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Patients with atrial fibrillation (AF) following transcatheter aortic valve replacement (TAVR) remain at risk of ische-
mic stroke (IS) and bleeding. However, traditional risk scores providemodest predictions of IS and bleeding in these
patients. We aimed to develop machine learning (ML) models that predict IS, major gastrointestinal bleeding
(MGIB), all clinically relevant bleeding (CRB), and net adverse clinical events (NACE) using data from patients in the
ENVISAGE-TAVI AF trial. Ten ML algorithms were trained per outcome using nested cross-validation; the best-per-
formingmodel (highest F1 score)was validated on a 25% holdout set.Model performancewas comparedwith logis-
tic regression models using CHA₂DS₂-VA or HAS-BLED. Among 1,377 patients, 41 had an IS, 83 had MGIB, 375 had
CRB, and 255 experienced NACE. The predictive abilities of a linear discriminant analysis algorithm for IS (F1
score = 0.08) and CHA₂DS₂-VA (F1 score = 0.09) were similarly low, but numerically better than HAS-BLED (F1
score = 0.05). Prediction of MGIB was similarly low for a logistic-lasso algorithm (F1 score = 0.11), CHA₂DS₂-VA (F1
score = 0.09), and HAS-BLED (F1 score = 0.12). For CRB, the predictive performance of a Naïve Bayes algorithm (F1
score = 0.39) was similar to CHA₂DS₂-VA (F1 score =0.38) and HAS-BLED (F1 score =0.41). The predictive ability of a
logistic regression algorithm for NACE (F1 score = 0.33) was numerically better than CHA₂DS₂-VA (F1 score = 0.22)
or HAS-BLED (F1 score = 0.27). In conclusion, ML offered similar predictive ability to established risk scores for
thromboembolic and bleeding outcomes among transcatheter aortic valve replacement (TAVR) patients with AF.

© 2025 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)
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Patients with atrial fibrillation (AF) undergoing transcatheter aortic
valve replacement (TAVR) are at significant risk of both thromboembolic
and bleeding complications.1 Clinical risk scores are routinely used to
risk-stratify patients with AF as recommended by both the European and
American guidelines for themanagement of AF.2,3 The CHA₂DS₂-VA score
estimates stroke risk, whereas the HAS-BLED score assesses the bleeding
risk in patientswith AF.4,5 Nonetheless, while simple andwidely adopted,
the CHA₂DS₂-VA and HAS-BLED scores were derived from general AF
populations rather than post-TAVR patients, who tend to be older and
have more comorbidities. Machine learning (ML) could provide an alter-
native way to improve risk prediction by incorporating complex linear
and nonlinear interactions in high-dimensional datasets. In this study,
we aimed to (1) developMLmodels using data from the ENVISAGE-TAVI
AF trial to predict adverse thromboembolic and bleeding events in
patients with AF after successful TAVR and subsequently (2) compare the
performance of these ML models to 2 commonly used risk scores
(CHA₂DS₂-VA and HAS-BLED scores) in terms of discrimination, calibra-
tion, and reclassification.

Methods

Study design

We used patient-level data from the ENVISAGE-TAVI AF trial
(NCT02943785),6 a multinational, multicenter, prospective, random-
ized, open-label trial with blinded endpoint adjudication, designed to

http://creativecommons.org/licenses/by-nc-nd/4.0/
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compare edoxaban with vitamin K antagonist (VKA) therapy in
patients with AF following successful TAVR. The trial enrolled
patients who were 18 years of age or older, with either pre-existent
paroxysmal/persistent AF or new-onset AF after successful TAVR for
severe AS. Patients with comorbidities associated with a high-bleed-
ing risk (i.e., history of intracranial hemorrhage, esophageal varices,
and unresolved periprocedural complications, etc.) were excluded. A
full description of inclusion and exclusion criteria is given in Supple-
mentary Table 1. A total of 1,426 patients were enrolled across inter-
national centers and randomized between 12 hours and 5 days after
the TAVR procedure.6,7 All patients were followed for a median of
approximately 18 months. Patients were allocated to receive either
once-daily oral edoxaban (60 mg or 30 mg based on dose-reduction
criteria per local labeling) or a standard VKA regimen targeting an
international normalized ratio of 2.0 to 3.0 (or 1.6-2.6 for patients
aged ≥70 years in Japan). Concomitant antiplatelet therapy was per-
mitted at the discretion of the treating physician. Randomization was
stratified by anticipated edoxaban dose reduction. The maximum
treatment duration was up to 36 months.

Clinical outcomes

We examined 4 clinical outcomes of interest: (1) clinically rele-
vant bleeding (CRB), (2) ischemic stroke (IS), (3) major gastrointesti-
nal bleeding (MGIB), and (4) net adverse clinical events (NACE). CRB
was classified according to the International Society on Thrombosis
and Hemostasis definition and included both major (clinically overt
bleeding associated with a reduced hemoglobin level, blood transfu-
sion, symptomatic bleeding at a critical site, or death) and clinically
relevant nonmajor bleeding (any sign or symptom of hemorrhage
that does not fit the criteria for major bleeding but does meet at least
1 of the following criteria: (1) requires medical intervention by a
healthcare professional, (2) leads to hospitalization or increased level
of care, or (3) prompts a face-to-face evaluation).8,9 NACE was
defined as the composite of death from any cause, myocardial infarc-
tion, IS, systemic thromboembolic event, valve thrombosis, or major
bleeding. IS was defined in accordance with the Valve Academic
Research Consortium-2 consensus as an acute episode of focal cere-
bral, spinal, or retinal dysfunction caused by infarction of the central
nervous system tissue.10

Model development and statistical analysis

This analysis utilized data from the safety cohort, which included
patients who received ≥1 dose of the study drug. The dataset
included 180 variables, selected by experts for their potential clinical
relevance. After basic data transformations and cleaning, including
the removal of homogeneous features and highly correlated varia-
bles, 155 variables remained in the final dataset. Since this dataset
was derived from a randomized controlled trial, baseline characteris-
tics were well balanced across the edoxaban and VKA arms. There-
fore, we did not separate model development by treatment group.
Instead, treatment allocation was included as a candidate predictor.
Ten different ML algorithms (logistic regression, lasso regression,
ridge regression, elastic net, linear discriminant analysis, Naïve Bayes,
decision tree, random forest, XGBoost, and multilayer perceptron)
were evaluated using nested cross-validation on a training dataset
comprising 75% of the patients from the full dataset. The nested
cross-validation involved 2 loops to prevent overfitting and bias in
model selection. In the inner loop, hyperparameter tuning was per-
formed using Bayesian optimization. In the outer loop, the models
were scored using the F1 score to determine the best model for each
endpoint. The F1 score was selected as the appropriate performance
metric for imbalanced classification tasks. Finally, trained models
were evaluated on a holdout test set comprising 25% of the patients
not included in the training set. We also compared the performance
of the best ML model for each endpoint to a logistic regression model
that used a traditional risk score (CHA₂DS₂-VA and HAS-BLED) as its
only input variable. The CHA₂DS₂-VA and HAS-BLED scores are
widely used clinical tools to guide anticoagulation management in
patients with AF.11 The CHA₂DS₂-VA score estimates the risk of stroke
or systemic embolism by assigning points for congestive heart failure,
hypertension, age ≥75 years (2 points), diabetes mellitus, prior stroke
or transient ischemic attack (2 points), vascular disease, and age 65
to 74 years. In contrast, the HAS-BLED score evaluates the risk of
major bleeding, with points assigned for hypertension, abnormal
renal or liver function, prior stroke, history of bleeding, labile INR,
age >65 years, and concomitant drug or alcohol use. Both scores
share several overlapping factors (i.e., hypertension, stroke history,
and age), but they differ in their primary purpose. Unlike CHA₂DS₂-
VA and HAS-BLED, which are based on a small set of predefined clini-
cal risk factors, our ML models incorporated over 150 routinely col-
lected clinical, laboratory, and procedural variables. This broader
input allows ML to explore nonlinear and higher-order interactions
that are not captured by traditional scores and to identify predictors
specific to the TAVR population.

To identify the most impactful variables for the outcomes of inter-
est, SHAP (Shapley Additive exPlanations) was employed. SHAP val-
ues utilize a game-theoretical approach to quantify the importance of
a variable in a prediction by assessing its contribution across various
combinations of variables.12 The features were ranked using the
mean absolute SHAP value from the holdout test set. A detailed
explanation of the methods used for the derivation and optimization
of the ML models was previously described.13

Results

Patient characteristics

Baseline characteristics of the overall safety cohort are listed in
Table 1. The study population included 1,377 patients, with a mean
age of 82.1§ 5.4 years, approximately half (52.2%) were men, and the
majority (83.2%) identified as White. The mean body mass index was
27.7§ 5.5 kg/m2, and renal function was moderately impaired, with
a mean creatinine clearance of 58.2§ 24.1 mL/min. Cardiovascular
and metabolic comorbidities were highly prevalent, including hyper-
tension (91.4%), hypercholesterolemia (70.0%), diabetes (36.7%), and
advanced heart failure (New York Heart Association class III or IV) in
nearly half (44.5%) of the cohort. Baseline thromboembolic and bleed-
ing risks were elevated, reflected by a median CHA₂DS₂-VA score of 4
(mean 4.5§ 1.3) and a mean HAS-BLED score of 1.6§ 0.8.

Clinically relevant bleeding

Out of 1,377 patients, CRB was recorded in 375 patients (27.2%).
The Naïve Bayes model (Supplementary Table 2) provided the best
predictive performance, with an F1 score of 0.39, closely matching
HAS-BLED (F1 score = 0.41) and CHA₂DS₂-VA (F1 score = 0.38). Among
the ML predictors, the absence of history of previous valve replace-
ment before index procedure (no valve replacement) had the highest
SHAP value, indicating its strong influence (Supplementary Figure 1).

Ischemic stroke

IS occurred in 41 (3.0%) patients. Among 10 ML models tested, lin-
ear discriminant analysis demonstrated the highest predictive perfor-
mance (Supplementary Table 2), with an F1 score of 0.08, comparable
to the traditional CHA₂DS₂-VA score (F1 score = 0.09; Figure 1). Both
these models had a higher F1 score than the HAS-BLED model (F1
score = 0.05). The variables with the greatest impact on the ML
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Table 1
Baseline characteristics

Parameter Overall N = 1,377

Age at enrollment, years, mean § SD 82.1§ 5.4
Sex, male 719 (52.2%)
Race
White 1,146 (83.2%)

Ethnicity
Hispanic or Latino 352 (25.6%)

Smoking status at baseline
Current 52 (3.8%)

Weight, kg, mean § SD 75.3§ 17.6
BMI, kg/m2, mean § SD 27.7§ 5.5
CrCl, mL/min, mean § SD 58.2§ 24.1
Hemoglobin, g/L, mean § SD 115.7§ 77.8
AF 874 (63.5%)
AF paroxysmal 569 (41.3%)
AF persistent
>7 days but <1 year 158 (11.5%)
≥1 year 110 (8.0%)

AF permanent 518 (37.6%)
AF flutter 18 (1.3%)
Hypertension 1,258 (91.4%)
Mitral valve diseasea 599 (43.5%)
Diabetes mellitus 506 (36.7%)
Hypercholesterolemia 964 (70.0%)
COPD 199 (14.5%)
Prior MB or predisposition to bleeding 119 (8.6%)
Heart failure
NYHA III or IV 613 (44.5%)

History of stroke or TIA 233 (16.9%)
Prior PCI 354 (25.7%)
Prior MI 191 (13.9%)
Prior CABG 124 (9.0%)
HAS-BLED score, mean § SD 1.6§ 0.8
CHA2DS2-VA score, mean § SD 4.5§ 1.3
STS risk score, mean § SD 4.9§ 3.8
AC therapy prior to randomization 1,075 (78.1%)
TAVR devices
Balloon-expandable valve 631 (45.8%)
Self-expandable valve 449 (32.6%)
Other 297 (21.6%)

History of labile INR 108 (7.8%)
Treatment group
Edoxaban arm 693 (50.3%)
VKA arm 684 (49.7%)

Edoxaban baseline dose
30 mg 320 (23.2%)
60 mg 370 (26.9%)

Data are presented as n (%) unless otherwise noted. Treatment arm
is the actual treatment arm received which, in the safety analysis
set, differs to the randomized treatment arm in 1 patient who was
randomized to VKA but received edoxaban.

a Mitral valve disease is classified based on the investigator
response to the question, “Mitral valve disease is present,” on the
baseline STS questionnaire. If mitral valve disease is present, mod-
erate and severe disease is indicated in response to evidence of
mitral valve insufficiency/regurgitation on the baseline STS ques-
tionnaire.
bPatients who had an indication for dose reduction at randomiza-
tion met at least 1 of the following parameters: CrCl ≤50 mL/min,
body weight ≤60 kg, or PGP-inhibitor use.
AC = anticoagulant; AF = atrial fibrillation; BMI = body mass index;
CHA2DS2-VA = Congestive heart failure, Hypertension, Age
≥75 years (doubled), Diabetes mellitus, Stroke (doubled), Vascular
disease, Age 65-74 years; CABG = coronary artery bypass graft;
CrCl = creatinine clearance; COPD = chronic obstructive pulmonary
disease; HAS-BLED =Hypertension, Abnormal renal/liver function,
Stroke, Bleeding history or predisposition, Labile international
normalized ratio, Elderly, Drugs/alcohol concomitantly;
INR = international normalized ratio; MB =major bleeding;
MI =myocardial infarction; NYHA =New York Heart Association;
PCI = percutaneous coronary intervention; SD = standard devia-
tion; STS = Society of Thoracic Surgeons; TAVR = transcatheter aor-
tic valve replacement; TIA = transient ischemic attack;
VKA = vitamin K antagonist.
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prediction for IS were patient history of stroke and of heart failure
(Supplementary Figure 2).

Major gastrointestinal bleeding

MGIB occurred in 83 (6.0%) patients. The logistic-lasso algorithm
(Supplementary Table 2) achieved the highest F1 score (0.11), closely
followed by HAS-BLED (F1 score = 0.12) and CHA₂DS₂-VA (F1
score = 0.09). The treatment arm (edoxaban) emerged as the most
influential variable affecting MGIB predictions, as evidenced by hav-
ing the highest SHAP value (Supplementary Figure 3).

Net adverse clinical events

NACE occurred in 255 (18.5%) patients. Logistic regression (Sup-
plementary Table 2) was the top-performing ML model, achieving an
F1 score of 0.33, numerically outperforming CHA₂DS₂-VA (F1
score = 0.22) and HAS-BLED (F1 score = 0.27). Treatment arm (edoxa-
ban) and sex were identified as the most influential variables in pre-
dicting NACE outcomes (Supplementary Figure 4).

Comparison of predictors: machine learning models versus traditional
risk scores

Overlap and divergence of risk factors identified by ML models
versus traditional scores (HAS-BLED and CHA₂DS₂-VA) for bleeding
and IS are illustrated in Figures 2A and 2B. ML models identified clini-
cal and TAVR procedure specific predictors, such as valve type or
mean aortic valve gradient, with only a few shared variables with tra-
ditional scores. For NACE, specific ML-derived risk factors are pre-
sented in Figure 2C, overlaid with those for bleeding and IS. AF was a
common predictor across all 3 outcomes, and having no history of
heart failure was shared by IS and MGIB, whereas some clinical and
procedural characteristics (e.g., hypertension, Evolut valve type,
edoxaban treatment assignment) were specific for NACE.

Discussion

In this analysis of data from the ENVISAGE-TAVI AF trial, we
developed and evaluated MLmodels to predict IS, bleeding outcomes,
and NACE among TAVR patients with AF. Our derived ML models
demonstrated similar or modestly improved predictive performance
compared to traditional risk scores and identified potential clinical
and procedural predictors not captured by these tools.

Both ML algorithms and conventional risk scores underperformed
for IS prediction, likely due to low event rates. All patients in the trial
were on anticoagulation, which reduced their risk of thromboembolic
events. Indeed, the conventional scoring systems are primarily
intended to stratify stroke and bleeding risk before initiating anticoa-
gulation.3 Once patients are on therapy, the observed stroke rates are
typically below those of untreated cohorts,14 leading to an overesti-
mation of stroke risk and poor score calibration. Prior studies in anti-
coagulated AF populations reported only modest discrimination for
stroke using ML prediction models and the CHA₂DS₂-VASc and HAS-
BLED scores.15 Similarly, in TAVR patients, the CHA₂DS₂-VASc score
was shown to have a strong correlation with in-hospital stroke but
with low accuracy.16

Consistent with prior studies, both ML algorithms and conven-
tional risk scores have demonstrated only a modest ability to predict
bleeding in anticoagulated TAVR patients. The HAS-BLED score, origi-
nally developed for bleeding risk assessment in AF, has shown mod-
erate discrimination for severe bleeding (defined as life-threatening
and major bleeding according to the Valve Academic Research Con-
sortium-2 criteria) in the TAVR population (area under the curve
[AUC] 0.71).17 Recent studies have identified the limitations of



Figure 1. Performance of ML models versus CHA₂DS₂-VA and HAS-BLED in predicting clinically relevant bleeding, ischemic stroke, MGIB, and NACE in patients with AF after TAVR.
AF = atrial fibrillation; CHA2DS2-VA = Congestive heart failure, Hypertension, age ≥75 (doubled), Diabetes, Stroke (doubled), Vascular disease, Age 65 to 74 years; HAS-BLED =Hyper-
tension, Abnormal renal/liver function, Stroke, Bleeding history or disposition, Labile international normalized ratio, Elderly, Drugs/alcohol concomitantly; MGIB =major gastroin-
testinal bleeding; ML =machine learning; NACE = net adverse clinical events; TAVR = transcatheter aortic valve replacement.

Figure 2. Overlap of risk factors identified by ML models and traditional scores (HAS-BLED, CHA₂DS₂-VA) for post-TAVR bleeding (A) and ischemic stroke (B); overlap and distinction of ML
−identified risk factors for NACE, MGIB, and ischemic stroke in patients with AF following TAVR (C).Factors with the highest average SHAP values (top 10) for each outcome are reported. The
HAS-BLED score aswell as the constituents of the CHA2DS2-VA scorewere used as input features for theMLmodels. When comparing SHAP values from differentMLmodels, some of themod-
els were linear and some were non-linear. aNo history of previous valve replacement before index procedure. bDevice companies are Boston/Symetis, Edwards, Medtronic, Meril Lifesciences,
NVT, and St. Jude. AC= anticoagulant; AF= atrial fibrillation; BL = baseline; CHA2DS2-VA=Congestive heart failure, Hypertension, Age ≥75 years (doubled), Diabetes, Stroke (doubled), Vascular
disease, Age 65 to 74 years; HAS-BLED=Hypertension, Abnormal renal/liver function, Stroke, Bleeding history or predisposition, Labile international normalized ratio, Elderly, Drugs/alcohol con-
comitantly; HF=heart failure; INR = international normalized ratio; LV= left ventricle; MB=major bleeding; MGIB =major gastrointestinal bleeding; MI =myocardial infarction; ML=machine
learning; NACE=net adverse clinical events; PAD=peripheral artery disease; PCI = percutaneous coronary intervention; SEE = systemic embolic event; SHAP= SHapley Additive exPlanations;
TAVR= transcatheter aortic valve replacement; TIA = transient ischemic attack.
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traditional bleeding risk scores such as HAS-BLED in TAVR cohorts,
which has led to the development of more specific models that incor-
porate variables relevant to TAVR patients.18 PREDICT-TAVR is a prac-
tical 6-item bleeding risk stratification tool developed using ML and
multivariate regression, which assessed over 100 clinical variables in
5,185 TAVR patients from a prospective multicenter registry.18 The
model was then validated in another prospective multicenter registry
of 5,043 TAVR patients; external validation produced a 30-day AUC of
0.78.18 While PREDICT-TAVR was not developed specifically for
patients with AF after TAVR, use of oral anticoagulation is included as
1 of the 6 items conferring increased risk of bleeding at 30 days post-
TAVR. It was not possible to compare the predictive ability of our ML
model for NACE to a traditional clinical risk score evaluating a similar
outcome, as currently no such score combines both thrombotic and
bleeding risks into a single predictive metric. Our ML model for NACE
effectively integrated these distinct risk factors and helped to identify
high-risk patients who might otherwise be overlooked when throm-
botic and bleeding risks are assessed separately.

Although ML models did not consistently outperform traditional
risk scores, they provided additional insights by identifying a broad
range of clinically and procedurally relevant variables associated
with IS and bleeding after TAVR. A potential concern in translating
ML-based risk tools into practice is whether the variables used for
model development are routinely available in real-world settings.
Importantly, all 180 candidate variables in our analysis were standard
demographic, clinical, laboratory, and procedural parameters com-
monly collected at TAVR centers. Thus, our models did not depend on
novel or nonroutinely measured factors but rather leveraged existing
data that could be feasibly integrated into electronic health record
−based risk-prediction systems. Indeed, the ML models identified
variables beyond those captured by traditional scores, particularly
anatomical and procedurerelated characteristics (e.g., valve type, aor-
tic valve gradient, and valve size). In contrast, traditional risk scores
predominantly reflect well-established risk factors that are important
but not specific to patients undergoing TAVR. Therefore, ML models
could refine risk prediction and potentially guide tailored manage-
ment decisions after TAVR beyond what conventional scores provide.
Central Illus
Putting it all into perspective, our findings indicate that the pres-
ent ML models offer rather marginal improvement in predictive per-
formance compared to conventional risk scores for TAVR patients
with AF, especially for stroke risk where event rates are low. All
patients in the current study were anticoagulated, which likely miti-
gated stroke occurrence and contributed to the limited predictive
power of both ML and traditional scores. Nevertheless, further refin-
ing of this type of methodology may pave the way for future discov-
eries. The ML approach provided additional insights by incorporating
TAVR-specific anatomical and procedural factors beyond those cap-
tured in standard risk scores, highlighting its potential to refine risk
stratification. These models could complement existing risk scores in
clinical practice to better identify high-risk patients for tailored post-
TAVR management; a cautious interpretation is warranted given
their modest incremental benefit and the need for further validation.
Future research should focus on enhancing and externally validating
these ML models in larger, diverse cohorts, as well as developing
integrated risk-prediction tools (e.g., combining thrombotic and
bleeding risk) to guide therapy. By pragmatically integrating ML algo-
rithms with clinical judgment and electronic health records, we can
aim to improve risk assessment and outcomes for TAVR patients with
AF in the coming years.

This study has several important limitations. First, it is a retro-
spective analysis of a randomized trial. Despite the high quality of
the data used for this analysis, the findings may not be generalizable
to all patient populations due to the strict inclusion and exclusion cri-
teria. Second, although we used nested cross-validation and a hold-
out test set for internal validation, we did not have an independent
external validation cohort. Since all model fitting and internal valida-
tion were performed within a single dataset, discrimination and cali-
bration indices may be biased due to study-specific variable
definitions. External validation in independent cohorts is necessary.
Third, our ML models were built using the variables collected in the
ENVISAGE-TAVI AF trial; other important and clinically relevant pro-
cedural variables might not be captured. Fourth, the overall event
rates for certain outcomes, particularly IS, were relatively low, which
limited the potential of any predictive model and may explain why IS
tration
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predictions were modest. Fifth, we compared our ML models to the
CHA₂DS₂-VA and HAS-BLED scores as these are well-established and
commonly used tools in clinical practice. However, other risk scores
are available in the literature and may also be considered in future
analyses. Lastly, it is important to note that although the SHAP
method identifies potential predictors for a given model and a data-
set, it does not inherently establish causal relationships and may be
prone to spurious correlations as observed in our data. Consequently,
any newly identified features should be subjected to rigorous medical
scrutiny and thorough investigation before any assumptions of cau-
sality are made.

Conclusions

Among TAVR patients with AF enrolled in the ENVISAGE-TAVI AF
trial, ML models demonstrated similar risk prediction for both throm-
botic and bleeding outcomes compared with conventional risk scores.
A ML model also effectively predicted NACE, highlighting the capacity
to capture overall risk balance in this high-risk patient population.
Additional studies are needed for model training and external valida-
tion on larger datasets.

Clinical Perspectives

This analysis of the ENVISAGE-TAVI AF trial demonstrates that ML
algorithms provide event-risk estimates after TAVR that are compa-
rable to the CHA₂DS₂-VA and HAS-BLED scores. However, the predic-
tive performance for ischemic stroke, major gastrointestinal
bleeding, clinically relevant bleeding, and net adverse clinical events
remains modest across all methods. Using 155 clinical and procedural
variables, the ML models suggest procedure specific factors, such as
valve type and aortic-valve gradient, that are not otherwise captured
by conventional scores, which consider far fewer variables. Conse-
quently, this enables a more nuanced approach to pre-TAVR planning
and post-TAVR management. Given the low event rates and single-
trial dataset, broader development and external validation are crucial
before ML-based tools can be incorporated into routine practice.
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