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Introduction: We developed a prediction model for atrial fibrillation (AF) progression

and tested whether machine learning (ML) could reproduce the prediction power in an

independent cohort using pre-procedural non-invasive variables alone.

Methods: Cohort 1 included 1,214 patients and cohort 2, 658, and all underwent AF

catheter ablation (AFCA). AF progression to permanent AF was defined as sustained AF

despite repeat AFCA or cardioversion under antiarrhythmic drugs. We developed a risk

stratification model for AF progression (STAAR score) and stratified cohort 1 into three

groups. We also developed an ML-prediction model to classify three STAAR risk groups

without invasive parameters and validated the risk score in cohort 2.

Results: The STAAR score consisted of a stroke (2 points, p = 0.003), persistent

AF (1 point, p = 0.049), left atrial (LA) dimension ≥43mm (1 point, p = 0.010),

LA voltage <1.109mV (2 points, p = 0.004), and PR interval ≥196ms (1 point,

p = 0.001), based on multivariate Cox analyses, and it had a good discriminative power

for progression to permanent AF [area under curve (AUC) 0.796, 95% confidence interval

(CI): 0.753–0.838]. The ML prediction model calculated the risk for AF progression

without invasive variables and achieved excellent risk stratification: AUC 0.935 for

low-risk groups (score = 0), AUC 0.855 for intermediate-risk groups (score 1–3), and

AUC 0.965 for high-risk groups (score ≥ 4) in cohort 1. The ML model successfully

predicted the high-risk group for AF progression in cohort 2 (log-rank p < 0.001).

Conclusions: The ML-prediction model successfully classified the high-risk patients

who will progress to permanent AF after AFCA without invasive variables but has a limited

discrimination power for the intermediate-risk group.

Keywords: atrial fibrillation, catheter ablation, progression, machine learning, risk score

INTRODUCTION

Atrial fibrillation catheter ablation (AFCA) is known to be effective for rhythm control
management, which can improve symptoms and quality of life in atrial fibrillation (AF) patients
(1). Recent study and guideline reported a beneficial effect of AFCA on mortality and heart failure
hospitalization in AF patients with left ventricular dysfunction (1, 2). Although there is a substantial
recurrence rate after AFCA, a positive clinical impact can be expected from a reduction in AF
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burden itself unless sustained AF continues after a procedure (3,
4). Recurrence after AFCA is defined as AF or atrial tachycardia
(AT) of 30 s or more regardless of symptoms (1). At this point,
although it is important to reduce a recurrence rate of atrial
arrhythmias lasting 30 s, it might also be very important to
identify progression to permanent AF in which it is difficult
to control sustained AF even after repeated procedures or with
use of antiarrhythmic drugs (AADs). By predicting progression
to permanent AF before a de novo AFCA procedure, we can
select patients who are not likely to progress to permanent AF,
thereby reducing any unnecessary risk and cost and potentially
improving a success rate of a procedure. Therefore, pre-discovery
of patients who are likely to progress to permanent AF using
pre-procedural parameters may contribute to improvements in
AFCA rhythm and clinical outcomes. However, many peri-
procedural predictors, including both non-invasive and invasive
parameters, contribute in a complex manner to AFCA rhythm
outcomes (5). So variable studies reported or validated the
risk model for AF recurrence in the patients who underwent
repeat ablations (5). Those studies showed the range of ACU
from 0.487 to 0.833. However, only a study reported risk
model derived from over 1,000 patient population (6), but
the follow-up duration was relatively short of investigating the
progression to permanent AF (mean 2.5 years). Based on a
variety of sources of complex patient information, including
electronic medical records (EMRs) and imaging data, artificial
intelligence (AI) has been used to detect AF and to predict
ablation outcomes (7–12). Furthermore, AI has been suggested
for predicting invasive parameters or invasive cardiovascular
outcomes (13).

In this retrospective analysis of prospective AFCA cohort data,
we aimed to develop a machine learning (ML)-prediction model
to identify patients with progression to permanent AF using
the pre-procedural non-invasive factors. As an intermediate step
for developing the ML prediction model, we used a risk score
derived from this study population and identified the high-
risk group for progression to permanent AF. Therefore, we
developed and used an ML prediction model to classify the
patients into risk score-based groups associated with progression
to permanent AF.

Abbreviations: AFCA, atrial fibrillation catheter ablation; AAD, antiarrhythmic

drugs; RF, random forest; STAAR, risk model consisting of previous history of

a stroke or transient ischemic attack, type of AF, left atrial dimension, left atrial

voltage, PR interval; Eem, peak transmitral flow velocity (E), and tissue Doppler

echocardiography of the peak septal mitral annular velocity (em); ALARMEc, risk

model consisting of type of AF, metabolic syndrome, eGFR, and normalized left

atrial area; APPLE, risk model consisting of age, type of AF, eGFR, left atrial

diameter, and left ventricular ejection farction; ATLAS, risk model consisting of

age, sex, type of AF, current smoking, and indexed left atrial volume; CAAP-

AF, risk model consisting of age, sex, type of AF, LAD, coronary artery disease,

and number of antiarrhythmic drugs failed; HATCH, risk model consisting

of age, heart failure, hypertension, chronic obstructive pulmonary disease, and

stroke/transient ischemic attack; BASE-AF2, risk model consisting of type of AF,

LAD, body mass index, current smoking, AF history, and early recurrence; MB-

LATER, riskmodel consisting of sex, type of AF, LAD, early recurrence, and bundle

branch block.

METHODS

Study Population
This study protocol adhered to the principles of the Declaration
of Helsinki and was approved by the Institutional Review Board
of the Yonsei University Health System. All patients provided
written informed consent for inclusion in the Yonsei AF Ablation
Cohort Database (registered at ClinicalTrials.gov, Identifier:
NCT02138695). Figure 1 shows the enrollment into this study.
A total of 1,850 patients who underwent AFCA from 2009 to
2018 were registered in the Yonsei AF ablation cohort. The
cohort was adjusted based on the following exclusion criteria: (1)
permanent AF refractory to electrical cardioversion, (2) AF with
rheumatic valvular disease, or any mechanical or bioprosthetic
heart valve, (3) prior cardiac surgery with concomitant AF
surgery or AF catheter ablation, and (4) the absence of a mean
left atrial (LA) voltage that could be obtained during the de novo
ablation procedure. Finally, 1,214 patients {mean age: 58.7 ±

10.9 years, 26.5% female, 31.4% persistent AF, median follow-up
duration [interquartile range (IQR)]: 51.4 months (26.9, 83.7)}
were enrolled and used to develop risk score and ML prediction
models in this study.

Among the 1,214 patients in the development data, 791
remained in sinus rhythm after the first AFCA during the
follow-up period [median 38.5 months (23.9, 70.7)]. Among
the 423 patients who experienced AF/AT recurrences after the
first AFCA, 143 underwent repeat ablation sessions and 280
underwent electrical cardioversion under AADs to restore sinus
rhythm. We considered the progression to permanent AF, which
is the endpoint of this study, as sustaining AF detected on
an electrocardiogram (ECG) or Holter/event-monitor after last
ablation procedures with AADs or electrical cardioversion. For
example, the patient was considered as progression to permanent
AF group when the rhythm status was AF in an ECG or Holter-
monitoring at last visit of outpatient clinics on AADs for recurred
AF after the last ablation procedures. We defined the controlled
arrhythmia group as consisting of those patients who experienced
no AF/AT recurrences or intermittent AF/AT after the repeat
ablation sessions, AADs, or electrical cardioversion during the
follow-up period. Finally, we obtained the following groups from
the development data: 1,122 patients with controlled arrhythmias
and 92 with progression to permanent AF.

Electrocardiographic, Echocardiographic,
and Cardiac Computed-Tomography
Evaluations
In order to develop a risk model, we used 12-lead ECG, in
which the sinus rhythm and PR interval can be identified,
that was be obtained most recently before AFCA, as previously
described (14). In brief, the 12-lead ECG of all patients
(GE Healthcare, Marquette, MAC5500, Waukesha, WI) was
obtained in this study. The paper speed was 25 mm/s and
calibration 10 mm/mV. All patients underwent transthoracic
echocardiography before the de novo procedure. We obtained
the echocardiographic parameters according to the American
Society of Echocardiography guidelines. The patients underwent
three-dimensional (3D) spiral CT scans (64 Channel, LightSpeed
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FIGURE 1 | Study flow chart. AF, atrial fibrillation; AT, atrial tachyarrhythmia; SR, sinus rhythm; LA, left atrium; AAD, antiarrhythmic drugs.

Volume CT, Philips, Brilliance 63, Amsterdam, Netherlands)
to define the pulmonary vein (PV) anatomy. The 3D spiral
CT images of the LA were analyzed on an imaging processing
workstation (Aquarius, TeraRecon Inc., Foster City, California,
United States).

Electrophysiological Mapping and
Radiofrequency Catheter Ablation
AFCA was performed by using a 3D electroanatomical
mapping system (NavX, St. Jude Medical, Inc., Minnetonka,
Minnesota, United States; CARTO, Biosense-Webser, Inc.,
Diamond Bar, California, United States). We conducted multi-
view pulmonary venograms after the transseptal puncture. The
3D electroanatomical geometry of both the LA and PVs was
constructed and merged with the 3D spiral CT images. An LA
voltage map was obtained during sinus rhythm using bipolar
electrograms from 350 to 500 points on the LA endocardium
during atrial pacing at 500ms, and the mean LA voltage was
calculated according to previous reports (15, 16). The LA voltage
data was obtained in all patients of the dependent cohort. If the
initial rhythm was AF before the ablation procedure, we restored
sinus rhythm using internal electrical cardioversion. If the AF
was frequently reinitiated after recurrent electrical cardioversion
before the ablation procedure, we obtained LA voltage map after
the ablation procedure.

An open-irrigated tip catheter (Celsius, NaviStar
ThermoCool, ThermoCool SF, and ThermoCool SmartTouch,
Johnson & Johnson Inc., Diamond Bar, California, United States;

CoolFlex, FlexAbility, and TactiCath, St. Jude Medical Inc.,
Minnetonka, Minnesota, United States) was used for the
AFCA. All patients underwent a de novo procedure with a
circumferential pulmonary vein isolation (CPVI). The majority
of the patients (91.8%) underwent a cavotricuspid isthmus (CTI)
block procedure during the de novo procedure unless there was
atrioventricular conduction disease. We added additional linear
ablation such as a roof line, posterior inferior line (posterior box
lesion), or anterior line, especially in patients with persistent AF.
A left lateral isthmus ablation, right atrial ablation, and complex
fractionated electrogram ablation were performed in a minority
of the patients at the operator’s discretion. We ended the de novo
procedure when there was no immediate recurrence of AF within
10min after the cardioversion with an isoproterenol infusion
(5–10 µg/min depending on ß-blocker use and target sinus
heart rate of 120 bpm). In the case of mappable AF triggers or
premature atrial beats, the extra-PV foci were carefully mapped
and ablated as much as possible. Systemic anticoagulation was
achieved using intravenous heparin to maintain an activated
clotting time of 350–400 s during the procedure.

Post-ablation Management and Follow-Up
Patients visited an outpatient clinic at 1, 3, 6, and 12
months and every 6 months thereafter or whenever symptoms
developed after AFCA. Patients underwent an ECG at every
visit. Twenty-four-hour Holter monitoring was performed at 3,
6, and 12 months and then every 6 months after the AFCA
according to the 2012 Heart Rhythm Society/European Heart
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Rhythm Association/European Cardiac Arrhythmia Society
expert consensus statement guidelines. Whenever the patients
suffered from symptoms of palpitations, Holter/event-monitor
examinations were performed to investigate the possibility of
an arrhythmia recurrence. We defined an AF/AT recurrence
as any episode of AT or AF lasting for 30 s or more. Any
electrocardiography documentation of an AF recurrence after a
3-month blanking period was classified as a clinical recurrence.

Management of Recurrence and
Progression to Permanent AF
Patients who experienced AF/AT recurrences after the first AFCA
were prescribed AADs or electrical cardioversion based on the
rhythm condition. If a recurrent atrial arrhythmia could not be
controlled by medications, we recommended a repeat ablation to
the patients and their family members. We previously reported
the detailed technique and strategy for repeat ablation procedures
(17). In brief, if there were reconnections of the PV potentials,
a CTI or additional linear lines that were created in the index
procedure, we first completed them as much as possible. Then,
we provoked extra-PV foci with an isoproterenol infusion (5–10
µg /min) and carefully mapped and ablated any mappable AF
triggers or frequent atrial premature beats.

After the repeat ablation procedures, we performed a serial
rhythm follow-up, adhering to the above-mentioned protocol.
We defined patients with progression to permanent AF as
those patients who remained in a sustained AF/AT rhythm at
the final follow-up date despite a repeat ablation, AADs, or
electrical cardioversion.

Risk Score for Progression to Permanent
AF: STAAR Score
We performed Cox regression analysis using clinical variables
to develop the risk score for progression to permanent AF.
First, we decided on the optimal cut-off values for the LA
dimension (43mm), PR interval (196ms), and mean LA voltage
(<1.109mV) by using the Youden index. The predictors with
p-values < 0.05 in the univariate Cox regression model and
age were included in the multivariate Cox regression model
without any stepwise methods. Finally, five predictors including
persistent AF at baseline, a history of a stroke or TIA, an enlarged
LA (≥43mm), a prolonged PR interval (≥196ms), and a low
mean LA voltage (<1.109mV) were associated with progression
to permanent AF (Supplementary Table 1). Then, the STAAR
score was developed using the following five predictors: a
previous history of a stroke or transient ischemic attack (TIA,
S), type of AF (T), LA dimension (A), LA voltage (A), and PR
interval (R). The STAAR score was calculated based on the beta
coefficients, which were divided by the smallest absolute value of
the regression coefficient and rounded to the nearest integer. And
each patient was calculated by summing the points assigned to
each predictor (Supplementary Table 2): a previous history of a
stroke or TIA (2 points), the AF type (1 point for persistent AF at
the time of the diagnosis), LA size (1 point for an enlarged LA ≥

43mm), mean LV voltage (2 points for a low mean LA voltage <

1.109mV), and PR interval (1 point for a prolonged PR interval
≥ 196 ms).

Random Forest for Developing the
ML-Prediction Model to Classify Three
STAAR Risk Groups
Using the median and interquartile value of STAAR score in the
overall population, the patients with individual STAAR scores
were divided into three STAAR risk groups which had each
risk level for progression to permanent AF; low risk (score
0) for progression to permanent AF, intermediate-risk (score
1–3) for progression to permanent AF, and high risk (score
4–7) for progression to permanent AF. Because the STAAR
score needed the invasive parameter such as LA voltage, we
developed an ML-prediction model for predicting three STAAR
risk groups for progression to permanent AF using non-invasive
parameters. For a risk stratification model of AF progression
to permanent AF (STAAR score), we developed a model based
on the Random Forest (RF) (18) and implemented the software
with a Scikit-learn library (version 1.0.1). The input parameters
(15 × 1) used non-invasive clinical features [age, female sex, AF
type, body mass index (BMI), congestive heart failure (CHF),
hypertension, diabetes mellitus, stroke or TIA, vascular disease,
LA dimension, left ventricular ejection fraction (LVEF), Eem
[peak transmitral flow velocity (E) divided by tissue Doppler
echocardiography of the peak septal mitral annular velocity
(Em)], creatinine, hemoglobin, and pre-ablation PR interval].
Before hyperparameter selection by cross-validation, the training
and test sets were randomly divided at an 8:2 ratio. Then, an
optimal model was induced with 20-fold cross-validation from
the training set (0.8) and the predictive performance of the
RF classifier was evaluated with the test set (0.2). However, it
may still induce overlooked biases as the data sets provided
for cross-validation may not be representative of patient or
population diversity (19). Therefore, we performed the nested
cross-validation with five “outer” test sets consisting of 5
iterations. Finally, we identify the best RF classifier with this
nested cross-validation procedure. The output Yclass consisted of
three classes and each class was divided into the following criteria:

Yclass(z) =







Low− risk group, z < 1
Intermediate− risk group, 1 ≤ z ≤ 3

High− risk group, z > 3
,

where z is the STAAR score, and Yclass has a higher risk
when it increases from 0 to 2. Hyperparameters for optimal
performance of the RF model were carefully selected by grid
search algorithm (20) using the GridSearchCV function of the
Scikit-learn library. The selected hyperparameters are bootstrap:
true, the maximum depth of the tree (max_depth: 8), the
number of features to consider when looking for the best split
(max_feature: 5), the minimum number of samples required to
be at a leaf node (min_samples_leaf: 4), the minimum number
of samples required to split an internal node (min_samples_split:
10), and the number of trees in the forest (n_estimators: 100).
The selected hyperparameters and search ranges are shown
in Supplementary Table 3. Supplementary Figure 1 shows an
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example of a trained first decision tree. To check for overfitting
(using the Scikit-learn library version 1.0.1), the results using a
method of High Energy Physics showed that the effect of the
class imbalance is not significant with the distance of the points
(test set) to the bars (training set) (Supplementary Figure 2). For
the reproducibility, all model training was performed for five
iterations with a random sample.

Independent AFCA Cohort to Predict the
Ablation Outcome
For external validation of the ML-prediction model to classify
three STAAR risk groups, we used an independent AF ablation
cohort that included 805 patients who underwent their first
AFCA at Korea University Cardiovascular Center between 2013
and 2016. From this independent data, we enrolled and analyzed
658 patients who were classified into three risk groups for
progression to permanent AF based on the ML-prediction model
that classified three STAAR risk groups. Among the 658 patients
in the independent cohort, 484 remained in sinus rhythm after
the first AFCA during the follow-up period. Of the 174 patients
who experienced an AF/AT recurrences after the first AFCA, 97
underwent repeat ablation sessions and 77 underwent AADs or
electrical cardioversion during the follow-up period. Finally, we
identified 634 patients as the controlled arrhythmia group and
24 as the progression to permanent AF group for the external
validation. There were significant size and follow-up duration
discrepancies between training and external validation cohorts,
but the ablation procedure data of two cohorts were similar to
each other.

Statistical Analysis
Continuous variables are reported as means ± standard
deviations (SD) and were analyzed using an independent t-
tests. Categorical variables are reported as numbers (percentages)
and were analyzed using a Chi-square or Fisher’s exact test.
We defined a cut-off value of the LA dimension, PR interval,
and LA voltage using the Youden index. The Youden index
decides a cut-off point at the specific value where the amount
of sensitivity plus specificity was maximal value (21, 22). As
a result, the Youden index yielded the highest value of the
following equation at the specific point: sensitivity + specificity-
1. To develop STAAR risk model, we included the predictors
with p-values < 0.05 in the univariate Cox regression analysis
and age in the multivariate Cox regression analysis without
any stepwise methods. CHA2DS2VASc score was excluded in
multivariate Cox regression analysis because the score already
included age, previous history of congestive heart failure,
and stroke/TIA (Supplementary Table 1). We confirmed the
proportional hazard assumption of the STAAR risk model using
log-minus-log Kaplan-Meier plot. Linear regression analysis was
performed to investigate the relationship between pre-procedural
factors and the STAAR score (Supplementary Table 4). The
ANOVA test for continuous variables or a Chi-square or
Fisher’s exact test for categorical variables were performed
to investigate characteristics among three STAAR risk groups
before developing the ML-risk model to classify three STAAR
risk groups (Supplementary Table 5). An independent t-test for

continuous variables or a Chi-square or Fisher’s exact test for
categorical variables were used to investigate the difference in
baseline characteristics between the controlled AF/AT group
and progression to permanent AF group in the independent
cohort (Supplementary Table 6). The STAAR score performance
was assessed with a C-statistic representing the area under the
curve (AUC) of the receiver operating characteristic (ROC)
curve. Because the STAAR score included invasive parameters,
the ML prediction model was developed based on the RF
algorithm using non-invasive parameters to classify the patients
into three risk groups for progression to permanent AF. A
Kaplan-Meier analysis was used to investigate the freedom from
progression to permanent AF in the three STAAR groups of
the development cohort and the three ML-predicted risk groups
in the independent cohort. A p-value < 0.05 was considered
statistically significant. All statistical analyses were performed
using SPSS (Statistical Package for Social Sciences, Chicago,
Illinois, United States) software for Windows (version 23.0) and
the R package (3.1.0, R Foundation for Statistical Computing,
Boston, Massachusetts, United States).

RESULTS

Baseline Characteristics
The comparison of the baseline characteristics between the
controlled AF/AT group (n = 1,122; 92.4%) and progression to
permanent AF group (n = 92, 7.6%) is presented in Table 1.
Patients with progression to permanent AF had a higher
proportion of baseline persistent AF (p < 0.001), higher BMI (p
= 0.039), higher number of previous stroke or TIA events, and
longer PR interval than the controlled AF/AT group. In terms
of the echocardiographic parameters, the LA dimension (p <

0.001) was larger in the progression group than in the rhythm-
controlled group. The invasive parameters acquired during de
novo ablation procedures showed that the LA voltage was lower
(p < 0.001), ablation time was longer (p = 0.036), and extra-
PV LA ablation more commonly performed (p = 0.001) in
the progression group than its counterpart (Table 2). In the
independent cohort with median 18.9 (IQR: 11.4, 30.3) months
of follow-up, mean age was 56.8 ± 10.7 years, the proportion of
female was 20.8%, and the proportion of persistent AF was 40.3%.

Association Between the STAAR Score and
Progression to Permanent AF
In the development data, an AUC of ROC curve of the STAAR
score, which showed the discriminative power for progression to
permanent AF, was 0.796 (95% CI: 0.753–0.838, Figure 2A). The
STAAR score ranged from 0 to 7 points. There was a significantly
increased proportion of patients who progressed to permanent
AF in those with a higher risk score (0% at a risk score of
0 to 50% at a risk score of 7, p-value for the trend < 0.001,
Figure 2B). The patients were classified into three risk groups
which had each risk level for progression to permanent AF:
low (0 points), intermediate (1–3 points), and high (>3 points).
The population and baseline characteristics in the three risk
groups are presented in Supplementary Table 5. The high-risk
group for progression to permanent AF was older (p < 0.001),
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TABLE 1 | Baseline characteristics during the de novo ablation procedure.

Overall patients (n = 1,214) Controlled AF/AT (n = 1,122) Progression to permanent AF (n = 92) p-value

Age, years 58.7 ± 10.9 58.6 ± 11.0 60.1 ± 10.0 0.193

Female 322 (26.5%) 298 (26.6%) 24 (26.1%) 0.921

Persistent AF at diagnosis 381 (31.4%) 325 (29.0%) 56 (60.9%) <0.001

Body mass index, kg/m2 25.0 ± 3.2 25.0 ± 3.2 25.7 ± 3.1 0.039

CHA2DS2VASc score 1.7 ± 1.6 1.7 ± 1.5 2.0 ± 1.7 0.053

CHF 126 (10.4%) 114 (10.2%) 12 (13.0%) 0.383

Hypertension 575 (47.4%) 527 (47.0%) 48 (52.2%) 0.336

Diabetes mellitus 176 (14.5%) 161 (14.3%) 15 (16.3%) 0.609

Stroke/TIA 143 (11.8%) 123 (11.0%) 20 (21.7%) 0.002

Vascular disease 150 (12.4%) 142 (12.7%) 8 (8.7%) 0.267

LA dimension, mm 41.3 ± 6.1 41.0 ± 6.0 45.2 ± 5.9 <0.001

LVEF, % 63.3 ± 8.4 63.4 ± 8.3 62.2 ± 9.2 0.208

EEm (n = 1,159) 10.2 ± 4.2 10.1 ± 4.1 10.9 ± 5.2 0.111

Creatinine, mg/dL 0.9 ± 0.3 0.9 ± 0.3 0.9 ± 0.3 0.737

Hemoglobin, g/dL 14.4 ± 1.5 14.4 ± 1.5 14.5 ± 1.3 0.355

Pre-ECG PR interval, ms 184.0 ± 31.8 182.6 ± 29.7 201.4 ± 40.6 <0.001

AF, atrial fibrillation; AT, atrial tachyarrhythmia; CHF, congestive heart failure; TIA, transient ischemic attack; LA, left atrium; LVEF, left ventricular ejection fraction; Eem, peak transmitral

flow velocity (E), and tissue Doppler echocardiography of the peak septal mitral annular velocity (Em); ECG, electrocardiography. The bold values represents p-value <0.05.

TABLE 2 | Ablation characteristics and outcomes during the de novo ablation procedure.

Overall patients

(n = 1,214)

Controlled AF/AT

(n = 1,122)

Progression to

permanent AF (n = 92)

p-value

Mean LA voltage, mV 1.3 ± 0.6 1.3 ±0.6 0.9 ± 0.5 <0.001

Ablation time, min 81.4 ± 27.5 81.0 ± 27.3 87.3 ± 29.3 0.036

Procedure time, min 181.2 ± 53.3 180.2 ± 52.7 193.2 ± 58.7 0.025

Contact force sensing catheter 95 (7.8%) 89 (7.9%) 6 (6.5%) 0.628

Extra-PV LA ablation 442 (36.4%) 393 (35.1%) 49 (53.3%) 0.001

Roof line 436 (36%) 387 (34.6%) 49 (53.3%) <0.001

Postero-inferior line 373 (30.8%) 334 (29.8%) 39 (42.4%) 0.012

Left latera isthmus 48 (4.0%) 42 (3.8%) 6 (6.5%) 0.171

Anterior line 325 (26.8%) 283 (25.2%) 42 (45.7%) <0.001

Bidirectional block of linear ablation

Roof line 378/436 (86.7%) 334/387 (86.3%) 44/49 (86.3%) 0.498

Postero-inferior line 218/373 (58.4%) 202/334 (60.5%) 16/39 (41%) 0.020

Left lateral isthmus line 10/48 (20.8%) 10/42 (23.8%) 0 (0%) 0.320

Anterior line 231/325 (65.5%) 187/283 (66.1%) 26/42 (61.9%) 0.595

CFAE ablation 63 (5.2%) 54 (4.8%) 9 (9.8%) 0.049

Post-ablation AAD use 194 (16%) 161 (14.4%) 33 (35.9%) <0.001

Type of AAD after recurrence (n = 249)

Class Ic drug 90 (36.1%) 73 (38.2%) 17 (29.3%) 0.216

Class III drug 159 (63.9%) 118 (61.8%) 41 (70.7%)

Number of repeat ablations

(in 143 patients)

2.0 ± 0.3

(n = 143)

2.1 ± 0.3

(n = 118)

2.0 ± 0.4

(n = 25)

0.203

Duration between 1st and 2nd AFCA,

months (n = 143)

35.7 ± 26.6 36.4 ± 26.8 31.8 ± 25.5 0.443

AF/AT recurrence after repeat

ablations

55/143 (38.5%) 30/118 (25.4%) 25 (100%) <0.001

Progression to permanent AF after

repeat ablations

25/143 (17.5%) 0 (0%) 25 (100%) <0.001

AF, atrial fibrillation; AT, atrial tachyarrhythmia; PV, pulmonary vein; LA, left atrium; CFAE, complex fractionated atrial electrogram; AAD, antiarrhythmic drugs; AFCA, AF catheter ablate.

The bold values represents p-value <0.05.
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FIGURE 2 | Performance and Kaplan-Meier (KM) analysis of the STAAR score. Performance of the STAAR score for the discrimination of the progression to

permanent AF (A). The rate of progression to permanent AF according to the STAAR score (B). KM analysis with censor marker (black vertical line) of the progression

to permanent AF according to the STAAR group (C). AF, atrial fibrillation; AUC, area under the curve.

had more proportion of comorbidities, more enlarged LA (p <

0.001), and more prolonged PR interval on ECG before ablation
(p < 0.001) as compared to low and intermediate-risk group.
The high-risk group for progression to permanent AF had a
significantly greater progression to permanent AF than the low-
risk and intermediate-risk groups for progression to permanent
AF in the Kaplan-Meier analysis (log-rank p< 0.001, Figure 2C).

ML-Prediction Model Predicting the
Progression to Permanent AF
Using pre-procedural non-invasive variables (age; female sex; AF
type; BMI; comorbidities including CHF, hypertension, diabetes
mellitus, stroke or TIA, vascular disease; LA dimension; LVEF;
EEm creatinine; hemoglobin; and pre-ablation PR interval),
we developed an ML prediction model to stratify the risk
for the progression to permanent AF in cohort 1. We chose
those 15 variables based on a linear regression analysis without
multicollinearity among the variables (Supplementary Table 4).
The training and test set were derived from randomly selected
samples in each test. All tests were performed five times. The
mean ROC curves of the five tests, which had a discriminative
power for the three risk groups for progression to permanent
AF, are presented in Figure 3A. The performance of the five
ML prediction models to classify three STAAR risk groups
is presented in Table 3. Among the five randomly tested
models, we chose the best prediction model, Test 4 in
Supplementary Table 7 (performance predicting low risk: AUC
0.935, sensitivity 0.945, specificity 0.847; performance predicting
intermediate risk: AUC 0.855, sensitivity 0.717, specificity 0.848;
and performance predicting high risk: AUC 0.965, sensitivity
0.960, specificity 0.890) for the verification in the independent
cohort 2. In the independent cohort 2, the ML prediction
model using pre-procedural non-invasive variables successfully
classified the three risk groups for progression to permanent
AF, and the patients in the ML-predicted high-risk group had

a significantly higher rate of progression to permanent AF than
those in the low-risk (log-rank p < 0.001, Figure 3B) and the
intermediate-risk (log-rank p= 0.001, Figure 3B) groups.

DISCUSSION

Main Findings
In this study, we investigated that the high STAAR score group
(4–7) had a higher rate of progression to permanent AF after
AFCA. However, the STAAR score was derived from an invasive
parameter that could be obtained during the procedure. Using
STAAR score as a labeling criterion, an ML prediction model
based on a RF algorithm was developed to classify patients
into risk groups for progression to permanent AF using non-
invasive pre-AFCA variables. ML-predicted high-risk patients
had a higher rate of progression to permanent AF than non-high-
risk patients in an independent cohort.

Mechanisms of AF Progression After AFCA
As a mechanism of recurrent AF after AFCA, technical factors
such as an incomplete or inefficient ablation and disease factors
such as substrate remodeling can be considered. Among the
technical factors, there are operator factors and limitations
of the current ablation technology. The operator-dependent
variability of ablation success has been gradually decreasing due
to development of contact force catheter technology and software
such as an ablation index, lesion index, and one-shot technologies
including cryoballoon ablation (23, 24). However, reconnections
of PV potentials are still commonly observed in patients with
recurrent AF, and we need to recognize limitations of the current
ablation technology in generating a permanent conduction block
during AFCA (17, 25, 26).

Nevertheless, AF is a progressive disease, and substrate
remodeling is an important mechanism of AF progression
and a long-term AF recurrence. Sustained AF aggravates
atrial structural and electrical remodeling itself, which leads
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FIGURE 3 | The mean area under the curve (AUC) of the receiver operating characteristic (ROC) curves of the machine learning (ML) prediction model to classify three

STAAR risk groups (A). Kaplan-Meier analysis with censor marker (black vertical line) of the progression to permanent AF according to the ML-predicted risk groups in

the independent cohort (B). AF, atrial fibrillation.

to a persistent AF burden (27). Pre-existing atrial remodeling,
including an atrial low voltage substrate (28), magnetic resonance
imaging (MRI)-detected atrial fibrosis (29), and elevated atrial
pressure (30), have been proven to have negative effects on
the rhythm outcome after AFCA. The PR interval reflects
atrial remodeling with electrophysiological heterogeneity and a
conduction delay throughout the atrium, which results from
atrial fibrosis and inflammation (31) The fact that patients
without PV reconnections in the redo mapping more commonly
have extra-PV triggers and a higher chance of recurrence after the
repeat ablation suggests the important role of the atrial substrate
as a mechanism of a long-term recurrence (17, 32).

STAAR Score and ML Risk Model to
Classify Three STAAR Risk Groups
Compared to Other Risk Models
Several risk models have been developed for AF recurrence after
AFCA (5). Among them, there are two types of models: non-
invasive and invasive risk models. Non-invasive risk models,
which consist of non-invasive predictors, are ALARMEc, APPLE,
ATLAS, CAAP-AF, and HATCH. These non-invasive risk models
have discriminative power of AUC from 0.44 to 0.75. Invasive
risk models, which consist of invasive predictors, are BASE-
AF2 and MB-LATER. The AUC of these invasive risk models
are between 0.57 and 0.94. However, a primary endpoint was
progression to permanent AF in the current STAAR score and
ML model in contrast with AF recurrence in other previous
risk models. Because of this difference in an ablation outcome,

we could not directly compare the performance for predicting
ablation outcomes in the current model and other risk models.
Although the highest AUC of invasive risk model is 0.94, early
recurrence is an essential predictor for both BASE-AF2 and
MB-LATER. Early recurrence can be obtained after AF ablation
and may be underestimated in the patients with asymptomatic
AF recurrence.

As compared to the published risk model and studies
including repeat ablations (5), the current risk model was
developed in the largest AF population who had the longest
follow-up duration (Supplementary Table 8). We developed the
current riskmodel using anML algorithm to predict the high-risk
patients progress to permanent AF despite AFCA using non-
invasive non-imaging parameters. Therefore, the current ML-
risk model can quickly discriminate the high-risk patient who
might progress to permanent AF before the invasive ablations or
expensive cardiac imaging at the outpatient clinics.

Prognostic Value of AI in Cardiovascular
Disease
Few AI models have been reported in other studies to predict
the rhythm outcome of AFCA. Shade et al. (10) reported an
AI model combined with late gadolinium enhancement (LGE)-
MRI images to assess a probability of AF recurrence during a
median 1-year follow-up period in patients with paroxysmal AF.
Firouznia et al. (33) and Liu et al. (34) suggested an AI model
using CT images of the LA or PVs to predict AF recurrence after
AF ablation (33) or non-PV triggers in paroxysmal AF patients
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without AF recurrence during a 1-year follow-up period (34).
Budzianowski et al. (11) reported an AI model that investigated
predictors of early AF recurrence after cryoballoon ablation in
numerous EMR data. Image-based AI models for AF recurrence
or AF triggers need complex preprocessing procedures because
MRI and CT images should be adjusted for the AI algorithms
(10, 33, 34). As shown in this study, theML predictionmodel may
identify patients who are poor responders or super-responders to
the specific treatment modalities over the long-term.

In the present study, although the STAAR score could well
predict patients with progression to permanent AF over the long-
term follow-up period, the STAAR score included the invasive
parameters that could be obtained during an ablation procedure.
An ML prediction model to classify three STAAR risk groups,
which used non-invasive variables that were obtained in EMR,
could replace the STAAR score. Furthermore, the ML prediction
model could classify the patients into three risk groups with long-
term progression to permanent AF in the development cohort. In
an independent cohort, it could identify patients at a high risk for
progression to permanent AF.

Limitations
This study was an observational cohort study from two centers
that included patients who were referred for AF ablation. There
might be a selection bias. Due to the long duration of enrollment
and follow-up, catheter technology and ablation strategies
including additional linear ablation and extra-pulmonary foci
ablation have been changed. It should be considered that those
changesmight affect the ablation results. Due to the different time
of enrollment and follow-up duration between development and
independent cohorts, it should be considered for the differences
in type of catheter, ablation lesion set, and AF recurrence
between the two cohorts. However, we found a time discrepancy
of enrollment in training cohort and validation cohort in the
previous AI-related studies (33, 35). Although PR interval can be
influenced by medication, such as β-blockers or calcium channel
blockers, and their dose, specific medication information at the
time of sinus rhythm ECG was not available in this cohort study.
Because the cut-off values of this study were derived from the
patients in this single-cohort database, the values could not be
fully applied to a wider population of AF. The number of the
patients with progression to permanent AF was small in the
replication cohort compared with an overall large population.
Because the current ML model was validated in the independent
cohort with a small number of events, this model may not be
applied to the generalized AF population. Although it is common
to set the label with the ground truth in the development
of ML model, we used a STAAR score which is a processed
risk score model. Therefore, a prospective randomized clinical
trial is going on to prove the robustness of our ML model
(ClinicalTrials.gov, NCT04997824). Because of using a one-vs.-
all strategy for three groups of STAAR scores (low, intermediate,
and high), the intermediate-risk group showed a relatively low
AUC and the limited classification power from the low and high
groups (Supplementary Figure 3). Although the current ML
prediction model to classify three STAAR risk groups has been
faithfully verified with 20-fold cross-validation and an external
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test set, actual predictive performancemay differ in actual clinical
application and needs future prospective study. Since we could
not obtain the exact duration of maintaining sinus rhythm,
there might be some patients who experienced relatively less AF
recurrence, even among patients with progression to permanent
AF. Holter or ECG monitoring might be insufficient to detect
the subclinical AF recurrence and the rate of progression to
permanent AF could be underestimated. The assessment of the
last rhythm status in this study was variable because of different
tools and intermittent time intervals for checking rhythm status.
So, the progression to permanent AF, the endpoint in this study,
should not be the same meaning to continuous AF all day.
Operator or technical factors that could occur during AFCAwere
excluded from the risk score developed in this study. Because
the definition of permanent AF might vary depending on the
medical environment or physicians, the number of patients with
progression to permanent AF was small even in the high-risk
group, and also it needed long-term follow-up periods to identify
the high-risk patients for progression to permanent AF. Due
to the strict criteria of insurance coverage for AFCA in Korea,
physicians generally start AADs first, and then recommend a
repeat ablation when a recurrent atrial arrhythmia cannot be
controlled by medication. Moreover, ML outcome is dependent
on the data quality and the amount of training set. Therefore,
the outcome of this study cannot be generalized to all patients
with AF.

CONCLUSIONS

An ML-prediction model successfully classified three risky
groups that showed different risk levels of progression to
permanent AF for long-term periods before an ablation
procedure. Using pre-procedural and non-invasive variables,
the ML prediction model can identify patients at high risk
for progression to permanent AF before an ablation procedure
but has a limited discrimination power for the patients
with intermediate-risk.
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