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Abstract: Background: Transcatheter aortic-valve replacement (TAVR) has emerged as the preferred treatment for patients with
aortic-valve stenosis (AS). However, risk assessment tools tailored to this patient group remain insufficient. Aims: We aimed to
develop a machine-learning-based model for predicting thirty-day mortality risk in TAVR patients, using a national cohort from
China. Methods: This multicenter, registry-based study (NTCVR) included 10,799 patients undergoing TAVR at 147 Chinese
tertiary hospitals (November 2011 - August 2024). Patients were split into three sets: training (60%), internal validation (20%),
and external validation (20%, two separate provinces). Oversampling addressed class imbalance (30-day mortality rate: 2.9%).
Extensive feature selection and model development employed 15 feature subsets and 15 ML learners, generating 1,125 candidate
models. SHapley Additive exPlanations (SHAP) analysis was used to further assess the influence of selected predictors and
machine-learning models. Results: The optimal model combined Double Input Symmetrical Relevance (DISR) feature selection
with a Support Vector Machine (SVM) learner. The Area Under the ROC Curve (AUC) of the optimal machine learning model
was significantly higher than that of the Society of Thoracic Surgeons (STS) score in both the internal validation cohort [0.74
(0.67, 0.81) vs. 0.60 (0.53, 0.67), p < 0.05] and the external validation cohort [0.69 (0.62, 0.76) vs. 0.57 (0.51, 0.63), p < 0.05].
SHapley Additive exPlanations (SHAP) analysis of the variables included in the optimal model highlighted the contributions to
mortality prediction of baseline alanine aminotransferase, creatinine, NYHA class, need for circulatory support, and non-elective
procedure status. Conclusions: A simple and effective machine-learning-based model was developed for predicting thirty-day
mortality in TAVR patients, offering a valuable tool for risk stratification in China.
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1 Introduction

With increasing life expectancy and the onset of an aging society, the incidence of aortic stenosis (AS)
continues to rise.(Iung and Vahanian, 2012; Osnabrugge et al., 2013; Xu et al., 2022) In recent years,
transcatheter aortic-valve replacement (TAVR) has emerged as a primary treatment for these patients.(Otto et
al., 2021; Vahanian et al., 2022) Since 2019, TAVR has surpassed surgical aortic-valve replacement in volume,
becoming the predominant therapy for calcific AS. (Carroll et al., 2020; Structural Heart Disease Group of
Chinese College of Cardiovascular Physician, 2024)

Despite significant reductions in procedural complications due to advances in TAVR techniques and
iterative device improvements, short-term adverse events remain a key concern as TAVR indications expand
to include younger and lower-risk patients. (Arnold et al., 2024) Accurate preoperative risk stratification is
essential for prognostic evaluation of TAVR candidates. However, current risk-assessment tools, such as the
widely used Society of Thoracic Surgeons (STS) score, are not specifically tailored for TAVR and tend to
overestimate thirty-day mortality post-TAVR due to their Surgical Aortic Valve Replacement (SAVR) -based
nature.(Beohar et al., 2014; Kumar et al., 2018) Furthermore, mainstream risk models, including STS and the
European System for Cardiac Operative Risk Evaluation (EuroSCORE), were primarily developed using
Western populations, which raises concerns about their direct applicability in predicting mortality in Chinese
TAVR patients.(O'brien et al., 2009; Nashef et al., 2012; Jilaihawi et al., 2015; Chen et al., 2023) Thus, the
development of population-specific predictive models for prognostic evaluation in Chinese cohorts is crucial.

Machine learning, a subset of artificial intelligence, offers distinct advantages in analyzing complex
relationships between multiple features and disease outcomes, and is used for a growing number of
applications in medical diagnosis and outcome prediction.(Deo, 2015; Cai et al., 2024) However, there is
limited data on using machine-learning techniques to enhance the predictive power of statistical models for
TAVR outcomes. Consequently, our goal in this study was to develop and validate machine-learning models
for predicting thirty-day mortality following TAVR.

2 Methods

2.1 Study Design

This was a multicenter and retrospective cohort study that included data from 147 hospitals across China,
spanning a period from November 2011 to August 2024. The study adheres to the Transparent Reporting of a
Multivariable Prediction Model for Individual Prognosis or Diagnosis + Artificial Intelligence (TRIPOD + AI)
guidelines(Collins et al., 2024).
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Fig. 1 Flow Diagram of Sample Selection and Split. In the China-NCTVR cohort, 13,156 patients who underwent
TAVR from Feb 2017 to Nov 2022 were initially selected. After excluding 2,357 patients without complete outcome data
during follow-up, 10,799 patients were included in the final analysis. Patients from two randomly selected provinces were
assigned to the external validation set (2,160 patients, approximately 20%), while those from the remaining 32 provinces
were divided into a training set (6,479 patients, approximately 60%) and internal validation set (2,160 patients,
approximately 20%). NCTVR, The National Transcatheter Valve Therapeutics Registry.

2.2 Data Source and Patient Population

The National Transcatheter Valve Therapeutics Registry (NTCVR), the largest database of TAVR
procedures performed in China, was co-initiated by the Chinese Cardiovascular Association (CCA) and the
National Clinical Research Center for Interventional Medicine.(Hong et al., 2022) All patients in this cohort
were aged 65 or older and primarily underwent TAVR due to severe AS or aortic regurgitation. A total of
10,799 patients were included in the development of the prediction model after excluding those lacking
complete 1-month follow-up data (n = 2,357) (Fig. 1). Clinical data were obtained from the electronic
medical-record system.

2.3 Outcomes and Predictors

Thirty-day mortality post-TAVR was defined as the primary outcome, with Approximately 40
preoperative predictors selected from the NTCVR database (Table S1). These variables included patient
demographics, clinical features, comorbidities, lab-test results, and imaging characteristics (e.g., CT,
echocardiogram). Intraoperative and postoperative variables were excluded to focus on predicting endpoint
events based solely on preoperative data.

2.4 Data Preprocessing

The initial step in the data-preprocessing phase was excluding obvious outliers, which were considered
data-entry errors; followed by refinement using the 3-sigma rule. Special attention was given to resolving
issues arising from discrepancies in measurement units across hospitals and conducting internal consistency
checks among interrelated clinical indicators. Of the 40 variables, the majority exhibited missing values in
fewer than 5% of the total sample. However, certain variables such as coronary height, STS score, and
calcification severity displayed higher missing rates, likely due to these parameters not being mandatorily
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assessed during preoperative evaluations at participating centers. We handled missing baseline data using
multiple imputation with chained equations under the missing-at-random assumption, generating five imputed
datasets with five iterations(Sterne et al., 2009). Imputation was performed on the full dataset before dataset
partitioning. After imputation, the completed dataset was divided based on provinces. We randomly selected
two provinces as the external validation cohort, and split the remaining data into training and internal
validation sets. The final proportions for the training set, internal validation set, and external validation set
were approximately 6:2:2. To address class imbalance in the endpoint events, we applied oversampling using
the Synthetic Minority Oversampling Technique (SMOTE) only to the training set after dataset splitting. The
internal and external validation sets retained their original class distributions and were not subjected to any
resampling procedures.

2.5 Statistical Analysis

Five feature-selection methods were utilized to assess the importance of variables in predicting outcomes:
Random Forest (RF), eXtreme Gradient Boosting (XGBoost), Lasso, Anova t-score, and Double Input
Symmetrical Relevance (DISR). The top 15 variables were selected based on their significance in the feature
ranking. Fifteen machine-learning algorithms were then applied, including Generalized Linear Model, RF,
XGBoost, Iterative Dichotomiser 3, Classification and Regression Trees, C4.5 Algorithm, C5.0 Algorithm,
Conditional Inference Trees, Interactive Dichotomizer Algorithm, K-Nearest Neighbors, Backpropagation,
Least Absolute Shrinkage and Selection Operator, Multi-Layer Perceptron, Gradient Boosting Machine, and
Decision Tree. The models were trained on the training dataset, with hyperparameters optimized through
cross-validation using grid search. We assessed model performance on the internal validation set using
standard metrics such as accuracy, area under the curve, sensitivity, specificity, and accuracy. The final
selected model was compared to the traditional STS score. To explain the model’s predictions, we used
SHapley Additive exPlanations (SHAP) values to evaluate the contribution of individual variables to the risk
prediction (Fig. S1). All machine-learning algorithms, statistical analyses, and figures were implemented
using R software, version 4.2.1. The full code is available upon reasonable request.

3 Results

3.1 Cohort characteristics

A total of 10,799 TAVR patients were included in the final analysis. The mean age was 75.03 years, with
6,429 males (59.5%) in the cohort. Thirty-day mortality occurred in 308 patients (2.9%). The median LVEF
was 58.0%, and valve calcification was observed in 7,839 cases (78.2%). Circulatory support was planned and
utilized in 309 patients (2.9%). Baseline characteristics are detailed in Table 1.
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Table 1 Baseline characteristics of patients undergoing TAVR stratified by datasets
Variables Overall

(n=10799)
Training dataset

(n=7906)
Internal validation

(n=1977)
External validation

(n=916)
Age (mean (SD)) 75·03 (6·23) 74·83 (6·12) 75·20 (6·41) 76·48 (6·48)
Gender (%) 6429 (59·5) 4695 (59·4) 1218 (61·6) 516 (56·3)
BMI (median [IQR]) 22·78 [20·58, 25·01] 22·83 [20·69, 25·00] 22·67 [20·52, 25·03] 22·72 [20·45, 25·08]
Symptoms (%) 9929 (92·0) 7303 (92·4) 1820 (92·2) 806 (88·0)
Dyslipidemia (%) 1774 (16·4) 1289 (16·3) 331 (16·8) 154 (16·8)
Hypertension (%) 5800 (53·7) 4192 (53·0) 1057 (53·5) 551 (60·2)
Diabetes (%) 1992 (18·4) 1436 (18·2) 396 (20·1) 160 (17·5)
AV block (%) 673 (6·2) 474 (6·0) 121 (6·1) 78 (8·5)
Hemoglobin (mean (SD)) 122·81 (19·94) 123·03 (19·70) 122·39 (21·13) 121·84 (19·28)
Creatinine (median [IQR]) 0·90 [0·75, 1·13] 0·90 [0·75, 1·12] 0·90 [0·75, 1·14] 0·90 [0·74, 1·12]
ALT (median [IQR]) 18·00 [12·00, 27·00] 18·00 [12·00, 27·30] 17·00 [12·00, 27·00] 18·00 [13·00, 26·00]
NYHA class (%)

I 468 (4·3) 358 (4·5) 78 (3·9) 32 (3·5)
II 3112 (28·8) 2344 (29·6) 590 (29·9) 178 (19·4)
III 5553 (51·4) 3960 (50·1) 1000 (50·6) 593 (64·7)
IV 1664 (15·4) 1244 (15·7) 307 (15·5) 113 (12·3)

STS (median [IQR]) 4·73 [2·88, 7·00] 4·78 [2·95, 7·00] 5·00 [3·00, 7·35] 4·00 [2·36, 6·24]
Reasons for TAVR (%)
Aortic Stenosis 9340 (86·5) 6878 (87·0) 1717 (86·9) 745 (81·4)
Pure Aortic Regurgitation 1340 (12·4) 945 (12·0) 238 (12·1) 157 (17·2)
Surgical aortic valve
reintervention 96 (0·9) 70 (0·9) 16 (0·8) 10 (1·1)

TAVR valve reintervention 19 (0·2) 12 (0·2) 4 (0·2) 3 (0·3)
Annulus perimeter (mean (SD)) 77·76 (8·56) 77·75 (8·52) 77·72 (8·85) 77·98 (8·26)
Annulus area (mean (SD)) 469·61 (105·51) 469·67 (105·27) 470·34 (108·25) 467·45 (101·47)
Ascend aorta (mean (SD)) 37·31 (5·52) 37·33 (5·46) 37·22 (5·62) 37·38 (5·86)
Left coronary height (mean (SD)) 13·89 (3·67) 13·85 (3·71) 14·03 (3·67) 13·86 (3·24)
Right coronary height (mean (SD)) 16·19 (3·73) 16·21 (3·74) 16·24 (3·76) 15·89 (3·57)
Aortic angulation (mean (SD)) 52·06 (11·01) 52·02 (10·98) 51·72 (11·13) 53·75 (10·92)
Valve calcification (%) 7839 (78·2) 5776 (78·4) 1456 (79·0) 607 (74·5)
Valve calcification level (%)

Degree0 1137 (18·6) 845 (18·7) 186 (16·9) 106 (22·0)
Degree1 1529 (25·0) 1151 (25·4) 290 (26·4) 88 (18·3)
Degree2 1372 (22·5) 1046 (23·1) 256 (23·3) 70 (14·5)
Degree3 1605 (26·3) 1188 (26·3) 289 (26·3) 128 (26·6)
Degree4 462 (7·6) 294 (6·5) 78 (7·1) 90 (18·7)

Annulus calcification (%) 2453 (40·2) 1806 (39·9) 435 (39·6) 212 (44·0)
LVOT calcification (%) 916 (15·0) 664 (14·7) 159 (14·5) 93 (19·3)
LVIDd (mean (SD)) 52·36 (9·50) 52·46 (9·59) 52·24 (9·44) 51·71 (8·80)
LVPWd (median [IQR]) 12·00 [10·00, 13·00] 12·00 [10·00, 13·00] 12·00 [10·00, 13·00] 11·00 [10·00, 13·00]
IVSd (mean (SD)) 12·53 (2·31) 12·55 (2·31) 12·53 (2·24) 12·39 (2·41)
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LVEF (median [IQR]) 58·00 [47·40, 64·40] 58·00 [47·00, 64·00] 58·00 [47·00, 64·00] 60·00 [50·60, 65·00]
AR (%) 9055 (83·9) 6633 (83·9) 1640 (83·0) 782 (85·4)
AR level (%)

None/Trace 899 (9·9) 610 (9·2) 143 (8·7) 146 (18·7)
Mild 3154 (34·8) 2348 (35·4) 571 (34·8) 235 (30·1)
Moderate 2424 (26·8) 1787 (26·9) 462 (28·2) 175 (22·4)
Severe 2577 (28·5) 1887 (28·5) 464 (28·3) 226 (28·9)

MR level (%)
None/Trace 1241(14·1) 825(12·9) 229(14·1) 187(24·4)
Mild 4461(50·8) 3260(51·0) 849(52·3) 352(46·0)
Moderate 2134(24·3) 1598(25·0) 367(22·6) 169(22·1)
Moderate-to-Severe 465(5·3) 352(5·5) 85(5·2) 28(3·7)
Severe 484(5·5) 362(5·7) 93(5·7) 29(3·8)

AV Velocity (median [IQR]) 4·40 [3·77, 5·00] 4·42 [3·79, 5·02] 4·44 [3·88, 5·00] 4·30 [3·30, 4·91]
AV Gradient (median [IQR]) 48·00 [34·00, 65·00] 48·00 [34·00, 65·00] 48·40 [35·00, 64·00] 46·00 [28·25, 63·75]
PASP (median [IQR]) 33·00[25·00,44·00] 32·00[24·00,44·00] 33·00[25·00,44·00] 35·00[30·00,45·00]
TAVR urgency (Selective TAVR)
(%) 10642(98·6) 7785(98·5) 1955(98·9) 902(98·8)

TR level (%)
None/Trace 1667(21·5) 1110(19·7) 301(20·9) 256(37·6)
Mild 4384(56·6) 3268(58·0) 832(57·8) 284(41·8)
Moderate 1296(16·7) 964(17·1) 221(15·4) 111(16·3)
Moderate-to-Severe 404(5·2) 290(5·1) 85(5·9) 29(4·3)
Severe 1(0·0) 1(0·0) 0(0·0) 0(0·0)

Access (%)
Other access 38(0·4) 25(0·3) 5(0·3) 8(0·9)
TAo 8(0·1) 5(0·1) 2(0·1) 1(0·1)
Trans-subclavian 14(0·1) 11(0·1) 1(0·1) 2(0·2)
Trans-apical 747(6·9) 543(6·9) 130(6·6) 74(8·1)
Trans-carotid 107(1·0) 76(1·0) 17(0·9) 14(1·5)
Trans-femoral 9876(91·5) 7241(91·6) 1821(92·2) 814(89·2)

Circulatory support (%) 309(2·9) 239(3·0) 59(3·0) 11(1·2)
BNPratio (median [IQR]) 3·27[1·00,9·65] 3·37[1·02,9·82] 3·43[1·03,10·00] 2·35[0·82,7·41]

Data were presented as number (percentage) or mean (interquartile range). Comparisons were performed using the Mann-Whitney U test or the
Chi-square test. Abbreviation: BMI, body mass index; AV block, atrioventricular block; ALT, alanine aminotransferase; NYHA Class: New York
heart association functiol classification; , not applicable; STS: Society of Thoracic Surgeons; LVOT, left ventricular outflow tract; LVIDd, left
ventricular interl diameter at end-diastole; LVPWD, left ventricular posterior wall diameter; IVSd, interventricular septal diameter; LVEF, left
ventricular ejection fraction; AR, aortic regurgitation; MR, mitral regurgitation; TR, tricuspid regurgitation; PASP, pulmory artery systolic
pressure; BNP: b-type triuretic peptide.

3.2 Feature Selection

We performed feature selection and evaluation of multiple algorithms, ranking all variables according to
their importance. The top 15 features identified by each algorithm were selected for further classifier
modeling. (The results in each panel were generated by applying different algorithms: Double Input
Symmetrical Relevance (DISR) (a), ANOVA-T-SCORE (b), LASSO (c), Random Forest (d), and XGBOOST
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(e)). Circulatory support emerged as the most important variable in both DISR and Anova t-score (Figs. 2a
and 2b), while NT-pro BNP ranked first in RF and XGBoost (Figs. 2d and 2e). Additionally, variables such as
renal function and height of coronary artery openings consistently ranked among the most important across all
algorithms (Fig. 2).

Fig. 2 Feature Selection. Bar plots representing assessment of variable importance with 5 separate machine-learning
algorithms, including a total of 35 variables. Blue bars indicate the top 15 most important features, while gray bars
represent the remaining variables. Panel a was obtained by the DISR algorithm and indicates that the top 15 features are
circulatory support, creatinine, TAVR urgency, ALT, NYHA class, AV block, left coronary height, LVEF, IVSd, BMI,
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aortic angulation, LVIDd, hemoglobin, ascend aorta, and PASP. Panel b was obtained by the ANOVA-T-SCORE
algorithm, Panel c by the LASSO algorithm, Panel d by the Random Forest algorithm and Panel e by the XGBOOST
algorithm. The acronyms used are defined in the Table S2.

3.3 Model Development

Each feature-selection algorithm was combined with 15 different classifier algorithms, followed by an
optimization process to identify the most appropriate number of features for each combination. The top 100
models, ranked by Area Under the ROC Curve (AUC), were retained and are displayed in Fig. 3a and Table
S2. Among these, DISR + Support Vector Machine (SVM) model emerged as the top performer. Further
refinement involved plotting the AUC variations of DISR with different classifiers across various feature
subsets (Fig. 3b). Additional experiments with SVM as the constant classifier confirmed that DISR was the
most effective feature-selection method for this algorithm (Fig. 3c). The final optimized model was DISR +
SVM with five features, and a comprehensive evaluation of this model is provided in Figs. 3d and 3e and
Table S3.
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Fig. 3 Model performance. Each feature-selection algorithm was combined with 15 different classifier algorithms, and
an optimization process was conducted to determine the most appropriate number of features for each combination. The
top 100 models, ranked according to AUC, are shown in panel a. Pigure b shows AUC values for different feature
numbers in DISR selection, using 15 classifier algorithms. The best AUC value resulted from the DISR+SVM algorithm,
with five feature numbers. Panel c shows the AUC values of different numbers for five selection algorithms, using SVM
classifier algorithms. When the SVM classifier was fixed, the results confirmed that DISR was the optimal
feature-selection method in combination with SVM. Panel d shows a comprehensive evaluation of the final model
combination, detailing its AUC, accuracy, sensitivity, and specificity across different feature sets. Panel e shows the ROC
curves for the DISR+SVM models with five, six, and seven features. AUC - area under the curve; DISR - Double Input
Symmetrical Relevance; SVM - Support Vector Machine; glm - General Language Model; lda - Latent Dirichlet
Allocation; lasso - Least Absolute Shrinkage and Selection Operator; BP - Backpropagation; C4.5, C5.0, and ID3 are
types of decision tree algorithms;; CART -Classification and Regression Tree; ctree - Conditional Inference Tree; dtree -
Decision Tree; gbm - Gradient Boosting Machine; mlp - Multilayer Perceptron; xg - Extreme Gradient Boosting.
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3.4 Model Performance

The machine-learning model achieved an AUC of 0.74 (0.67, 0.81), outperforming the STS score, which
had an AUC of 0.60 (0.53, 0.67) in internal validation (p = 0.004) (Fig. 4a). The machine-learning model also
demonstrated superior accuracy, with a classification accuracy of 79%, compared to 77% for the STS score in
the internal validation process. In external validation, the machine-learning model achieved an AUC of 0.69
(0.62, 0.76) and an accuracy of 83%, while the STS score showed an AUC of 0.57 (0.51, 0.63) (Fig. 4b) and
an accuracy of 77%. Furthermore, the sensitivity and specificity of the machine-learning model were higher
than those of the STS score in both internal and external validation (Internal validation: [0.80, 0.61] vs. [0.78,
0.30]; External validation: [0.84, 0.45] vs. [0.80, 0.28]). Additionally, the machine-learning model exhibited
superior continuous Net Reclassification Improvement (NRI) and Integrated Discrimination Improvement
(IDI) over the STS score, with values of [0.66 (0.42, 0.90), 0.12 (0.08, 0.16)] in internal validation, and [0.70
(0.45, 0.94), 0.09 (0.05, 0.13)] in external validation (Table 2). The calibration plot for the machine-learning
model is shown in Fig. S2. The first plot (on the left) corresponds to the internal validation set, and the second
plot (on the right) corresponds to the external validation set. In addition to the visual assessment, we
calculated quantitative calibration metrics. For the internal validation set, the calibration intercept was -3.3661,
the calibration slope was 1.3877, and the Brier score was 0.1931. For the external validation set, the
calibration intercept was -3.3699, the calibration slope was 1.034, and the Brier score was 0.1969, indicating
agreement between predicted and observed outcomes. Decision-curve analysis further indicated that the
machine-learning model significantly enhanced clinical decision-making (Fig. S3). A sensitivity analysis was
conducted for both the machine-learning model and the STS score, including only cases with no missing data.
Results indicated that the machine-learning model maintained strong performance in this subgroup (Table S4,
Fig. S4).

Fig. 4 Performance Comparison between the Machine-Learning Model and STS Score in Dataset and Validation
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Dataset.

Table 2 Performance evaluation of the final model in the internal validation set and external
validation sets

Model Index
Internal Validation External Validation

ML-model STS-score ML-model STS-score
AUC 0·74(0·67,0·81) 0·60(0·53,0·67) 0·69(0·62,0·76) 0·57(0·51,0·63)
Sensitivity 0·84(0·83,0·86) 0·78(0·77,0·80) 0·84(0·83,0·84) 0·79(0·77,0·81)
Specificity 0·55(0·43,0·67) 0·30(0·19,0·41) 0·45(0·33,0·57) 0·28(0·17,0·39)
Accuracy 0·83(0·82,0·85) 0·77(0·75,0·79) 0·83(0·81,0·85) 0·77(0·76,0·79)
Positive likelihood ratio 2·20(1·73,2·96) 1·39(1·20,1·65) 1·77(1·45,2·26) 1·34(1·17,1·61)
Negative likelihood ratio 0·29(0·23,0·38) 0·72(0·51,1·15) 0·35(0·27,0·48) 0·76(0·53,1·23)
Positive prediction 0·98(0·98,0·99) 0·97(0·96,0·98) 0·98(0·97,0·98) 0·97(0·96,0·98)
Negative prediction 0·10(0·07,0·13) 0·04(0·03,0·06) 0·08(0·05,0·11) 0·04(0·02,0·06)
F1 Score 0·91(0·90·0·92) 0·87(0·86,0·88) 0·91(0·90,0·92) 0·87(0·86,0·88)
NRI(Categorical) 0·31(0·17-0·45) Ref. 0·22(0·06-0·39) Ref.
NRI(Continuous) 0·66(0·42-0·90) Ref. 0·70(0·45-0·94) Ref.
IDI 0·12(0·08-0·16) Ref. 0·09(0·05-0·13) Ref.

3.5 Interpretability

SHAP analysis identified baseline alanine aminotransferase (ALT), baseline creatinine, baseline NYHA
class, procedural circulatory support, and TAVR urgency as the most influential predictors of thirty-day
mortality (Fig. 5, Fig. S5).

Fig. 5 SHapley Additive ExPlanations (SHAP) Summary Plot of Variable Importance for the Prediction Model.
Predictive features are arranged based on their importance. Each dot represents one prediction result. SHAP values
indicate the distribution of the prediction among the features; a positive value contributes to treatment success, while a
negative value contributes to nonsuccess. SHAP analysis shows ALT, creatinine, NYHA class, circulatory support, and
TAVR urgency as the most influential predictors of 30-day mortality. ALT - alanine aminotransferase; NYHA Class -
New York Heart Hssociation Functional Classification.

4 Discussion

In this nationwide study, we developed a simple and effective machine-learning model for predicting
short-term mortality in TAVR patients. By integrating multiple algorithms and feature-interpretation
frameworks, we were able to create over 1,000 ML models for TAVR risk prediction. The final model not
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only delivers precise postoperative risk prediction but also identifies the key clinical parameters that influence
outcomes in this population. This advance addresses a significant gap in preoperative TAVR assessment tools,
providing clinicians with evidence-based, interpretable decision support that promotes the implementation of
precision medicine in the management of structural heart disease.

This study reveals that the 30-day mortality risk for Chinese TAVR patients is 2.9%, consistent with
recent reports from other national registries.(Arnold, et al., 2024; Rudolph et al., 2024) The current
peri-procedural risk limits the potential for TAVR in younger patients. Therefore, individualized preoperative
assessments and targeted screening for high-risk patients are essential. In the final model, baseline ALT levels,
creatinine levels, NYHA class, TAVR urgency, and circulatory support are identifiable as key risk factors for
thirty-day mortality. Circulatory support, in particular, reflects high intraoperative risk and serves as a
comprehensive indicator of the patient's overall condition. Evaluating liver and renal function before TAVR is
crucial, as postoperative recovery relies heavily on preserving multi-organ function.(Elbadawi et al., 2021;
Witberg et al., 2021; Kolte et al., 2022) Recent studies also indicate that multi-organ dysfunction
independently impacts outcomes.(Halavina et al., 2025) This finding underscores the importance of thorough
preoperative and perioperative evaluation and appropriate management strategies.

The optimal machine-learning model consists of the top five features selected via the DISR method,
modeled using an SVM classifier, which offers the best performance. In comparison to the traditional STS
score, this model gives competitive results. The STS score is commonly used to predict postoperative risk in
international TAVR patients.(Le Tourneau et al., 2010; Edwards et al., 2016; Arsalan et al., 2018) However, its
applicability to Chinese patients is limited due to differences in data sources for model fitting, which diverge
from those of the local patient population. This discrepancy introduces limitations when using the STS score
to evaluate postoperative mortality risk in TAVR patients in China.(O'brien, et al., 2009; Jilaihawi, et al., 2015;
Chen, et al., 2023) Other similar scoring systems have been utilized for TAVR risk assessment but still leave
room for improvement.(Capodanno et al., 2014; Iung et al., 2014; Martin et al., 2018; Lantelme et al., 2019)
Additionally, several studies have explored machine-learning algorithms to predict mortality risk in patients
undergoing TAVR and have reported reasonable predictive performance.(Hernandez-Suarez et al., 2019;
Gomes et al., 2021; Alhwiti et al., 2023; Leha et al., 2023) Our model demonstrates moderate discrimination,
with performance that is numerically higher than that reported in previous studies of short-term mortality
prediction after TAVR. Predicting early mortality in contemporary TAVR populations remains inherently
challenging because event rates are relatively low and outcomes are influenced by complex interactions
among patient comorbidities, anatomical characteristics, and procedural factors(Desai et al., 2021). In this
context, moderate discrimination is commonly observed and is generally considered acceptable for clinical
risk-prediction models. Importantly, the proposed model is intended to support risk stratification rather than
provide deterministic predictions for individual patients, thereby assisting clinical decision-making in
conjunction with comprehensive clinical evaluation. These findings suggest that the model may serve as a
useful tool for pre-procedural risk stratification of postoperative mortality in patients undergoing TAVR.

This model can assist clinicians in identifying high-risk TAVR patients, enabling more personalized and
effective management strategies. It also underscores the potential of machine learning to improve patient
outcomes in clinical practice. Future research should prioritize validating machine-learning models across
multi-ethnic cohorts and exploring their integration into real-world clinical workflows, such as registry-based
risk-assessment tools or electronic decision-support systems. Such approaches could support pre-procedural
risk stratification and multidisciplinary evaluation in patients undergoing TAVR. In addition, incorporating
multi-omics data (e.g., genomics and proteomics) into future models may further enhance predictive
performance.
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Despite these promising results, our study has several limitations. First, while the data were derived from
a multi-center cohort, and efforts were made to enroll all consecutive patients with aortic-valve disease,
potential bias may still have been introduced due to the hospital-based nature of the cohort, as well as to
patients who either refused consent or dropped out during follow-up. In addition, although SMOTE was
applied only to the training set, oversampling may still have influenced probability calibration by altering the
class distribution during model training. Therefore, further external validation is essential before
implementing the model in clinical settings. Future studies should also focus on prospective validation and
improving model performance by incorporating more diverse data, including multimodal data such as CT,
echocardiographic imaging, and even genetic information.

5 Conclusion

In this study, a machine learning-based model was developed to predict 30-day mortality in Chinese
TAVR patients. This model outperformed the traditional STS score and has promise as a valuable tool for
enhancing patient care.
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