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Abstract

Background Following atrial fibrillation ablation, it is challenging to distinguish patients who
will remain arrhythmia-free from those at risk for recurrence. New explainable machine
learning (xML) techniques allow for systematic assessment of arrhythmia recurrence risk
following catheter ablation. We aim to develop an xML algorithm that predicts recurrence
and reveals key risk factors to facilitate better follow-up strategy after an ablation procedure.
Methods We reconstructed pre-and post-ablation models of the left atrium (LA) from late
gadolinium enhanced magnetic resonance (LGE-MRI) for 67 patients. Patient-specific
features (LGE-based measurements of pre/post-ablation arrhythmogenic substrate, LA
geometry metrics, computational simulation results, and clinical risk factors) trained a
random forest classifier to predict recurrent arrhythmia. We calculated each risk factor’s
marginal contribution to model decision making via SHapley Additive exPlanations (SHAP).
Results The classifier accurately predicts post-ablation arrhythmia recurrence (mean
receiver operating characteristic [ROC] area under the curve [AUC]: 0.80 ± 0.04; mean
precision-recall [PR] AUC: 0.82 ± 0.08). SHAP analysis reveals that of 89 features tested, the
key population risk factors for recurrence are: large left atrium, low LGE-quantified post-
ablation scar in the atrial floor region, and previous attempts at direct current cardioversion.
Wealso examinepatient-specific recurrencepredictions, since xMLallowsus tounderstand
why a particular individual can have large prediction weights for some categories without
tipping the balance towards an incorrect prediction. Finally, we validate our model in a
completely new, 15-patient retrospective holdout cohort (80% correct).
ConclusionOur SHAP-based explainablemachine learning approach is a proof-of-concept
clinical tool to explain arrhythmia recurrence risk in patients who underwent ablation by
combining patient-specific clinical profiles and LGE-derived data.

Atrial fibrillation (AFib) is the most common cardiac arrhythmia, affecting
1-2% of the world’s population and significantly contributing to morbidity
and mortality1. Pulmonary vein isolation (PVI) is an established rhythm
control strategy and is the cornerstone of catheter ablation for AFib treat-
ment, but it results in recurrent atrial arrhythmia (AA) in ~20–40% of
patients2,3. Differentiating patients at risk for post-ablation AA recurrence
from those who will remain arrhythmia-free is challenging. Developing a

method to predict recurrent arrhythmia following ablation via explainable
machine learning (xML) could provide valuable insights for ablation
planning and decision-making, leading to improved outcomes in AFib
patients.

Prior work has investigated mechanisms and risk factors associated
withAFib recurrence.These studieshave considered clinical features such as
hypertension4, obesity5, diabetes6, cardiomyopathy7, and smoking status8.
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Plain language summary

Atrial fibrillation (AFib) is a common heart
rhythm problem. It is treated by catheter
ablation, in which a thin flexible tube is
inserted into the heart and a treatment
administered that will destroy the part of the
heart from which the abnormal heart rhythms
originate. We used a computational method
to predict whether AFib would come back
after ablation. We trained our model on
detailed heart scans, clinical data, and
computer simulations from 67 patients. Our
method accurately predicted which patients
would have a recurrence and highlighted
important risk factors, such as large heart
size, specific scar distributions after ablation,
and people having had previous electrical
shock therapy. We confirmed our model
worked well in a separate group of 15
patients. Our approach could help doctors
better understand individual patient risks and
plan more effective follow-up care after
ablation.
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Left atrial (LA) models derived from late gadolinium enhanced magnetic
resonance imaging (LGE-MRI) also offer a means to characterize potential
arrhythmogenic substrate9. Thesemodels have been leveraged to investigate
fibrosis10, ablation-delivered scar11–13, and LA shape characteristics as risk
factors for recurrent arrhythmia14,15. 12 lead electrocardiograms (ECGs) also
enable spectral analysis of atrial fibrillatory waves (f-waves), and others
report the amplitude and dominant frequency of pre-ablation f-waves
correlate with durable ablation success16–20. Integrating this rich multi-
modal risk factor data for prediction of post-ablation recurrence is a
potential avenue for generating a robust classifier and furthering our sci-
entific understanding of AFib.

Existing machine learning algorithms have leveraged various features
such as pre-ablation LGE-MRI imaging data, patient-specific simulations,
and electronic health records (EHRs) to predict recurrent AFib21–24, with
varying degrees of success; area under the receiver operating characteristic
curve (ROC AUCs) values ranged from 0.61 to 0.85. Notably, these algo-
rithms lack robust explainability metrics to elucidate how input features
influence the final decision, which has hindered clinical implementation25.
Moreover, quantitative characterization of the extent and location of
ablation-induced scar (e.g., from post-ablation LGE-MRI) has not yet been
included in these algorithms despite its substantial impact on procedural
outcomes26,27.

In this proof-of-concept study, we develop an xML-based recurrent
arrhythmia prediction model that combines patient-specific fibrotic tissue,
ablation-delivered scar (assessed post-ablation), LA geometry metrics,
simulations conducted in computational models reconstructed from pre-
and post-ablation patient MRI, and clinically relevant EHR data. This
method accurately predicts the likelihood of recurrence (mean receiver
operating characteristic [ROC] area under the curve [AUC]: 0.80 ± 0.04;
mean precision-recall [PR] AUC: 0.82 ± 0.08). This performance is vali-
dated (80% correct) in a 15-patient retrospective holdout cohort comprising
data never seen in during model training or validation. The algorithm’s
output points to risk factors that are most influential in the algorithm’s
decision, specifically large left atrium, lowLGE-quantifiedpost-ablation scar
in the atrial floor region, and previous attempts at direct current cardio-
version. These risk factors can be analyzed on a cohort-wide or patient-
specific scale, offering important contextualization to xML findings that can
be further tested in randomized trials.

Methods
Patient cohort and image acquisition
This study retrospectively included patients fromUniversity ofWashington
(UW) Medical Center with documented persistent AFib or paroxysmal
AFib who had already received both pre- and post-procedural LGE-MRI
scans and underwent either cryoballoon or radiofrequency (RF) ablation.
Paroxysmal AFib was defined byAFib episodes at least 30 s in duration that
terminated within 7 days spontaneously or in response to intervention28.
Persistent AFib was defined by AFib episodes that persisted for aminimum
of 7 days28. Cardiac LGE-MRIs were obtained using previously described
protocols for all participantswithin 90days prior to their ablationprocedure
and again3–6monthspost-ablation toquantify the extent of LAfibrosis and
scar, respectively29. Exclusion criteria for AFib patients included those who
had a prior catheter ablation, patients with cardiac implantable electronic
devices, severe claustrophobia, renal dysfunction, and contraindications to
MRI or gadolinium-based contrast. Scans were performed on the Philips
Ingenia system, 15–25min after contrast injection, using a three-
dimensional inversion-recovery, respiration-navigated, ECG-gated, gra-
dient echo pulse sequence. Acquisition parameters included transverse
imaging volume with a voxel size of 1.25 × 1.25 × 2.5mm (reconstructed to
0.625 × 0.625 × 1.25mm). Scan time was 5–10min dependent on respira-
tion and heart rate.

Patients had clinical assessment and catheter ablation in the UWAFib
program. All patients underwent PVI, and some had additional substrate
modification at the operator’s discretion. Patients’ clinical features were
determined at timeof initial visit andare tabulated in SupplementaryData 1,

including persistent vs. paroxysmal AFib status30, comorbidities, and
medications. The symptomseverity featurewas determined by assessing the
burden of self-reported AFib symptoms on a scale of 1 to 431. Presence of
cardiomyopathy was defined by myocardial dysfunction with or without
heart failure, including genetic cardiomyopathies, valvular cardiomyopathy,
and cardiac sarcoidosis. Following ablation, patients were followed long-
itudinally atUWwith 7-day ambulatory electrocardiogrammonitoring at 3,
6, and 12 months after ablation. Recurrence was defined by at least 30 s of
documented AA after a 90-day blanking period30. The recurrence rhythm
was classified as either AFib or atrial flutter by expert ECG interpretation.
Loss-to-follow-up bias was limited as all patients completed at least 2 years
of prespecified follow-up. There was no missing data for any patient.

Anatomical model reconstruction
Geometric models were reconstructed from both pre- and post- ablation
LGE-MRI scans byMerisight Inc. (Salt Lake City, UT) to assess LA volume
and surface area. Geometric models were reconstructed from pre-ablation
scans, and the relative extent of fibrosis in the LA was quantified via an
adaptive histogram thresholding algorithm to determine pre-ablation LGE-
MRI derived fibrosis32. For post-ablation models, ablation scar was quan-
tified on post-ablation LGE-MRI using previously establishedmethods9,13,33.
Non-rigid registration was used to map LGE-derived post-ablation scar
patternsonto existingLApre-ablationfibroticmodels.Hyper-enhancement
on post-ablation scans was assumed to be ablation-induced scar; this
accounts for the fact thathyperenhancement fromablation scar is at ahigher
absolute level than that of native fibrosis. Consequently, regions labeled as
fibrotic pre-ablation fall below the hyperenhancement threshold in post-
procedure scans.

Extraction of LGE-MRI derived fibrosis and ablation-delivered
scar features
In pre- and post-ablation models, we characterized fibrosis and ablation-
delivered scar area infive regionsdefinedwith respect toLA landmarks, as in
ourpriorwork: left pulmonary veins (LPVs), right pulmonary veins (RPVs),
posterior wall, anterior wall, and atrial floor34. First, the LA was subdivided
into three broad anatomical areas LA floor, posterior wall, and anterior wall
including left atrial appendage using standardized cutoff values in the UAC
space35. Then, LPV and RPV areas were established using a region-growing
approach such that each accounted for 15% of the total LA surface area.

Average fibrosis entropy and density were also calculated for pre- and
post-ablationmodels. Prior computational and clinicalwork has shown that
regions tending to harbor reentrant driver (RD) activity are characterized by
fibrotic boundary zones with high fibrosis entropy (FE) and high fibrosis
density (FD)10,36. Thus, we calculated the extent of such regions in each
patient-specific model using the same equation derived via machine
learning, as in prior studies10,37:

0.4096(FD)2+ 3.28(FD)(FE)− 0.1036(FE)2 – 0.7112(FD) – (FE)+ 0.
0429.

Prior computational work suggests ablation-induced scar and certain
non-conductive anatomical landmarks (i.e., mitral valve annuli, pulmonary
vein ostia) contribute to recurrent AA13. Any region of hyper-enhancement
in the post-ablation LGE-MRI, compared to the pre-ablation LGE-MRI,
was considered ablation-delivered scar.Wecounted the total numberof scar
regions with area >1 cm2. Within this set we also counted the number of
LGE-derived scar areas and non-conductive anatomical landmarks of
specific size (area from 2 to 20 cm2; perimeter from 15 to 60 cm) and in
proximity to fibrosis (>30% fibrosis in the surrounding 1 cm area), as these
indicate potentially arrhythmogenic substrate13.

Design and evaluation of random forest machine learning
classifier
Figure 1 provides a simple flowchart of the model development and
explanation workflow. The Least Absolute Shrinkage and Selection
Operator (LASSO) approach was used to reduce the overall number of
features38. This algorithmperformswellwhen the number of observations is
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low and the number of features is high. LASSO attempts to eliminate
variables that are irrelevant (i.e., unrelated to the outcome) or highly colli-
near. Five-fold cross-validation, considering only data from the original
cohort, identified the optimal parameterization (Supplementary Fig. 1).
LASSO regression was applied to the full original cohort with the optimal
hyperparameter (Fig. 1A).The resulting set of featureswas thenused to train
a random forest machine learning classifier to recognize risk factors asso-
ciated with recurrent AA (Fig. 1B)39,40. We used five-fold stratified, 80:20-
split cross-validation to mitigate the risk of overfitting the model; this
approach ensured an equal distribution of recurrent and non-recurrent
AFib patients in training and test sets. At no point were data from the
holdout cohort incorporated in LASSO regression or random forest model
development.

The Shapley Additive exPlanations (SHAP) framework facilitates
algorithmicmodel interpretations via calculation of marginal contributions
(SHAP values) of each risk factor for each prediction. Briefly, SHAP values
are calculated by evaluating the model’s response to perturbation of each

feature, revealing the relative influence on themodel’s final prediction41.We
applied SHAP to probe feature importance in the trained random forest
classifier, providing insight into the overall influence of each risk factor42,43.

Finally, we applied the fully trained and validated random forest
classifier to a completely newholdout cohort of 15 patients never seen by the
classifier in any prior training or test set. Only the features used in the
random forest classifier were extracted for this cohort. As for the original
model,weused SHAP to examine each feature’s importance for eachpatient
in the holdout set.

Computational simulations of patient-specific electrophysiology
A detailed description of computational simulation methods can be found
in the “Supplementary Methods” section of the Supplementary Informa-
tion. Briefly, fibrotic LA models were constructed and parameterized as in
previous work13,35,44. Our methodology for computational modeling at
the cell45 and tissue scales46 can also be found in previously published
papers10,47,48. Simulations were performed on the Hyak supercomputer

Fig. 1 | Flowchart outlining the complete model development process. A To
address multicollinearity between the 89 risk factors compiled for this study, LASSO
regression removed the least important and collinear features. B The product of this
first stage was the 27-element LASSO-optimized feature set (LOFS).C Subsequently,
the LOFS were used to train and test either random forest machine learning (ML) or
logistic regression models using five-fold, 80:20-split cross-validation. The random
forest and logistic regression models were then tested on data from a never-before-
seen 15-patient holdout cohort. To assess model explainability, the marginal

contributions of individual LOFS values on overall random forest model predictions
in the original and holdout cohorts were evaluated by SHAP analysis. SHAP analysis
was not needed for the logistic regression model, as each feature had a coefficient
explicitly describing its impact on model predictions. Holdout and explainability
tests were always performed on the single best logistic regression or random forest
model, as assessed during the predictive efficacy stage via the area under the receiver
operating characteristic curve (AUROC)metric. Links to relevant figures later in the
study in which specific results are presented are provided in Output panels.
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system at UW using the openCARP simulation environment for cardiac
electrophysiology49. In each pre- and post-ablation model, virtual burst
pacing to attempt reentry initiation was applied at 15 LA sites at locations
corresponding to common AFib trigger origins50. The presence of RDs was
characterized by detecting persistent phase singularities (i.e., organizing
centers of reentry)51,52. We also counted the number of macro-reentrant
tachycardia morphologies in pre- and post-ablation simulations. For each
patient, we aggregated simulation features tabulated in Supplemen-
tary Data 1.

Electrocardiographic f-wave analysis
Others have reported the value of f-wave analysis for AFib recurrence risk
stratification16–20. Raw signal data for each pre-ablation 12-lead electro-
cardiogram (ECG) interpreted by an expert clinician as AA were analyzed
for f-wave characteristics. Patients were included in this analysis if we had
access to raw electrical recordings from a 10 s, resting, 12-lead ECG per-
formed at a UW-affiliated hospital or clinic; individuals whose AFib diag-
nosis was confirmed via ECG at unaffiliated institutions were thus excluded
from this part of the analysis for lack of access to raw ECG recordings. If
multiple pre-ablation ECGs were available showing AA, the most recent
recording was used. The signal was decomposed into atrial and ventricular
components by spatiotemporal QRST cancellation53. The atrial component
was analyzed to find the dominant frequency in lead I between 4.83 and
11.67Hz (290–700 bpm). A sliding window was used to approximate the
mean amplitude across the signal.

Statistics and reproducibility
Randomforest and logistic regressionmodels (codedusingPythonv3.10.11,
developed with scikit-learn54) were evaluated with receiver operator

characteristic (ROC) and precision-recall (PR) curves. The area under the
curve (AUC) was reported in either case, along with F1-scores. SHAP
analysis indicated relationships between patient features and random forest
model classifications41–43. Reference the Data Availability and Code Avail-
ability statements for more information about accessing the data and code
underlying this work55,56. This study was approved by the UW institutional
reviewboard (IRB), and all participants providedwritten informed consent.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Results
In the cohort used for training and testing (Table 1), 40 of 67 patients
(59.7%)experienced recurrence of eitherAFib (29/40; 72.5%)or atrialflutter
(11/40; 27.5%) in the two-year follow-up period. 36 of 67 patients (53.7%)
underwent circumferential wide area RF or segmental cryoballoon ablation
around the PVs without additional substrate modification. The remaining
31 of 67 patients (46.3%) had additional substrate modification via RF
ablation (e.g., posterior wall isolation). The median time to reported
recurrence was 153 days. Follow-up time was limited to two years for every
patient. No patients were lost to follow-up.

A table of all 89 features with sub-classifications of patient-specific (1)
clinical attributes, (2) LA geometry, (3) fibrosis patterns, (4) ablation-
induced scar patterns, and (5) biophysically detailed simulation results is
provided in Supplementary Data 1. Feature selection by LASSO yielded the
LASSO-optimized feature set (LOFS), with the total number of risk factors
reduced to 27 (Table 2, Supplementary Fig. 1).

The LOFS from the original cohort was input into a random forest
algorithm with 80:20 split five-fold cross validation. This algorithm was
exposed to 40 recurrent AFib or atrial flutter cases and 27 non-recurrent
cases. Our classifier was successful in retrospectively predicting recurrent
arrhythmia (Fig. 2A; mean ROC AUC: 0.80 ± 0.04). AUC values in each
data partition (i.e., ROC fold) ranged from 0.73 to 0.85. Our classifier had a
balanced precision-recall score (Fig. 2B; mean PR AUC: 0.82 ± 0.08), with
fold values ranging from 0.78 to 0.92. This fold of the model with the best
ROC AUC is henceforth referred to as the optimal classifier.

Figure 3 shows theLOFSandmarginal contributionsof each individual
feature to the resulting random forest model, extracted by SHAP analysis.
The features are arranged in decreasing order of importance.Within feature
rows, individual patients are represented by each data point, and color
coding indicates the patient’s respective feature value. The same data are
shown with more detail by dependence plots (Supplementary Fig. 2), pre-
sented in the same order as Fig. 3. Post-ablation LA volume index (LAVI)
was the most important feature. Patients with a high post-ablation LAVI
were at risk for recurrent arrhythmia, while patients with low post-ablation
LA volume indices were more likely to be arrhythmia free. Similar trends
were observed for pre-ablation LA sphericity and LAVI. Fibrosis in the RPV
region was associated with risk of recurrence, as was a smaller number of
LGE-derived scar clusters with high surrounding fibrosis. Low burden (or
absence) of post-ablation scar in the atrialfloor and fewer total LGE-derived
ablation regions also steered themodel towards predicting recurrence.High
or low scar near the RPVs also corresponded to recurrence risk, but inter-
mediate levels of scar had the opposite relationship. In pre-ablation patient-
specific simulations, the presence of two to four macro-reentrant tachy-
cardias steered the model away from predicting recurrence, while the
number of RD organizing centers had no clear effect. Lastly, many clinical
attributes contributed to model predictions. Factors contributing to the
model predicting AA recurrence included more direct current (DC) car-
dioversions, and lowbody surface area (BSA); RF as opposed to cryoballoon
ablation also had a weak effect. Histories of congestive heart failure (CHF),
stroke/transient ischemic attack (TIA), and statin use all steered the model
toward predicting recurrence, whereas hyperlipidemia and use of class I/III
antiarrhythmic drugs (AADs) or anticoagulants steered the model away
frompredicting recurrence. No clear effect onmodel outcomewas observed

Table 1 | Patient characteristics in combined training and
testing cohort

Recurrence No Recurrence p-value

N (%) 40 (59.7%) 27 (40.3%) n/a

Age (years) 65 (53–77) 59 (46–72) 0.4896

BMI 31.2 (20.4–42.0) 29.9(22.5–37.5) 0.9747

Sex (male) 60.0% 55.6% 0.7251

Hypertension 57.5% 59.3% 0.8929

Hyperlipidemia 37.5% 40.7% 0.7968

Coronary artery
disease

20% 14.8% 0.5966

OSA 32.5% 33.3% 0.7091

Stroke/TIA 10.0% 3.7% 0.3469

Diabetes 10.0% 7.4% 0.7272

COPD 10.0% 0% 0.09566

Cigarette use 17.5% 18.5% 0.9233

Thyroid disease 15.0% 7.4% 0.6570

CHF 32.5% 22.2% 0.3679

Pre-Ablation left
atrial LGE (%)

15.6%
(11.48–21.9%)

17.6%
(8.95–20.25%)

0.9033

AFib ablation type:

Cryo PVI only 35.0% 44.4% 0.4444

Cryo PVI+ RF SM 5.0% 3.7% 0.8166

RF PVI only 17.5% 11.1% 0.4814

RF PVI+ SM 42.5% 40.7% 0.8929

Variables are reported as median (IQR) and compared with Mann-Whitney U tests as appropriate.
For binary variables, proportions were reported and compared with χ2 tests.
BMI bodymass index,CHF congestive heart failure,COPD chronic obstructive pulmonary disease,
LGE late gadolinium enhancement,OSA obstructive sleep apnea, PVI pulmonary vein isolation, RF
radiofrequency, SM substrate modification, TIA transient ischemic attack.
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for sex, obstructive sleepapnea (OSA), diabetes diagnosis ormedicationuse,
smoking history, class II AAD use, or benign prostatic hyperplasia (BPH)
medication use. All features related to medication use refer to pre-ablation
patient treatment.

Relationships between feature value and impact on model output (i.e.,
SHAP value) are shown in Fig. 4 (most impactful cases with distinct
behaviors) and Supplementary Fig. 2. Figure 4A highlights an S-shaped
SHAP relationship between for post-ablation LAVI SHAP values. The
maximal slope occurs at ~51mL/m2, with patients above this threshold
having higher risk of recurrence.We fit an exponential decay model for the
SHAP relationshipwith post-ablation scar on the atrialfloor, indicating that
patients with very little atrial floor scar often recurred, but above a certain
threshold the effect of this feature had diminishing returns (Fig. 4B). We
identified a positive, linear SHAP relationship with increasing number of
pre-ablation DC cardioversions pressuring ourmodel to predict recurrence
(Fig. 4C). Finally, we used a moving average filter to characterize the SHAP
relationship for post-ablation scar in the RPV. Patients with between 5 and
20 cm2 of scar in the RPV region had a marginally decreased model-
predicted recurrence risk (Fig. 4D).

We summed positive and negative SHAP values for all features to
derive patient-specific arrhythmia recurrence prediction profiles. Figure 5
shows example profiles for three patients for whom the model correctly
predictedAArecurrence (or the lack thereof). Each risk factor is represented
by an arrow that indicates thedirection inwhich the feature forces themodel
(rightward for features that favor recurrence, and vice-versa); arrow length
encodes the strengthof each feature’s influence. Figure 5A shows a recurrent
AA prediction with model confidence for a patient who experienced post-
ablation atrial fibrillation. The most important factors contributing to this

decision were elevated post-ablation LAVI and posterior wall fibrosis in the
pre-ablation scan. The use of class III anti-arrhythmic drugs prior to abla-
tion was one of a few attributes that led the model to suspect this patient
would not recur, but in aggregate, the SHAP values of these features was
greatly outweighed by those that suggested recurrence. Figure 5B represents
the model’s prediction for a patient who was arrhythmia free for the entire
2-year follow-up; our xML algorithm correctly classified this patient based
on low LAVI, no prior cardioversions, and several other features. Figure 5C
highlights a casewhere ourmodel correctly predictedAArecurrencedespite
themitigating influence of elevated LAVI, whichwas outweighed by several
substrate features: CHF, 10 LGE-derived scar regions, statin use, 25.5 cm2 of
post-ablation scar in the region of the RPVs, etc. This emphasizes that even
in cases where the leading predictor of adverse outcome appears favorable,
other features combine in aggregate to steer the model to the correct
prediction.

We performed a retrospective internal validation study in a 15-patient
holdout cohort to quantify model performance in the most unbiased
manner possible with the data available. None of these data were previously
seen by the model in any iteration of training or testing. Patient char-
acteristics of the holdout cohort did not significantly differ from the training
andvalidation cohorts except inBMI (Table 3). The recurrence rate between
the two groups was similar (59.7% vs 53.3%) and the proportion of patients
receiving each ablation type was similar. The median time to reported
recurrencewas 305 days; follow-upwas limited to two years. Only the LOFS
were used for ablation outcome prediction in these cases; these data were
exposed to the optimal classifier with no further changes to the model or
parameter tuning whatsoever. Figure 6A shows the breakdown of model
performance for each of the 15 patients. 12/15 (80%) patients were correctly

Table 2 | List of the 27 features comprising the LASSO-optimized feature set (LOFS)

LOFS

Ablation type Hyperlipidemia Post-ablation fibrosis - RPVs

Anticoagulant use Medication for BPH Post-ablation LAVI

BSA Medication for type 2 diabetes Post-ablation scar - atrial floor

Class I AAD use Number of direct current cardioversions Post-ablation scar - RPVs

Class II AAD use Number of LGE-derived scar areas with high surrounding fibrosis Pre-ablation LA sphericity

Class III AAD use Number of LGE-derived scar regions Pre-ablation LAVI

CHF Number of macro-reentrant tachycardia-like simulations Prior stroke or TIA

Diabetes Number of phase singularities in pre-ablation simulations Sex

History of smoking OSA Statin use

AAD antiarrhythmic drug, BPH benign prostatic hyperplasia, BSA body surface area, CHF congestive heart failure, LA left atrium, LAVI left atrium volume index, LGE late gadolinium enhancement, OSA
obstructive sleep apnea, RPV right pulmonary vein, TIA transient ischemic attack.

Fig. 2 | Random forest prediction algorithm effi-
cacy in testing sets across five folds. A ROC curves
for testing set (AUC: 0.80 ± 0.04).BPrecision-Recall
curves for testing set. (AUC: 0.82 ± 0.08).
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classified as recurrent or non-recurrent with three false positives (20%) and
no false negatives (0%). SHAP breakdowns for representative correct and
incorrect predictions are shown in Fig. 6B, C, respectively. For the case
where recurrence was correctly predicted, themodel decision was driven by
high post-ablation LAVI and LA sphericity. For the example where
the model predicted recurrence but the patient remained arrhythmia-free,
two features steered the model dramatically towards the incorrect conclu-
sion: high LA sphericity and prior statin use. The model was notably near
equipoise in this case, with other features forcing it nearer to the correct
prediction (e.g., low post-ablation LAVI, low residual fibrosis near
the RPVs).

We created complementary alternate models to address scientific and
clinical questions. To address potential co-linearity between post- and pre-
ablation LAVI (first- and third-most important features in the final model,
respectively) we trained a new random forest model with all LOFS except
pre-ablation LAVI (i.e., 26 features). Removing pre-ablation LAVI had no
meaningful impact on performance (ROCAUC: 0.81 ± 0.07, 80% accuracy
in holdout cohort; Supplementary Fig. 3A). Second, we repeated the entire
machine learning workflow (LASSO + random forest) with the change in
LAVI (ΔLAVI = post-minuspre-ablationLAVI) added as adistinct feature.
The resultingmodelsperformedpoorly.Across 200LASSOattempts,model

accuracy on the holdout cohort ranged from 40 to 80% (median: 60%).
ΔLAVI was selected as a feature in only one single LASSO attempt; the
resulting random forest had a favorable ROC AUC (0.87 ± 0.10), but
reduced holdout accuracy (67%), suggesting model overfitting (Supple-
mentary Fig. 3B). Finally, replacing pre-ablation LAVI in the LOFS with
ΔLAVI resulted in slightly improved model performance (ROC AUC:
0.85 ± 0.03, 80% holdout accuracy; Fig. 7A). In the context of this alternate
model, only optimal LAVI reduction (from 0 to –20mL/m2) steered the
algorithm away frompredicting recurrence (Fig. 7B). In all alternatemodels
considered, LA geometric features remained important drivers of model
predictions.

Clinically oriented alternate models were also trained and tested.
Considering the potential utility of predicting AA recurrence prior to
ablation, three post-ablation features were dropped from the LOFS, and
post-ablation fibrosis in the region of the RPVs was replaced with its pre-
ablation equivalent. This model had reduced performance (ROC AUC:
0.75 ± 0.07, 67% holdout accuracy; Supplementary Fig. 3C). Due to limited
access to the computational facilities required for biophysically detailed LA
electrophysiologymodeling, we created an alternatemodel inwhich the two
simulation-derived featureswere removed at the random forest training and
testing phase. ROC AUC remained high, 0.81 ± 0.09, but holdout accuracy

Fig. 3 | Summary of feature importance. Features are sorted in descending order of
importance. Features are classified as either LA geometry (black), clinical attributes
(blue), fibrosis (green), ablation-delivered scar (orange), or results from biophysi-
cally detailed simulations (magenta). Red dots indicate patients with a high feature

value for continuous variables, or presence of variable in binary cases. The vertical
center line represents no impact onmodel outcome, while right-shifted data suggests
association with recurrence and left-shifted data indicates non-recurrence. AAD
antiarrhythmic drug, RPV right pulmonary veins.
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decreased to 73% (one additional patient misclassified; Supplemen-
tary Fig. 3D).

Lastly, we considered incorporating features derived from f-wave
analysis. Since fewer patients were eligible for inclusion (see Methods), we
performed a completely new model creation process. Alongside the LOFS,
we supplied f-wave amplitude and dominant frequency in lead I for 41 of 67
patients from the train/test cohort and 6 of 15 patients from the holdout
cohort (Supplementary Fig. 4A). The ROC AUC of the new model was
0.76 ± 0.14 and holdout accuracywas 4 of 6 (66%) (Supplementary Fig. 4B).
Direct comparison of this model to those discussed in prior sections is ill-
advised due to the difference in cohort sizes. SHAP analysis for this version
of the model including f-wave features suggested lower amplitude may
correspond to increased recurrence risk; the influence of dominant fre-
quency was unclear (Supplementary Fig. 4C, D).

To compare our random forest model against a linear model, we fit
a logistic regression model to the LOFS. The mean ROC AUC of the
logistic regression model across five-fold cross-validation was slightly
lower at 0.77 ± 0.11 (Supplementary Fig. 5A). The logistic regressionmodel
also performed slightly worse in the holdout cohort, misclassifying 4/15
patients (Supplementary Fig. 5B). Accordingly, the logistic regression
model’s F1-score of 0.78 was worse than the F1-score for the random
forest model.

Discussion
WedesignedanxMLalgorithm to integratemulti-modal data for prediction
of recurrent arrhythmias following catheter ablation of AFib. Compared to

prior studies21,22,24,57, we achieved similar performance (ROC AUC of
0.80 ± 0.04 versus 0.61-0.85) in predicting recurrent arrhythmia risk, with
the addedbenefit of interpretable explanations.When tested on a previously
unseen holdout cohort, the model maintained 80% accuracy and an F1-
score of 0.84 (Fig. 6).This exceeded theperformanceof a comparable logistic
regression model, which was 73% accurate with an F1-score of 0.78 when
tested on the same cohort (Supplementary Fig. 5B). The combined accuracy
and interpretability of models like ours will allow electrophysiologists to
receive optimized prediction scores while also gaining scientific insight into
why those predictions were made. We present three distinct data perspec-
tives: population-based (Fig. 3), risk factor-based (Fig. 4), and patient-
specific (Fig. 5). We also explore potential clinical application of our work
and assess for overfitting by testing our model on a holdout cohort, pre-
viously unseen at any stage of training or testing (Fig. 6).

To minimize the influence of confounders on our algorithm, we used
rigorous feature selection. Definitionally, observed confounders are highly
correlated features, while unobserved confounders are features that are
unmeasurable or unaccounted for. To mitigate effects from observed con-
founders and reduce the dimensionality of the data supplied to our random
forest model, we used LASSO regression (Supplementary Fig. 1). This
ensured independence of feature information, which improves general-
izability by eliminating redundant variables. Unobserved confounders are a
central barrier to drawing causal inferences from observational data and
introduce bias that can be difficult to avoid. To address this, we prioritized
features that have beenpreviously examined in the literature for their impact
on procedure outcome (Supplementary Data 1).

Fig. 4 | Dependence plots of SHAP importance vs. raw feature values. SHAP
values greater than zero correlate to increased risk of recurrence, and those less than
0 correlate with reduced recurrence risk. A Dependence plot for post-ablation LA
volume index (LAVI), demonstrating increased recurrence in patients with a post-
ablation LAVI above 51.121 mL/m2. y = 0.220/(1+e^(−0.668*(x-51.121))–0.107.
BDependence plot for post-ablation scar in the atrial floor region, showing less scar
on the atrial floor was associated with increased recurrence.

y = 0.0934*e^(–0.788x)–0.031. C Dependence plot for number of direct current
(DC) cardioversions, indicating recurrence wasmore likely in patients who received
more DC cardioversions. y = 0.0306x–0.0366; R² = 0.8699. D Dependence plot for
post-ablation scar in the region of the RPVs, fit with a 7-period moving average
trendline, suggesting the random forest model identified a complex relationship
between scar in the region of the RPVs and recurrence risk.
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Random forest learning is a versatile algorithm and was specifically
chosen for this problem because feature values are not altered during the
learning process. This approach can outperform linear models by identi-
fying nonlinear relationships between features (Supplementary Fig. 5).
However, if we had used other machine learning methods like support
vector machines, we would have lost the ability to observe how specific
feature values impact model outcomes in a reliable and confident manner.
This is a key aspect of our xML approach because risk factor quantifications
like those presented inFig. 4would bedifficult to obtain fromothermachine
learning methods.

When applying SHAP analysis to understand feature importance from
a population perspective, we identified important influences from LA
geometry andchanges inLAgeometry onAArecurrence.Ourmodel gained
important insight from the indexed post-ablation LA volume, its change
after the ablation procedure, and LA sphericity. This is consistent with prior
work indicating that mild reverse remodeling of the LA associated with
ablation may predict long-term ablation success, especially in patients with
lower baseline fibrosis58. While the work presented here does not (and
cannot) prove causal relationships between features and outcomes, LA
dilation is known to play a role in recurrence59 and is independently

Fig. 5 | Explanation of individual patient prediction scores for representative
patients in the original dataset. Yellow and magenta arrows indicate the marginal
contribution of each feature, and the grey outline indicates the model’s prediction.
Black indicator lines provide more detailed information about the features corre-
sponding to the arrows they intersect. A Visualization of pre- and post-ablation
models and explanation of a correct recurrent arrhythmia prediction driven by

geometry and substrate features. This patient recurred with atrial fibrillation (AFib).
B Pre- and post-ablation models of patient and explanation of a correct non-
recurrent arrhythmia prediction driven by geometry and clinical features.
CVisualization of pre- and post-ablation patient-specificmodels and explanation of
a correct non-recurrent arrhythmia prediction driven by pre- and post-ablation
substrate features. This patient also recurred with AFib.
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associated with AA-free survival60. Previous machine learning models
achieved an ROC AUC of 0.67 when predicting AFib recurrence using LA
shape metrics from pre-ablation CT61. Post-ablation atrial enlargement is
also associated with adverse long-term ablation outcomes independent of
left ventricular function62. Mechanistically, LA enlargement promotes AFib
directly (larger physical area for rotor perpetuation63) and indirectly (via
properties like atrial stretch64). In our study, higher LA volume indices
(>51mL/m2) or a more spherical pre-ablation LA (>0.81) were associated
with recurrence.

Ourmodel suggests the creationof fewer distinct ablation-induced scar
areas and less scar in the LA floor (Fig. 4B) is associated with elevated AA
recurrence risk. Poor scar formation during ablation is indeed associated
with AFib recurrence26. Notably, surface area of ablation-delivered scar and
percentage of scar with respect to total LA size were included in our study
but eliminated during feature selection. This suggests the number of
ablation-induced scar areas is a more robust predictor. We also note the
complicated relationship between scar in the RPV region and AA recur-
rence.Whilemore data are needed, theremay be an optimal ablation extent
between ~5.0 cm2 and 20.0 cm2 in this area, reducing risk of AA recurrence
(Fig. 4D). This likely approximates the extent of RPV tissue typically ablated
during PVI. Future work could investigate if the creation of many inde-
pendent scar areas during ablation might yield favorable outcomes; follow-
up studies could be used to validate the number of LGE-derived scar areas
created, especially in the LA floor and RPV regions, as a predictor of AA
recurrence.

Many studies have investigated the influence of patient characteristics
like sex and age on risk of AA recurrence after ablation. DECAAF I found
slightly higher (not statistically significant) incidence of AA recurrence in
females thanmales65; otherwork suggests higher recurrence rates in females
is attributable to extra-PV triggers in females66. CABANA indicated this
may be confounded by lower referral rates for women, compounded by the
fact that that women tend to be referred later in AFib progression67,68. Like
more recent studies69, ourmodeldidnot indicate recurrencewasmore likely
for males or females (Fig. 3, Supplementary Fig. 2Y). Similarly, the rela-
tionship between age and AA recurrence remains unclear. CABANA
showed no age-related variations in ablation effectiveness70. In our dataset,

Fig. 6 | Summary of model performance on a previously unseen internal vali-
dation (holdout) cohort. A Chart of each patient outcome and model prediction in
the 15-patient cohort. Gradient indicates relative confidence (summed SHAP values
offset by the model’s decision threshold of 0.10) of non-recurrence and recurrence,

respectively, calculated as the sum of SHAP values.B Example for correct prediction
with post-ablation patient-specific anatomical model and prediction breakdown via
SHAP analysis. C Example for incorrect positive prediction.

Table 3 | Patient characteristics in original (training and
testing) and holdout (internal validation) cohorts

Original Cohort Holdout Cohort p-value

N 67 15

Recurrence 59.7% 53.3% 0.658

Age (years) 62 (56–70) 70 (62–76) 0.1215

BMI 30.6 (26.4–35.8) 26.3 (23.1–31.7) 0.0353

Sex (male) 58.2% 40.0% 0.2054

Hypertension 58.2% 46.6% 0.4224

Hyperlipidemia 38.8% 60.0% 0.1378

Coronary artery
disease

17.9% 13.3% 0.6788

OSA 34.3% 40.0% 0.6851

Stroke/TIA 7.5% 6.7% 0.9259

Diabetes 9.0% 6.7% 0.7852

COPD 6.0% 0% 0.343

Cigarette use 17.9% 6.7% 0.2884

Thyroid disease 13.4% 0% 0.1378

CHF 28.4% 6.7% 0.08021

Pre-Ablation LA
LGE (%)

16.7%
(10.95–21.35%)

15.9%
(10.6–20.6%)

0.6229

AFib ablation type:

Cryo PVI only 38.8% 40.0% 0.9378

Cryo PVI+ RF SM 4.5% 6.7% 0.7357

RF PVI only 14.9% 26.7% 0.2817

RF PVI+ SM 41.8% 26.7% 0.2838

Variables are reported asmedian (IQR) and compared between cohorts withMann-Whitney U tests
as appropriate. For binary variables, proportions were reported and compared with χ2 tests.
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LASSO regression did not select age as a potentially valuable feature. These
results support the notion that factors derived from imaging studies are
superior to demographic metrics for evaluating recurrence risk.

The ability of xML models to incorporate and explain effects of ima-
ging data is appealing. DECAAF-II found no difference in AA recurrence
for patients randomized to receiveMRI-guided ablation compared to those
receiving PVI alone71. It is thus noteworthy that our model had reduced
performance when supplied with pre-ablation data only (Supplementary
Fig. 3C). The application of explainability tools like SHAP offers valuable
insights on the clinical challenge of predicting AA recurrence. In our proof-
of-concept study, we reveal LA changes corresponding to durable ablation
success. Specifically, we identify the optimal extent of reverse remodeling
associatedwith freedomfromAA(Fig. 7) andwecharacterize the extent and
spatial distribution of durable ablation-delivered scar associated with suc-
cessful procedures (Fig. 3).WhileΔLAVI itself was not considered useful by
LASSO regression, we suspect this was due to LASSO regression’s bias
favoring features that linearly relate to outcome, whereas the relationship
betweenΔLAVI and outcomewas highly nonlinear (Fig. 7B). Future studies
with larger sample sizes may opt to prospectively include ΔLAVI to rein-
force these findings.We also show the utility of pre-ablation computational
simulations built from LGE-MRI imaging data (Fig. 3). Future work in
larger, prospective studies may use these findings to determine ablation
strategies that reduce overall population-level AA recurrence.

An advantage of xML is that it facilitates post-hoc model tuning to
remove unintended sources of overfitting, which is especially relevant when
working with small cohorts. For instance, in our model the SHAP value
corresponding to patients who smoke corresponds to a slight lean towards
predicting non-recurrence. In contrast, research consistently indicates that
smoking worsens ablation outcomes8,72. We can thus conclude that the
SHAP value for the few patients in our original cohort with a smoking
history (17.9%) is likely due to overfitting. Fault diagnosis and identification
of improperly weighted variables is a key xML feature compared to con-
ventional “black box”ML73. The example described above emphasizes how
specific features can be identified for removal to improvemodel accuracy in
future work with minimal time spent problem-solving. We caution that
feature importance assessed by SHAP analysis does not translate to clinical
risk. Due to the individual and collective contributions of each feature to the
model it would not be sufficient to derive a simplified model considering
only the most important features indicated by SHAP analysis without
repeating the model development and validation process.

Precision medicine is an emerging approach that integrates multi-
modal data to customize treatment and further disease understanding.
Using SHAP analysis, we can generate recurrence predictions and feature
importance breakdowns to create personalized, data-rich risk snapshots. In

some cases, features combine synergistically to produce a high confidence
prediction; more often, the model identifies multiple key features that
contribute for and against a prediction, leading to a multi-faceted decision-
making process. Since feature relationships shown in this study are not
causal, it must be clarified that modifying these features (e.g., avoiding
statins for a patient whose statin use coaxes the model towards predicting
recurrence) may not improve health outcomes. Nonetheless, xML provides
a platform for further research and validation that could help guide the care
and advising of post-ablation patients.

Interestingly, key decision drivers for specific individuals often diverge
from themost important population-based features. For example, if the low
post-ablation LAVI for the patient in Fig. 5C was considered in isolation, it
might lead to an incorrect conclusion that this individual was at low risk for
recurrence. In effect, xML enables holistic assessment of each patient’s risk
factors, informed by but not adhering strictly to population trends. The
prediction “breakdowns” shown in our study are a promising tool for
medical professionals and potentially the patients themselves, allowing
them to assess relative risk factor impacts and make more data-informed
decisions, agnostic to population trends that may not apply.

The role of biophysically detailed simulation-derived features in the
model was interesting. LASSO regression only selected two such features to
include in themodel: the number ofmacro-reentrant tachycardia circuits in
pre-ablation simulations, and the number of phase singularities (i.e., orga-
nizing centers) in pre-ablation simulations (Fig. 3, Supplementary Fig. 2H,
M). Patientswithmoremacro-reentrant tachycardia circuits in pre-ablation
simulations generally had lower risk of recurrence. This is mechanistically
interesting as it suggests patients with pre-ablation fibrotic substrate sus-
ceptible to anatomic reentry (as opposed to functional reentrant spiral
waves) more commonly experienced durable benefit from AFib ablation.
The effect of the number of phase singularities was unclear, suggesting the
influence of this feature was highly dependent on other feature values.

We also incorporated f-wave analysis in a variant of our model, but
limiteddata availability prevents ameaningful interpretationof the resulting
model. Consistent with others’ findings17,19, our recurrence was more
common in patients with low f-wave amplitude (Supplementary Fig. 4C);
low power likely prevented the model from finding a clear relationship
between recurrence anddominant frequency (Supplementary Fig. 4D).This
sub-analysis supports the incorporation of ECG-derived features in future
efforts to stratify recurrence risk.

Our use of a holdout cohort aims to simulate how our model could
work in a clinical environment and assess thismethod’s generalizability in a
broader population. The model was blind to these data throughout its
training and cross-validation.Differences existed between these two cohorts
(e.g., BMI; Table 3), as we would expect if the model were applied to a new

Fig. 7 | Performance of a model trained with the
change in LA volume index (LAVI) in place of the
pre-ablation LAVI. A ROC curve from five-fold
training and cross-validation of the model, showing
a mean ROC AUC of 0.85 ± 0.03, with individual
fold ROC AUCs ranging from 0.80 to 0.90. The
model retained its 80% accuracy on the holdout set.
B Dependence plot showing the relationship
between the change in LAVI and the marginal
contribution to model outcome.

https://doi.org/10.1038/s43856-025-01058-4 Article

Communications Medicine |           (2025) 5:421 10

www.nature.com/commsmed


patient population. Figure 6C highlights a false positive prediction in which
we could visually troubleshoot the model’s incorrect decision. In this case,
the model may have over-weighted the relevance of LA sphericity and the
history of statin use or under-weighted the influence of the post-ablation
LAVI fibrosis near the RPVs. Additionally, a healthcare provider could
consider the broader clinical context, such as fibrosis in non-RPVareas, and
confidently weigh the model’s prediction against their own clinical judge-
ment. As the field evolves and we learn more about independent associa-
tions between features like these and adverse outcomes, our xML approach
provides a ready-made scaffolding for incorporating that new knowledge in
clinical decision-making.Overall, we expectmodel-agnostic explanations of
featureweights fromxMLalgorithmswill increase physician understanding
and confidence in predictive models25.

Due to the nature of “black box”ML algorithms, it has been difficult to
understand how their predictions relate to physiologicalmechanisms of AA
recurrence.There is risk associatedwith clinical useof these complexmodels
since predictions are difficult to interpret and might thus lead to physician
frustration or distrust. It is challenging to decide which predictions should
be seen as actionable and which are safe to ignore. Our work shows how
xML could pave the way towards solutions that reduce obscurity by
prioritizing interpretability, transforming the current paradigm by creating
models that can coherently explains why a particular prediction is made.

Our algorithmshowsproof-of-concept for several clinical applications:
(1) repeat ablation planning, (2) post-ablation care, (3) patient-clinician
communication, and (4) future hypothesis-driven research. Based on key
fibrosis and ablation-delivered scar features identified for each patient,
selection of ideal candidates for redo procedures and identification of sites
for optimal targeted re-ablation sites could be feasible. Following an ablation
procedure and follow-upMRI scan, healthcare teams could use xML-based
predictions tomake informed decisions aboutmonitoring for recurrence or
adjust medications. We also believe xML has great potential to foster
patient-clinician communication, facilitating better understanding of risk
factors and their associations with outcomes in a digestible, visual format.
Finally, while we have emphasized that associations between feature values
and outcomes in this study do not imply causality, we have identified
potential drivers of recurrence that could be validated in hypothesis-driven
research.

Our work should be seen as a promising preliminary exploration of
xML-based prediction of catheter ablation recurrence. Our sample size was
modest, and all patients were from a single center. While measures were
taken to ensure proper feature selection and model design to limit over-
fitting, a larger cohort is needed to confirm these findings. Notably, it is
essential that any future study seeking to expand upon our work in a dif-
ferent or larger cohort must repeat our entire methodology, including both
feature selection and ML model development stages – in other words, it
would be inappropriate to use the LOFS from this study as the starting point
for new work in a distinct dataset. Potential future studies with larger
cohorts could explore more extensive model optimization techniques to
further enhancemodel performance. It is also important that our approach
be subjected to further testing using an external holdout cohort (i.e., using
data fromnon-UWpatients) to ensure its generalizability to data fromother
institutions. Additionally, patients presenting to their pre-ablation MRI in
AFib in our study were not cardioverted into sinus rhythm before their pre-
ablation MRI, nor were these patients assigned to a different cohort,
introducing a potential source of confounding. A larger, more diverse, and
prospective cohortwould give us theflexibility of designing amodel that can
handle more features, opening the door to using other clinical data like
ECGs or electroanatomic maps. We anticipate that this would enrich our
algorithm, potentially improving accuracy. Like other clinical trials, distinct
models could also be considered for patients with persistent or paroxysmal
AFib, given the differing recurrence rates between these populations74,75.
Prospective trials of this classifier and randomized trials assessing ML-
identified features to verify causal relationships would also be valuable steps
prior to clinical deployment.

Other research has suggested that simulations meaningfully improve
the ability of machine learningmodels to predict recurrent arrhythmias21,22.
In our study, LASSO regression selected features from pre-ablation simu-
lations to supply to the random forestmodel, but didnot select features from
post-ablation simulations. Additionally, when simulation results were
removed from the model, its performance only slightly decreased (Sup-
plementary Fig. 3D). We attribute this to our extensive analysis of LGE-
MRI, which added post-ablation scans and assessed a larger gamut of
fibrosis-derived and ablation-scar derived features. A complementary rea-
son is that prior studies performed more extensive simulations, with
changes in fibrosis representation and features selected by deductive algo-
rithms. Simulations are a valuable platform for mechanistic inquiry and
custom-tailored ablation planning76,77, but calculation of the associated
features is computationally complex and requires infrastructure inaccessible
in many clinical settings. As such, since our goal was proof-of-concept for
using xML to predict recurrence in a clinically feasible way, we are pleased
our model performed well with or without simulation features.

Notably, the recurrence rate in the cohort studied here was high
(59.7%) compared to other contemporary studies examining mixed groups
of paroxysmal andpersistentAFibpatients (e.g., 49.9%AFib recurrence rate
in ablation arm of CABANA trial68). This may be a result of selection bias,
since patients who have already recurred orwho are deemed by clinicians to
be at higher risk for recurrence are more likely to be scheduled for post-
ablation LGE-MRI scan.

Conclusions
Wedeveloped an xMLclassifier to accurately predict arrhythmia recurrence
following catheter ablation fromEHRdata alongside pre- and post-ablation
LGE-MRI scans. Critically, our classifier only uses clinical data obtained
non-invasively, with features guided by existing knowledge of arrhythmia
recurrencemechanisms.We envision the coupling of ourMLmodelwith an
explainability technique as a framework for usingML-enabled clinical tools
to strengthen the engagement of clinicians and stakeholders in informed
and shared decision-making. In addition to presenting a predictive solution
that avoids obscurity by favoring model interpretation, we present novel
mechanistic hypotheses generated fromcritically evaluating the influence of
each feature on our ML model, which was developed without enforcing a
priori hypotheses about the nature of relationships between these features
and risk of AF recurrence. Future work should explore larger datasets,
including external holdout cohorts, to confirm our findings, further opti-
mize feature selection, improve model accuracy, and investigate potential
mechanistic relationships uncovered by our analysis.

Data availability
All 164 left atrial anatomical models used in this study have been made
available to the public via the following permanent link https://doi.org/10.
5061/dryad.kkwh70sg055. This dataset comprises two models per patient
(pre-ablation with patterns of fibrotic remodeling, post-ablation with scar
created by the procedure) for 82 individuals. Supplementary Data 2 contains
the source data underlying Figs. 3–4 and Supplementary Fig. 2. Supple-
mentaryData 3 contains the source data underlying Supplementary Figs. 4C-
D. Supplementary Data 4 contains the source data underlying Fig. 7B. To
avoid the possibility of patient identification, all source data have been dis-
aggregated such that adjacent feature values and SHAP values are correctly
linked but individual rows of tabular data do not necessarily correspond to
features from the same individual; instead, each pair of feature/SHAP value
columns is sorted by feature value. Other data related to the article will be
shared with interested parties for non-commercial reuse on reasonable
request to the co-corresponding authors and approval by the UW IRB.

Code availability
Code used forMLmodel training, validation, and explanation is available at
https://doi.org/10.5061/dryad.4tmpg4fp956. See the associated README
for details on using this code.
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Abbreviations
AA atrial arrhythmia
AAD antiarrhythmic drug
AFib atrial fibrillation
AUC area under the curve
BPH benign prostatic hyperplasia
BSA body surface area
CHF congestive heart failure
Cryo cryoballoon
DC direct current
ECG electrocardiogram
EHR electronic health record
f-wave fibrillatory wave
FD fibrosis density
FE fibrosis entropy
IRB institutional review board
LA left atrium
LASSO least absolute shrinkage and selection operator
LAVI LA volume index
LGE late gadolinium enhanced
LOFS LASSO-optimized feature set
LPVs left pulmonary veins
MRI magnetic resonance imaging
OSA obstructive sleep apnea
PR precision-recall
PVI pulmonary vein isolation
RD reentrant driver
RF radio frequency
ROC receiver operating characteristic
RPVs right pulmonary veins
SHAP SHapley Additive exPlanations
TIA transient ischemic attack
UW University of Washington
xML explainable machine learning
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