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Background: Atrial fibrillation (AF) is the most prevalent sustained cardiac arrhythmia worldwide. Catheter ablation is the first-
line therapy for symptomatic/refractory AF, yet post-procedural recurrence remains extremely common, driving a high rate of repeat
ablation procedures. Repeat ablation is associated with elevated medical costs, incremental procedural risks, and impaired quality of
life and clinical outcomes in affected patients. Existing clinical risk scores for predicting repeat AF ablation have limited
discriminative ability, poor interpretability, and suboptimal clinical utility. This study aimed to develop and validate an explainable
machine learning model, using routine clinical and echocardiographic features, to predict the risk of requiring repeat catheter
ablation for AF.

Methods: A retrospective cohort of 1073 patients undergoing AF ablation from 2012 to 2023 was analyzed, with data split into
training (70%) and testing (30%) sets. Feature selection was performed using LASSO regression and the Boruta algorithm, followed
by the construction of eight machine learning models. Model performance was evaluated using area under the receiver operating
characteristic curve (AUC), sensitivity, specificity, F1 score, balanced accuracy, Brier score, and clinical utility via decision curve
analysis. Interpretability was enhanced using Shapley Additive Explanations (SHAP).

Results: Among 1073 patients undergoing AF ablation, 352 (32.8%) required a second procedure. LASSO regression combined with
the Boruta algorithm identified nine predictive features: NT-proBNP, age, globulin (GLO), direct bilirubin (DBIL), left ventricular
ejection fraction (LVEF), cystatin C (Cys-C), smoking history, creatine kinase (CK), and urea. Among the eight models evaluated,
XGBoost demonstrated the best overall performance, achieving an AUC of 0.811 (95% CI: 0.762—0.859) in the testing cohort, with a
sensitivity of 0.748, specificity of 0.726, and Brier score of 0.1682. It also outperformed alternative models in terms of F1 score and
clinical net benefit. SHAP analysis confirmed NT-proBNP and age as the most influential predictors, alongside non-linear contribu-
tions from the remaining variables.

Conclusion: The XGBoost model may provide a useful and interpretable tool for predicting repeat AF ablation, providing clinical
insights to guide patient management and optimize procedural outcomes.
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Introduction
Atrial fibrillation (AF) remains the most prevalent cardiac arrhythmia, affecting millions worldwide and contributing
to significant morbidity, including stroke and heart failure, as well as substantial healthcare costs.' Catheter ablation,

particularly pulmonary vein isolation, is a cornerstone treatment for patients with symptomatic or drug-refractory
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AF, offering improved rhythm control compared to antiarrhythmic drugs.” However, AF recurrence remains a
critical challenge, with 20—-40% of patients requiring repeat ablation due to factors such as pulmonary vein
reconnection, incomplete lesion formation, or progressive atrial remodeling.® Accurate identification of patients at
risk for repeat ablation is essential to optimize treatment strategies, enhance patient outcomes, and reduce healthcare
burdens.

Conventional risk stratification for AF recurrence often relies on clinical variables such as age, left atrial
diameter, and comorbidities, but these models frequently lack precision due to their inability to capture complex,
non-linear interactions.*> Machine learning (ML) approaches have emerged as powerful tools for cardiovascular
risk prediction, leveraging high-dimensional data to uncover intricate patterns.® Despite their potential, many ML
models are criticized for their lack of interpretability, which hinders clinical adoption.” Explainable Al techniques,
such as Shapley Additive Explanations (SHAP), have addressed this limitation by providing transparent insights
into feature contributions, thereby enhancing trust and applicability in clinical settings.® The SHAP method, based
on game theory, calculates the marginal contribution of each feature to the prediction for an individual patient,
allowing for both global and local model interpretation.

Recent studies have demonstrated the utility of ML in predicting AF-related outcomes. For instance, predictive models
using Random Forest and gradient boosting have shown promise in identifying patients at risk of AF recurrence post-
ablation, though often without sufficient focus on interpretability.” The integration of explainable ML frameworks, such as
those combining XGBoost with SHAP, has been shown to improve both predictive accuracy and clinical utility in
cardiovascular applications.'®™!" However, few studies have specifically targeted the prediction of repeat AF ablation
while prioritizing model transparency, a critical gap in the era of personalized medicine.'*'? This study aims to develop
and validate an explainable ML model to predict the need for repeat AF ablation, utilizing a comprehensive set of clinical,
laboratory, and echocardiographic features. By employing advanced feature selection and interpretable ML techniques, we
seek to deliver a clinically actionable tool to guide patient management and optimize procedural outcomes.

Methods
Study Design and Ethical Approval

This was a single-center, retrospective cohort study conducted at the First Affiliated Hospital of Xinjiang Medical
University. We enrolled consecutive patients who underwent catheter ablation for AF between June 2012 and September
2023.This study was approved by the Ethics Committee of The First Affiliated Hospital of Xinjiang Medical University
(Approval No. 231124-05) and performed in strict accordance with the principles of the Declaration of Helsinki. Given
the retrospective, non-interventional design, the requirement for written informed consent from enrolled patients was
waived by the ethics committee.

Study Population
Inclusion criteria: 1) Aged >18 years at the time of the index ablation procedure; 2) Confirmed AF diagnosis, verified by
>30 s single-lead electrocardiogram (ECG) or >10 s 12-lead ECG showing absent P waves, irregular fibrillatory waves,
and irregular RR intervals; 3) Underwent first-time, successful index catheter ablation for AF; 4) Complete clinical,
echocardiographic and follow-up data available.

Exclusion criteria: 1) Valvular AF; 2) Unsuccessful index ablation procedure; 3) Underwent early touch-up ablation
within the 3-month post-ablation blanking period; 4) Incomplete clinical or follow-up data.

Outcome Definition

The primary endpoint of this study was the occurrence of repeat catheter ablation for AF (defined as the second ablation
procedure). Specifically, repeat ablation was defined as a second planned catheter ablation performed for recurrent AF, or
AF-related atrial flutter/atrial tachycardia after the 3-month blanking period following the index first-time ablation.
Repeat procedures for non-AF-related arrhythmias or non-recurrent clinical symptoms were not counted as the primary
endpoint. Early touch-up procedures within the 3-month blanking period were also not counted as the primary endpoint,
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and corresponding patients were excluded from the final cohort. A total of 1073 eligible patients were finally included,
categorized into a single-ablation group (n = 721, no repeat ablation meeting the endpoint definition after the blanking
period) and a repeat-ablation group (n = 352, met the primary endpoint definition). Patient inclusion and exclusion

criteria are summarized in Figure 1.

Data Collection
Demographic characteristics, medical history, laboratory results, and echocardiographic parameters were extracted from
the hospital’s electronic medical records, yielding 46 feature variables (Supplementary Table 1). These included sex, age,

number of AF ablations, complete blood count, coagulation profile, biochemical markers, lipid profile, thyroid function,
cardiac injury biomarkers, and echocardiographic data. Categorical variables, such as smoking history, were converted
into a numerical format suitable for machine learning models using one-hot encoding. Missing data were handled using
listwise deletion to ensure complete case analysis. Variable correlations were analyzed using the R packages caret
(version 4.3.3) and DataExplorer (version 4.3.3).

Patients who were diagnosed with atrial fibrillation and underwent catheter
ablation between June 2012 and September 2023 were included (n=3428)

Excluded:
(1) Valvular atrial fibrillation, n=86;
(2) Failure of catheter ablation procedure, n=12;
(3) Severe information deficiency, n=2257

1073 Patients included in the analysis

single ablation group secondary ablation group
(n=721) (n=352)
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Figure | Flowchart of patient selection.
Abbreviations: DT, Decision Tree; KNN, K-Nearest Neighbors; LGBM, Light Gradient Boosting Machine; LR, Logistic Regression; RF, Random Forest; SVM, Support
Vector Machine; XGB, eXtreme Gradient Boosting; Bayes, Naive Bayes.
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Feature Selection

To assess potential multicollinearity, the correlation structure of all variables was visualized prior to feature selection.
The dataset was split using stratified sampling based on the primary outcome (repeat ablation) into training (70%) and
testing (30%) sets, with a random seed of 12345, to ensure a balanced distribution of cases in both sets. Least Absolute
Shrinkage and Selection Operator (LASSO) regression was applied to the training set for preliminary variable selection.
LASSO employs L1 regularization to shrink coefficients of non-significant variables to zero, identifying variables with
the greatest predictive impact. All variables were included in the LASSO model, with the optimal lambda value
(lambda.1se) selected via 10-fold cross-validation to enhance model robustness and generalizability.

Subsequently, the LASSO-selected variables were further refined using the Boruta algorithm, with two core
justifications for this sequential two-stage approach: first, LASSO regression enables efficient linear screening of the
initial high-dimensional feature set to eliminate redundant noise variables, but cannot fully capture non-linear relation-
ships between features and the endpoint; the Boruta algorithm, based on random forest principles, can robustly validate
the non-linear predictive value of candidate variables, avoiding the exclusion of biologically meaningful features with
non-linear effects. Second, this two-step approach combines the efficiency of LASSO-based dimensionality reduction
with the strict false-positive control of the Boruta algorithm, which validates feature importance against randomly
permuted “shadow features” over 100 iterations, ensuring only variables with statistically robust predictive power are
retained.

After feature selection, we performed post-selection validation to confirm the robustness of the final feature set: we
re-assessed multicollinearity using the variance inflation factor (VIF), confirming all final selected features had a VIF <5
with no significant residual multicollinearity; we also examined feature interaction effects using SHAP interaction values,
confirming no strong confounding interactions between final features, while the model effectively captured meaningful
non-linear interactions between key predictors. Only variables retained by this two-stage selection process were used for
model construction.

Model Construction and Validation

Eight machine learning algorithms were employed to develop predictive models based on the selected features: Decision
Tree (DT), Random Forest (RF), Extreme Gradient Boosting (XGBoost), Support Vector Machine (SVM), K-Nearest
Neighbors (KNN), Light Gradient Boosting Machine (LGBM), Logistic Regression (LR), and Naive Bayes (NB).
Models were trained on the training set, and performance was evaluated using Receiver Operating Characteristic
(ROC) curves, Calibration Curves, and Decision Curve Analysis (DCA) to assess discrimination, calibration, and clinical

utility, respectively. These curves were also generated for the testing set to further evaluate model performance.

Model Evaluation

Model performance was comprehensively assessed using the following metrics: (1) Area Under the ROC Curve (AUC)
to evaluate discrimination for repeat ablation; (2) sensitivity, specificity, F1 score, Balanced Accuracy (BA), and recall to
measure predictive performance across classification thresholds; (3) Brier Score to assess calibration performance. The
Shapley Additive Explanations (SHAP) method was applied to enhance model interpretability, quantifying the contribu-
tion of each variable to the prediction of repeat AF ablation and improving clinical transparency.

Statistical Analysis

Data analysis was performed using SPSS 26.0 and R (version 4.2.0). Continuous variables were tested for normality.
Normally distributed variables were expressed as mean + standard deviation (SD) and compared using independent t-
tests. Non-normally distributed variables were reported as medians (25th—75th percentiles) and compared using Mann—
Whitney U or Kruskal-Wallis tests. Categorical variables were presented as frequencies (%) and compared using chi-
square tests. A P < 0.05 was considered statistically significant.
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Results

Baseline Characteristics of the Study Population

Overall, 1073 patients who underwent AF ablation were included, with 721 (67.2%) in the single-ablation group and 352
(32.8%) in the repeat-ablation group. Table 1 presents the baseline characteristics comparison between the two groups.
Significant differences were observed in age (P < 0.001), gamma-glutamyl transferase (GGT; P = 0.006), glycosylated
hemoglobin (HbAlc; P = 0.003), right atrial diameter (RA; P = 0.004), triglycerides (TG; P = 0.003), urea (P = 0.011),
creatinine (Crea; P < 0.001), thyroid-stimulating hormone (TSH; P = 0.024), hemoglobin (Hb; P = 0.006), cystatin C (Cys-C;
P < 0.001), N-terminal pro-B-type natriuretic peptide (NT-ProBNP; P < 0.001), direct bilirubin (DBIL; P = 0.004), creatine

Table | Comparison of Baseline Data Between Groups with Different Numbers of Ablations

Variables Total (n = 1073) Single Ablation Secondary Ablation P
Group (n = 721) Group (n = 352)
Neut, % 56.00 + 8.49 55.92 + 8.52 56.16 + 8.44 0.659
RBC, 107M2/L 4.61 = 0.55 4.59 £ 0.56 4.65 £ 0.52 0.102
Age, year 63.00 (55.00, 70.00) 64.00 (55.00, 72.00) 61.00 (54.00, 68.00) <0.001
D-Dimer, ng/mL 69.00 (38.00, 123.00) 71.00 (41.00, 128.00) 68.67 (37.00, 111.00) 0.219
GGT, U/L 23.00 (16.90, 36.60) 22.00 (16.10, 35.60) 25.35 (17.00, 38.78) 0.006
AST, U/L 19.10 (15.90, 23.70) 19.00 (15.70, 23.50) 19.48 (16.30, 24.10) 0.191
HbAlc, % 6.00 (5.70, 6.48) 6.00 (5.61, 6.40) 6.10 (5.80, 6.56) 0.003
RA, mm 36.00 (33.00, 40.50) 36.00 (33.00, 39.00) 36.00 (34.00, 41.00) 0.004
TG, mmol/L I.11 (0.83, 1.56) 1.07 (0.81, 1.51) 1.17 (0.89, 1.69) 0.003
LVEF, % 61.90 (58.96, 63.69) 61.90 (5891, 63.37) 61.90 (59.00, 63.80) 0.302
Urea, mmol/L 5.60 (4.60, 6.80) 5.70 (4.70, 6.90) 5.48 (4.50, 6.50) 0.011
FFA, mmol/L 0.41 (0.30, 0.54) 0.41 (0.30, 0.54) 0.41 (0.30, 0.55) 0.670
GLO, g/L 23.60 (21.00, 26.65) 23.60 (20.80, 26.70) 23.60 (21.10, 26.61) 0.236
Crea, umol/L 74.90 (64.70, 88.00) 77.00 (65.00, 90.00) 72.37 (63.86, 83.00) <0.001
TT3, nmol/L 1.63 (1.40, 1.82) 1.63 (1.39, 1.84) 1.62 (1.43, 1.81) 0.949
TSH, mIU/L 244 (1.61, 3.83) 2.37 (1.55, 3.80) 2.61 (1.76, 3.86) 0.024
ApoB, g/L 0.75 (0.60, 0.94) 0.74 (0.59, 0.93) 0.77 (0.62, 0.96) 0.191
PLT, 1079/L 197.00 (165.00, 231.00) 197.00 (165.00, 233.00) 197.00 (165.00, 226.00) 0.561
ApoAl, g/L 1.13 (1.01, 1.27) 1.13 (1.01, 1.27) 1.13 (1.00, 1.28) 0.785
ALT, U/L 18.01 (13.34, 24.87) 17.00 (12.90, 24.10) 19.35 (14.50, 26.90) 0.001
LVEDd, mm 49.00 (47.00, 51.00) 49.00 (47.00, 51.00) 49.00 (47.00, 51.00) 0.395
UA, umol/L 328.03 (270.00, 395.90) 329.60 (267.00, 397.00) 328.00 (276.77, 392.19) 0.864
TT4, nmol/L 89.44 (78.64, 101.00) 88.93 (78.14, 100.70) 90.19 (80.57, 102.06) 0.234
TP g/L 65.30 (62.10, 68.70) 65.10 (62.20, 68.70) 65.45 (61.98, 68.70) 0.671
HDL C, mmol/L 1.01 (0.86, 1.19) 1.01 (0.86, 1.17) 1.02 (0.87, 1.21) 0.227
Hb, g/L 141.00 (130.00, 152.00) 140.00 (129.00, 151.00) 144.00 (132.00, 154.00) 0.006
LPa, mg/L 114.60 (58.00, 225.86) 115.50 (56.30, 232.06) 110.76 (66.70, 211.02) 0.978
LDL-C, mmol/L 2.26 (1.78, 2.79) 2.24 (1.74, 2.77) 2.32 (1.82, 2.83) 0.133
Cys-C, mg/L 0.97 (0.82, 1.15) 1.00 (0.87, 1.18) 0.92 (0.76, 1.08) <0.001
NT-ProBNP, ng/L 474.00 (152.00, 1055.50) 377.00 (115.00, 975.00) 635.02 (335.10, 1167.28) <0.001
WBC, 10*12/L 5.79 (4.89, 6.79) 5.75 (4.80, 6.68) 5.84 (5.00, 6.86) 0.136
TC, mmol/L 3.56 (2.95, 4.18) 3.54 (293, 4.17) 3.62 (3.01, 4.18) 0.229
DBIL, umol/L 4.40 (3.12, 6.15) 4.25 (3.00, 6.00) 4.70 (3.50, 6.50) 0.004
ALP, U/L 66.00 (55.00, 78.00) 65.50 (55.00, 78.00) 66.75 (55.00, 79.20) 0.589
BMI, Kg/m? 25.72 (23.53, 28.07) 25.71 (23.53, 28.01) 25.76 (23.56, 28.13) 0.537
CK, IU/L 73.43 (54.00, 100.00) 70.80 (52.10, 97.76) 80.00 (60.00, 106.15) <0.001
IBIL, umol/L 9.84 (6.86, 13.58) 9.90 (6.90, 13.59) 9.70 (6.72, 13.54) 0.907
LA, mm 40.00 (35.00, 44.00) 40.00 (35.00, 43.00) 41.00 (37.00, 44.00) 0.003
(Continued)
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Table | (Continued).

Variables Total (n = 1073) Single Ablation Secondary Ablation P
Group (n =721) Group (n = 352)

ALB, g/L 41.60 (39.40, 44.10) 41.60 (39.50, 44.20) 41.40 (39.00, 43.90) 0.427
Train set, n (%) 751 (69.99) 506 (70.18) 245 (69.60) 0.846
Male, n (%) 648 (60.39) 419 (58.11) 229 (65.06) 0.029
Smoke, n (%) 231 (21.53) 133 (18.45) 98 (27.84) <0.001
Hypertension, n (%) 489 (45.57) 337 (46.74) 152 (43.18) 0.272
Diabetes, n (%) 161 (15.00) 110 (15.26) 51 (14.49) 0.741
Alcohol, n (%) 189 (17.61) 119 (16.50) 70 (19.89) 0.172
Stroke, n (%) 100 (9.32) 67 (9.29) 33 (939) 0.965

kinase (CK; P < Oouwd), left atrial diameter (LA; P = 0.003), sex (P = 0.029), and smoking history (P < 0.001). Comparison
of baseline characteristics between the training set (n = 751) and testing set (n = 322) (Supplementary Table 2) showed no

significant differences across all variables (P > 0.05), indicating consistent data partitioning.

Feature Selection Outcomes

Feature selection was performed on 46 initial variables using LASSO regression followed by the Boruta algorithm
(Figure 2). LASSO regression identified variables with potential predictive value, which were further refined by Boruta.
Supplementary Table 3 details the Boruta feature selection results, confirming nine significant variables (age, left
ventricular ejection fraction [LVEF], urea, globulin [GLO], smoking history, Cys-C, NT-ProBNP, DBIL, CK) and two
tentative variables (TG, Hb), with the remaining variables excluded. Supplementary Figure 1 illustrates variable

correlations, supporting the feature selection process by highlighting potential multicollinearity.

Model Construction and Performance Evaluation

Evaluation Eight machine learning models (LR, DT, RF, XGBoost, SVM, KNN, LGBM, NB) were constructed
using the selected features and evaluated on both training and testing sets (Figure 3) and Table 2 summarizes the
performance metrics for each model. On the training set, RF and KNN achieved the highest AUC (1.000; 95% CI:
1.000—1.000), which is a definitive marker of severe overfitting, as confirmed by a dramatic deterioration in their
performance on the independent testing set. This substantial performance gap between the training and testing sets
means these models cannot reliably generalize to unseen patient data — the core requirement for clinical
predictive models — and is the key reason these models were deemed unsuitable for clinical application.

The XGBoost model was selected as the final model for three core, evidence-based reasons, despite its lower training
set performance relative to the overfitted RF and KNN models. First, it exhibited excellent generalizability: it achieved an
AUC of 0.843 (95% CI: 0.814-0.872) on the training set and 0.811 (95% CI: 0.762—0.859) on the testing set, with a
minimal performance drop of only 0.032 between the two sets, in stark contrast to the severe performance degradation
seen in the overfitted RF and KNN models. Second, it outperformed all other models on the independent testing set (the
gold standard for real-world predictive performance) across all key metrics, with the highest AUC, F1 score, balanced
accuracy, and the lowest Brier score (0.1682), indicating superior discrimination and calibration. Third, decision curve
analysis confirmed that the XGBoost model provided the highest net clinical benefit across most clinically relevant risk
thresholds, making it the most suitable model for clinical translation. The XGBoost model’s robust generalizability,
optimal testing set performance, and favorable clinical utility underscore its superiority for predicting repeat ablation risk
(Supplementary Figure 2).

Model Interpretability Analysis
SHAP analysis was applied to the XGBoost model to enhance interpretability (Figure 4). The importance ranking based
on mean absolute SHAP values indicated that NT-proBNP was the most influential predictor, followed by age, GLO,
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Table 2 Comparison Results of Eight Machine Learning Models in Training and Testing Datasets

model | Data Split | Sensitivity (Recall) | Specificity Fl BA AUC (95% CI) PRAUC | BS score
LR Train 0.657 0.613 0.535 | 0.635 | 0.667 (0.626-0.709) 0.542 0.2005
DT Train 0.85 0.786 0.598 | 0.818 | 0.772 (0.735-0.809) 0.543 0.1555
RF Train [ [ | | I (1-1) 0.542 0.0268
XGB Train 0.763 0.769 0.681 | 0.766 | 0.843 (0.814-0.872) 0.542 0.1512
SVM Train 0.445 0.34 0.317 | 0.392 | 0.646 (0.603—0.688) 0.542 0.3564
KNN Train [ [ | | I (1-1) 0.496 0.0364
LGBM Train 0.682 0.789 0.644 | 0.735 | 0.792 (0.758-0.827) 0.542 0.1654
NBM Train 0.514 0.704 0.484 | 0.609 | 0.636 (0.594-0.679) 0.557 0.2163
LR Test 0.645 0.553 0.507 | 0.599 | 0.646 (0.582-0.709) 0.539 0.2092
DT Test 0.579 0.721 0.402 0.65 0.627 (0.559-0.694) 0.539 0.2264
RF Test 0.505 0.865 0.568 | 0.685 | 0.797 (0.745-0.849) 0.539 0.1709
XGB Test 0.748 0.726 0.65 0.737 | 0.811 (0.762-0.859) 0.539 0.1682
SVM Test 0.458 0.391 0.341 | 0.424 0.637 (0.573-0.7) 0.539 0.3505
KNN Test 0411 0.744 0427 | 0.578 0.61 (0.545-0.675) 0.496 0.2719
LGBM Test 0.607 0.781 0.594 | 0.694 0.756 (0.7-0.812) 0.539 0.1836
NBM Test 0.43 0.698 0.422 | 0.564 | 0.607 (0.542-0.673) 0.551 0.2315

DBIL, LVEF, Cys-C, smoking history, CK, and urea. These nine features were all used in model construction and
demonstrated varying contributions to repeat ablation risk. SHAP dependency plots revealed complex, non-linear
relationships between key predictors and the model’s output probability (Figure 5). NT-proBNP levels above 1000 ng/
L were associated with a sharp increase in recurrence risk, particularly beyond 5000 ng/L. Age exhibited an inverse
contribution, with elevated risk in younger patients (<60 years), peaking between 40—50 years. GLO and DBIL displayed
non-monotonic patterns, with peak contributions around 30 g/L and 20 umol/L, respectively. LVEF showed a protective
gradient, with lower values (<50%) increasing predicted risk. Cys-C was positively associated with recurrence above 1.5
mg/L, while smoking history and elevated CK (>200 IU/L) contributed discretely to risk elevation. Urea exerted a
modest positive effect above 10 mmol/L. Importantly, these SHAP findings represent statistical associations between

features and the model’s predicted risk, rather than causal relationships between variables and repeat ablation, particu-

larly given potential correlations between the included clinical features.
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Figure 5 SHAP dependence plots for top features in the XGBoost model.SHAP dependence plots demonstrate the relationship between each feature and its SHAP value,
highlighting nonlinear effects and interaction patterns. NT-proBNP and Cys-C exhibited sharp threshold-like behaviors, whereas variables such as age, GLO, and LVEF
showed more gradual gradients.

Discussion

In this study, we developed and validated an explainable ML model to predict the need for repeat catheter ablation in
patients with AF. Using nine readily available clinical and biochemical variables, our XGBoost model achieved strong
discriminatory performance (AUC ~0.81). Direct comparison with established scores like APPLE and CAAP-AF is
inherently challenging due to fundamental differences in primary endpoints: these scores were developed to predict any
post-ablation AF recurrence (with reported AUCs of ~0.55-0.60), while our model specifically identifies patients with
clinically significant recurrence that warrants a repeat ablation procedure.'*'> Rather than replacing these existing
clinical scores, our model serves a complementary role in clinical practice. Conventional recurrence risk scores are
suited for universal post-ablation risk stratification to guide routine follow-up intensity, while our model is optimized to
identify patients at high risk of needing repeat invasive intervention, which can inform pre-procedural patient counseling,
personalized ablation strategies, and post-procedural risk factor management. This complementary positioning strength-
ens the clinical relevance of our model, as it can be integrated into existing workflows alongside established risk scores.
Our findings are consistent with prior work indicating that ML algorithms can enhance outcome prediction in electro-
physiology. For instance, the AFA-Recur random forest model and other XGBoost-based approaches reported AUCs in
the range of 0.72-0.75.'%!7 Given that long-term single-procedure success rates remain suboptimal (~50% at 4-5

1819 our model may provide clinically meaningful improvements in patient risk stratification and selection for

years),
repeat ablation. Notably, this endpoint definition has inherent limitations that may introduce classification bias.
Specifically, two groups of patients may be misclassified in our cohort: first, patients with documented post-blanking
period AF recurrence who opted for optimized antiarrhythmic medical therapy rather than repeat ablation; second,
patients who underwent repeat ablation for atypical atrial flutter or tachycardia unrelated to the index AF substrate. This

misclassification may lead to underestimation of the model’s true predictive performance for underlying AF recurrence,
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and may affect the generalizability of the model to clinical settings with different practice patterns for recommending
repeat ablation, or different patient preferences for invasive vs. medical management.

Multiple risk stratification tools have been developed to predict AF recurrence or repeat ablation after catheter
ablation, including traditional clinical scores (eg., HATCH, APPLE scores) and machine learning models. However,
traditional scores generally have only moderate discriminative ability and fail to capture complex non-linear correlations
between variables; most existing machine learning models are “black-box” frameworks with poor interpretability, and
many incorporate intraoperative/postoperative parameters that cannot be used for preoperative risk stratification. The
model developed in this study addresses these limitations with two core improvements: first, we adopted an explainable
machine learning framework, which maintains excellent predictive performance while quantifying the contribution of
each feature to the risk of repeat ablation, enabling transparent and clinically interpretable risk prediction; second, all
features included in the model are routine preoperative clinical, laboratory and echocardiographic indicators, which can
be used for risk stratification before the index ablation to guide personalized clinical decision-making.

The top predictive features identified by our SHAP analysis align closely with established pathophysiological
mechanisms of AF recurrence post-ablation, supporting the biological plausibility of our model. NT-proBNP, the most
influential feature, reflects atrial pressure and stretch, with elevated levels consistently associated with higher recurrence
risk.?® NT-proBNP, a top-ranked feature in our model, is mainly secreted by atrial cardiomyocytes in response to atrial
wall stretch, a direct biomarker of left atrial hemodynamic overload and structural remodeling. Long-term atrial stretch
induces RAAS activation, atrial fibrosis and electrical remodeling, forming a stable AF substrate that drives post-ablation
recurrence and repeat ablation. Impaired LVEF further elevates left atrial filling pressure, aggravating atrial stretch and
remodeling, and forming a vicious cycle between ventricular dysfunction and AF progression. Renal function impairment
is associated with volume overload, uremic toxin-induced myocardial fibrosis and systemic inflammation, all of which
aggravate AF substrate formation and increase the risk of repeat ablation. In addition, systemic inflammation is a key
driver of atrial fibrosis and electrical remodeling before ablation, and also predicts poor scar formation and pulmonary
vein reconnection after ablation, which explains its independent predictive value for repeat ablation in our study. These
well-established pathophysiological pathways from prior literature provide a mechanistic rationale for the strong
predictive associations of these features observed in our model. Age, another key variable, likely captures cumulative
atrial remodeling and fibrosis.?! Reduced LVEF, a marker of structural heart disease, has also been linked to poorer
ablation outcomes.”” Cystatin C and urea, indicators of renal function, support the growing recognition that chronic
kidney disease promotes atrial arrhythmogenic remodeling through inflammatory and fibrotic pathways.**** The inclu-
sion of liver-related biomarkers such as globulin and direct bilirubin may reflect systemic inflammation and hepatic
congestion, which have recently been implicated in AF persistence.”** Smoking history, a modifiable risk factor, was
also predictive and has been associated with atrial oxidative stress and adverse remodeling.”> Together, these variables
span cardiac function, end-organ status, and lifestyle, underscoring the multifactorial nature of AF recurrence.

Compared to conventional scores, our ML model capitalized on non-linear interactions and high-dimensional data,
explaining its superior performance. Notably, risk scores like APPLE and CAAP-AF rely on limited and largely linear
predictors, which may limit precision.'*'®> Previous ML studies integrating biomarkers and echocardiographic features
have shown similar gains in accuracy (AUC ~0.70-0.75),'"-** although performance remains moderate due to AF’s
inherent heterogeneity. Nonetheless, improvements in model discrimination are clinically meaningful. High-risk indivi-
duals may benefit from closer follow-up or early reintervention, while low-risk patients might avoid unnecessary
procedures.

Our results also reinforce growing evidence that ML-based models can enhance AF outcome prediction. Studies
employing gradient boosting, random forest, and logistic regression algorithms have shown reproducible performance
across different settings.'® For instance, Budzianowski et al achieved AUC 0.75 with only 12 features,'” mirroring our
parsimonious nine-variable model. Some groups have explored advanced modalities such as MRI-derived atrial scar or
CT anatomy,”’ but such inputs may limit practicality. In contrast, our model’s reliance on routine data may promote wider
clinical adoption. Furthermore, our use of blood biomarkers (eg., NT-proBNP, cystatin C) adds value, highlighting the
importance of systemic pathophysiology in arrhythmia persistence.
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A distinct advantage of our study is the incorporation of model interpretability through SHAP. Lack of transparency is
a major barrier to ML integration in clinical practice.”® SHAP analysis enabled case-level insight into prediction drivers,
with major contributions from NT-proBNP, age, and LVEF aligning with established clinical knowledge.”® This
interpretability facilitates clinical trust and allows for shared decision-making. For example, a patient flagged as high-
risk due to elevated renal and cardiac biomarkers may be counseled differently than one with isolated risk factors.
Moreover, our model highlights modifiable factors such as smoking and renal dysfunction, which may be targets for
upstream intervention.”>** Importantly, we emphasize that SHAP analysis quantifies the contribution of each feature to
the model’s predictive output, which reflects statistical associations rather than causal inference. This is particularly
relevant given the inherent correlations between the included clinical features, as SHAP attribution cannot disentangle
independent causal effects from correlated variable associations. While our SHAP findings align with established
mechanistic understanding of AF recurrence from prior studies, this alignment is based on existing clinical evidence,
not causal inference from our model. All feature attributions should therefore be interpreted as predictive associations,
not definitive causal drivers of repeat ablation.

Limitations

This study has several caveats. First, its retrospective, single-centre design introduces selection bias and limits generali-
sability; external validation in large, multicentre cohorts is therefore warranted. Second, we used repeat catheter ablation
as a surrogate for clinically significant AF recurrence, which introduces inherent classification bias and may impair the
model’s generalizability. Two key sources of misclassification were identified in our study: (1) Patients with confirmed
post-blanking period AF recurrence who chose optimized antiarrhythmic medical management instead of repeat ablation
were misclassified into the single-ablation group, which may lead to underestimation of the model’s predictive ability for
underlying AF recurrence, and skew the model toward identifying patients with more severe, symptomatic recurrence
who are more likely to opt for invasive reintervention. (2) A small proportion of patients who underwent repeat ablation
for non-AF-related arrhythmias or non-recurrent symptoms may have been misclassified into the repeat-ablation group,
which could introduce noise to the endpoint definition and reduce the model’s specificity for AF-related recurrence.The
impact of this bias on model generalizability is twofold: first, the model’s performance may vary across medical centers
with different clinical decision-making thresholds for offering repeat ablation vs. medical management for recurrent AF;
second, the model may have reduced accuracy in patient populations with a higher preference for non-invasive therapy
after arrhythmia recurrence. To address this limitation, we have explicitly discussed the impact of endpoint bias on model
performance in the Discussion section, and we will conduct sensitivity analyses using alternative endpoint definitions
(eg., documented post-blanking period AF recurrence regardless of reintervention) in future work to validate the model’s
robustness. Third, our model was evaluated using a single stratified train-test split. While this approach is widely used in
clinical machine learning-based predictive model studies, it cannot fully capture the stability and generalizability of the
model across different data distributions, and may lead to over- or under-estimation of the model’s true predictive
performance. More robust validation strategies, such as k-fold cross-validation or bootstrapping, can provide more stable
and reliable performance estimates by repeatedly partitioning the dataset and evaluating the model across multiple non-
overlapping test sets, which can better characterize the model’s generalizability. We explicitly acknowledge that the use
of a single train-test split in this study may limit the robustness of our reported performance metrics, which is an
important limitation of this work.Finally, despite rigorous feature selection, the modest sample size of this single-center
cohort raises potential over-fitting concerns that can only be definitively addressed through independent, large-scale
multicenter external validation and prospective implementation in future work.

Conclusion

We developed and validated an interpretable XGBoost model to predict repeat AF ablation, achieving superior
discrimination compared to existing clinical scores. By integrating routine clinical and biochemical features with
SHAP-based interpretability, the model offers a transparent and practical tool for risk stratification. Future work should
focus on external multicenter validation, prospective implementation, and sensitivity analyses with alternative endpoint
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definitions (eg., documented AF recurrence regardless of reintervention) to further validate model robustness and refine

its clinical utility.
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