) early recurrence further improves
the prognostic model as compared to preoperative variables alone.

4.1 | Clinical variables and risk prediction
In our study, clinical variables including heart failure, stroke/TIA
history, CHA2DS2-VASc, AF type, and prior cardioversion(s) were
associated with late recurrence. These associations can be found
in numerous other observational studies. In fact, in a review of 13
prognostic models, there were 25 different clinical variables associ-
ated with late recurrence but only three variables (age, type of AF,
and left atrial size) were statistically significant predictors in more
than half of the studies.’®> After variable selection with RSF and
Cox proportional hazard regression, the statistically significant pre-
dictors in this study included LAVi, early recurrence, adjunctive CTI
ablation for atrial flutter, statin use, and beta blocker use.
Adjunctive CTI ablation for known or inducible atrial flutter had
a protective effect against late AF recurrence. Although atrial flutter
following pulmonary vein isolation is a relatively rare phenomenon,
it could reasonably account for some of the 11% absolute difference
in late recurrence observed between patients undergoing adjunctive
atrial flutter ablation and those who did not.'® Additionally, preop-
erative beta blocker and statin use were found to be independently
predictive of late recurrence, although variable importance of these
two medications was significantly lower than early recurrence and
LAVi (Figure 2). Beta blocker and statin use could be markers of
cardiovascular disease severity as a risk factor for recurrence, as
suggested by larger left atrial volumes in patients taking these medi-
cations in our study (data not shown). Data on medication doses and
post-ablation use were not available for analysis, limiting the gener-
alizability of these findings.



BRAHIER ET AL.

Kaplan Meier curves with and without Early Recurrence
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FIGURE 1 Kaplan-Meier curves for LAVi and early recurrence. The cut-off of LAVi was obtained from survival tree analysis. Patients
with LAVi >66.7 cm®/m? were at higher risk for late AF recurrence (HR 2.10 [1.67-2.64], log-rank p <.001) as were patients with early

recurrence (HR 2.62 [2.05-3.34], log-rank p <.001).

4.2 | Significance of left atrial volume index

Left atrial dilatation has been well described in the pathogenesis
and perpetuation of AF.Y Left atrial wall irregularities and user-
dependence limit precision and accuracy of echocardiographically
derived measures of left atrial enlargement relative to cCT-derived
LAVi.'® In the context of atrial fibrillation, cCT-derived LAVi is su-
perior to echocardiographically derived LA diameter and LAVi for
predicting late AF recurrence.’’ Despite this, prior prognostic mod-
els have most commonly used readily available, echocardiographi-
cally derived measures.’® Studies that utilize cCT-derived LAVi
for post-ablation prognostication arrive at these measurements

20-23 3 time-

through manual or semi-automated segmentation,
intensive process that potentially limits its traction for routine
clinical use despite widespread availability of pre-ablation cCT. Our
study leveraged deep learning to overcome these barriers and com-
pute LAVi from cCT with both speed and accuracy. RSF analysis re-

vealed that LAVi is more important than any other pre-procedural

clinical factor for recurrence prediction. Other machine-learning-
derived morphologic features of the left atrium, pulmonary veins,
and left atrial myocardium have shown early promise for improving
prognostic models' discriminative ability but require further rep-
lication and validation.?*?° These findings support the continued
pursuit of machine-learning techniques as a component of risk
stratification.

4.3 | Significance of early recurrence

Most recurrence prognostication focuses on variables that are avail-
able preoperatively; however, there has been renewed interest in
early recurrence as a predictor of late recurrence.”? The association
has been observed similarly in patients undergoing either radiofre-
quency ablation or cryoablation.27 These findings challenge the no-
tion that recurrence during the 3-month blanking period is a transient

and clinically insignificant result of periprocedural inflammation.®?
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FIGURE 2 Variable importance from random survival forest (RSF). In this machine learning method for variable selection, large
importance values indicate variables with predictive ability, whereas zero or negative values identify non-predictive variables to be filtered
out during regression analysis. The most important variables in the model were early recurrence and LAVi. Predictors of highest importance

in RSF were selected for Cox proportional hazards regression analysis.

TABLE 2 Multivariable Cox
proportional hazards regression.

Body Mass Index

Peripheral Artery Disease

Beta Blocker
Statin

Concurrent

Radiofrequency Ablation for Atrial Flutter

Early Recurrence
LAVi

Model concordance: 0.70

Hazard ratio (95% Cl) p-value
0.98 (0.96-1.00) 0.086
0.68 (0.44-1.05) 0.0789
1.29 (1.01-1.65) 0.043
1.41(1.11-1.78) 0.0043
0.74 (0.57-0.96) 0.0218
2.53(1.98-3.23) <0.0001
1.02 (1.01-1.02) <0.0001

Abbreviation: LAV, left atrial volume index.
The bolded values in Table 2 represent those that met statistical significance as indicated by

P value below 0.05.

Our study showed a similar rate of early recurrence (28%) to that
reported in the literature and a similarly strong association with
late recurrence. In fact, early recurrence was the only parameter of
greater importance than LAVi in RSF analysis. While patients with
either early recurrence or large LAVi had approximately a two-fold in-
creased risk of late recurrence, patients with both LAVi >66.7 cm®/m?
and early recurrence had more than four times the risk of late recur-
rence as compared to patients with LAVi <66.7 cm®/m? and no early
recurrence. This finding is consistent with a recent publication by
Kim et al. which showed that left atrial diameter, early recurrence,
and non-paroxysmal AF type are the most significant predictors
for late recurrence.’ Although early recurrence cannot influence
the decision of whether or not to pursue an ablation like traditional

preoperative factors, it may nonetheless be an important prognostic

indicator.

4.4 | Study strengths and limitations

Strengths of this study include the use of deep learning for cCT-
derived LAVi and use of machine learning statistical methods that
eliminate variables with little predictive power without assuming
statistical models. Although the sample size is modest, this study is
the largest, to our knowledge, that utilizes deep-learning-derived,
full-volumetric LAVi from cCT for recurrence risk prediction. Limi-
tations include the retrospective study design with patients from a
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single healthcare system, use of ICD-9/10 billing to code for comor-
bidities, and the inaccessibility of complete echocardiographic data.
Another limitation is the use of routine electrocardiogram and 24-h
Holter monitoring to determine early and late recurrence. Although
this AF detection strategy is consistent with the 2017 expert consen-
sus statement for the definition of clinical AF recurrence, the lack of
continuous monitoring may limit detection of subclinical recurrence.
Finally, we acknowledge the potential for selection bias associated

with >10% of patients excluded from the study for loss to follow-up.

5 | CONCLUSIONS

Machine learning-derived, full volumetric LAVi from cCT is the most
important pre-procedural variable for predicting late AF recurrence
following catheter ablation. The combination of increased LAVi and
early recurrence confers more than a four-fold increased risk of late
AF recurrence. Thus, machine learning methods can help risk stratify

patients undergoing AF catheter ablation.
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