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Abstract

Background: Currently, there is a paucity of literature addressing personalized risk stratification using multimodal data in
patients with symptomatic aortic stenosis (AS) and heart failure with preserved ejection fraction (HFpEF) following transcatheter
aortic valve replacement (TAVR).

Objective: To enhance the performance of risk assessment models in this patient population, we aimed to develop a predictive
model for adverse outcomes using various machine learning (ML) techniques.

Methods: This multicenter cohort study included 326 patients diagnosed with severe AS and HFpEF who underwent TAVR
between January 2017 and December 2023. Patients were allocated to training (n=195) and independent validation (n=131) sets
based on hospital affiliation. A dual-phase feature selection process, combining LASSO logistic regression and the Boruta
algorithm, was employed to identify relevant variables from the multimodal dataset. Five ML models—decision tree, K-nearest
neighbors, random forest, support vector machine, and extreme gradient boosting—were utilized to construct a visualization and
explainable predictive framework to elucidate model decision-making processes.

Results: The primary features identified included age, N-terminal pro-brain natriuretic peptide (NT-proBNP), fasting blood
glucose, triglyceride/high-density lipoprotein cholesterol (TG/HDL-C) ratio, triglyceride glucose (TyG) index, TyG-Body Mass
Index (BMI) Index, atherogenic index of plasma (AIP) index, and Apolipoprotein B. Among the five models, the support vector
machine demonstrated the best predictive performance for major adverse cardiovascular and cerebrovascular events (MACCEs)
in patients with severe AS and HFpEF following TAVR, achieving an area under the curve (AUC) of 0.783 (95% confidence
interval: 0.666-0.899) in the independent validation set. The model exhibited good calibration and robust predictive power in
both training and validation sets and demonstrated the highest net benefit in decision curve analysis compared to other models.
To extract significant variables influencing the algorithm and ensure model appropriateness, we interpreted cohort and
personalized model predictions using SHAP values.
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Conclusions: Our ML-based multimodal model, incorporating eight readily accessible predictors, demonstrated robust
predictive capability for incident MACCEs within one year. This model can be utilized to identify high-risk individuals with AS
and HFpEF following TAVR, potentially aiding in risk stratification and personalized treatment strategies. Clinical Trial: The
study has been registered with the China Clinical Trials Register (ChiCTR2300075597).
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using multimodal  data  in  patients  with  symptomatic  aortic  stenosis  (AS)  and heart  failure  with

preserved ejection fraction (HFpEF) following transcatheter aortic valve replacement (TAVR). To

enhance the performance of risk assessment models in this patient population, we aimed to develop a

predictive model for adverse outcomes using various machine learning (ML) techniques.

Methods: This multicenter cohort study included 326 patients diagnosed with severe AS and HFpEF

who underwent TAVR between January 2017 and December 2023. Patients were allocated to training

(n=195) and independent validation (n=131) sets based on hospital affiliation. A dual-phase feature

selection process, combining LASSO logistic regression and the Boruta algorithm, was employed to

identify relevant variables from the multimodal dataset. Five ML models-decision tree, K-nearest

neighbors, random forest, support vector machine, and extreme gradient boosting-were utilized to

construct a visualization and explainable predictive framework to elucidate model decision-making

processes.

Results: The primary features identified included age, N-terminal pro-brain natriuretic peptide (NT-

proBNP), fasting blood glucose, triglyceride/high-density lipoprotein cholesterol (TG/HDL-C) ratio,

triglyceride glucose (TyG) index, TyG-Body Mass Index (BMI) Index, atherogenic index of plasma

(AIP)  index,  and  Apolipoprotein  B.  Among  the  five  models,  the  support  vector  machine

demonstrated the best predictive performance for major adverse cardiovascular and cerebrovascular

events (MACCEs) in patients with severe AS and HFpEF following TAVR, achieving an area under

the curve (AUC) of 0.756 (95% confidence interval: 0.631-0.881) in the independent validation set.

The model exhibited good calibration and robust predictive power in both training and validation sets

and demonstrated the highest net benefit in decision curve analysis compared to other models. To

extract  significant  variables  influencing  the  algorithm  and  ensure  model  appropriateness,  we

interpreted cohort and personalized model predictions using SHAP values. 

Conclusion:  Our ML-based multimodal  model,  incorporating eight  readily accessible  predictors,

demonstrated robust predictive capability for 12 months MACCEs risk. This model can be utilized to

identify  high-risk  individuals  with  AS  and  HFpEF  following  TAVR,  potentially  aiding  in  risk

stratification and personalized treatment strategies.

Keywords:  Machine learning; Interpretable models; Heart failure with preserved ejection fraction;

Symptomatic aortic stenosis;  Transcatheter aortic valve replacement; Major adverse cardiovascular

and cerebrovascular events.
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AS aortic stenosis 

HFpEF heart failure with preserved ejection fraction 

TAVR transcatheter aortic valve replacement

MACCEs major adverse cardiovascular and cerebrovascular events 

TyG Triglyceride glucose index

BMI Body Mass Index  

TG Triglyceride  

HDL-C high-density lipoprotein cholesterol 

NT-proBNP N-terminal prohormone of brain natriuretic peptide

AIP Atherogenic Index of Plasma

LASSO Least absolute shrinkage and selection operator 

AUROC Area under the receiver operating characteristic curve

AUPRC Area under the precision-recall curve

NPV Negative predictive value 

PPV Positive predictive value

DCA Decision curve analysis.
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Introduction

The  prevalence  of  heart  failure  with  preserved  ejection  fraction  (HFpEF),  a  common  clinical

syndrome, accounts for approximately 50% of all heart failure cases [1-2]. The incidence, mortality,

and  hospitalization  rates  associated  with  HFpEF  are  comparable  to  those  of  heart  failure  with

reduced ejection fraction [3]. Moreover, there is growing recognition that HFpEF may not be a single

disease entity but rather a heterogeneous syndrome encompassing multiple distinct phenotypes [3].

This heterogeneity poses challenges for developing diagnostic, prognostic, and therapeutic strategies

to improve outcomes in patients with HFpEF [3]. Current research is focused on identifying HFpEF

subgroups characterized by metabolic dysfunction as potential pathophysiological mechanisms [3-4].

A comprehensive understanding of the underlying pathological processes and targeted therapeutic

interventions  may  offer  greater  benefits  than  focusing  solely  on  the  final  pathway  of  cardiac

dysfunction. This recognition has led to a shift towards personalized medicine and subgroup-specific

treatments.

Aortic  stenosis  (AS)  and  HFpEF are  intricately  connected,  sharing  common  pathophysiological

mechanisms that can exacerbate each other’s clinical manifestations [3,5]. Clinically, a substantial

proportion of patients may present with both AS and HFpEF, often due to shared risk factors like

advanced age,  hypertension,  obesity,  and metabolic  disturbances [3,5].  Transcatheter  aortic valve

replacement  (TAVR)  has  emerged  as  a  significant  therapeutic  intervention  for  severe  AS  in

individuals aged 65 and older [6]. However, despite its benefits, TAVR remains associated with a

residual risk of adverse outcomes that significantly impact patient quality of life and survival [6].

Machine learning (ML) methodologies have been rapidly advancing, providing powerful tools for

analyzing large and complex real-world datasets. These techniques can help identify patterns and

correlations within data, enabling the identification of high-risk individuals [7-13]. Multicenter real-

world datasets are particularly valuable for ML applications, as they often include diverse patient

populations and extensive clinical data, reducing the risk of selection bias and missing data [7-10].

Our previous research has explored the application of ML to process multidimensional data, such as

clinical  texts,  biomarkers,  and  imaging  data,  to  identify  risk  factors  for  various  cardiovascular

diseases [8-13]. While these studies have demonstrated the potential of AI in clinical practice[7],

there  is  limited  evidence  regarding the  use  of  ML models  to  predict  outcomes  in  patients  with

concurrent AS and HFpEF following TAVR. To address this gap, we aimed to develop and validate a

visualization and explainable prediction model using multimodal data for early, individualized risk

stratification of these patients. By identifying high-risk individuals in a low-risk state, our model

could potentially improve prognostication and inform novel therapeutic strategies for this vulnerable
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patient population.

Methods

Participants

A multicenter,  retrospective  cohort  study  was  conducted,  analyzing  consecutive  elderly  patients

diagnosed with severe AS and HFpEF. All patients underwent TAVR at four tertiary care centers

between January 2015 and December 2021. Comprehensive follow-up data were available for all

participants included in the study. Patients were  divided into a development set  (n=195; datasets

from The First Affiliated Hospital of Bengbu Medical University and the First Affiliated Hospital of

Xinjiang Medical University ) and an independent validation set (n=131; datasets from  The First

Affiliated Hospital of Wannan Medical College and Xiangyang Central Hospital). A team of heart

specialists assessed patient suitability for TAVR, considering factors such as age, predicted lifespan,

comorbidities,  anatomical  and  procedural  features,  vascular  access  feasibility,  surgical  risks,

bioprosthetic  valve  durability,  and  long-term  outcomes.  HFpEF  diagnosis  adhered  to  current

guideline  recommendations  [14],  including  clinical  symptoms  and  signs  of  heart  failure,

echocardiographic evidence of structural and/or functional cardiac abnormalities, and elevated N-

terminal  pro-brain  natriuretic  peptide  (NT-proBNP)  levels.  TAVR  procedures  were  performed

according to standard clinical protocols. Detailed inclusion and exclusion criteria are provided in

Supplementary Material Table 1, and the patient enrollment flowchart is depicted in Figure 1. The

study was conducted in accordance with the Declaration of Helsinki.

Clinical data

In  our  study,  we  meticulously  documented  the  clinical  characteristics,  comorbidities,  laboratory

findings, and echocardiographic observations for all enrolled patients.  To ensure data integrity and

reliability,  we  exclusively  utilized  data  derived  from  routine  clinical  examinations,  mitigating

potential issues associated with missing data (Supplementary material Methods). Prior to venous

blood collection, individuals were instructed to fast for a minimum of 8 hours. Blood samples were

collected on the  morning following hospital  admission  and prior  to  TAVR.  The TyG index  was

calculated as the natural logarithm of the product of fasting serum triglycerides (mg/dL) and fasting

blood glucose (FBG) (mg/dL), divided by 2 [15]. Body mass index (BMI) was calculated as weight

divided by height squared (kg/m²). Subsequently, the TyG index was refined by multiplying it with

BMI, resulting in TyG-BMI indices [16]. The atherogenic index of plasma (AIP) was calculated as

the logarithmically transformed ratio of triglyceride/high-density lipoprotein cholesterol (TG/HDL-

C) expressed in mmol/L [17].

Clinical endpoint
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The study population was followed for a median follow-up duration of 12 months via outpatient

visits  and  telephone  interviews. The  primary  outcome  of  interest  was  the  occurrence  of  major

adverse  cardiovascular  and  cerebrovascular  events  (MACCEs),  encompassing  cardiac  death,

revascularization,  myocardial  infarction,  and  stroke.  All  patients  underwent  regular  follow-up

assessments at 1, 3, 6, and 12 months post-TAVR, with subsequent annual evaluations.

Feature selection

In the feature selection process, we leveraged clinical expertise and current literature pertaining to

the  etiology,  pathology,  and treatment  of  HFpEF and AS.  Adhering to  predefined inclusion and

exclusion criteria, we identified and incorporated 58 variables into our study. Recognizing the crucial

role of variable selection in model performance, we employed a two-step feature selection process.

First,  we  utilized  the  Boruta  algorithm  to  analyze  multiple  high-dimensional  and  multivariable

datasets.  Subsequently,  we applied  the  least  absolute  shrinkage and selection  operator  (LASSO)

logistic regression to further refine the feature set.  

By incorporating a penalty term during model estimation, the LASSO technique effectively reduces

the regression coefficients of non-essential variables to zero, thereby facilitating variable selection by

eliminating  these  variables  from  the  model  [18].  This  approach  significantly  diminishes  data

dimensionality in high-dimensional data analysis and addresses issues of multicollinearity [18]. We

implemented 10-fold cross-validation to optimize the lambda parameter in our LASSO regression,

ensuring that our feature selection was robust against overfitting and selection bias.

The Boruta algorithm, a Random Forest-based feature selection method, identifies relevant features

by contrasting them with irrelevant ones [19]. It iteratively trains multiple Random Forest models on

bootstrapped samples,  calculating  feature  importance  using  metrics  like  mean decrease  impurity

[19].  To establish a  baseline,  Boruta  introduces  shadow features—randomly permuted  copies  of

original  features.  By  comparing  the  importance  scores  of  original  features  to  their  shadow

counterparts, the algorithm selects those that consistently outperform the shadows, thereby isolating

the optimal set of relevant variables. This approach is effective for non-linear, high-dimensional data,

is robust to missing values and noise, and can be integrated with various classifiers or regressors to

improve predictive performance, all without making assumptions about data distribution.

Ultimately, we utilized a rigorous two-step feature selection methodology combining LASSO logistic

regression and the Boruta algorithm. This approach effectively identified the most relevant predictors

while  minimizing  the  influence  of  confounding  variables. This  integrative  approach  aimed  to

enhance  the  model's  accuracy  and  generalizability  while  mitigating  the  risk  of  overfitting  or

incorporating irrelevant predictors.
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Model Validation and Evaluation 

Our study focused on the implementation and evaluation of five commonly used ML algorithms:

Decision Tree (DT), K-nearest Neighbors (KNN), Random Forest (RF), Extreme Gradient Boosting

(XGBoost),  and Support  Vector  Machine  (SVM).  The primary goal  was to  predict  MACCEs in

patients with HFpEF and AS who underwent TAVR. To assess the performance of these ML models,

we  employed  a  comprehensive  set  of  metrics,  including  the  area  under  the  receiver  operating

characteristic  curve  (AUROC),  area  under  the  precision-recall  curve  (AUPRC),  specificity,

sensitivity, F1 Score, recall, negative predictive value (NPV), positive predictive value (PPV), and

Brier score. To evaluate the calibration of the models, we utilized calibration plots generated through

500-bootstrap  resampling,  which  compared  predicted  probabilities  of  MACCEs  to  observed

probabilities. Additionally, decision curve analysis (DCA) was conducted to assess the net clinical

benefit  of  the  model  at  varying  threshold  probabilities.  Finally,  feature  ranking  evaluation  was

performed to quantify the importance of individual features within the dataset and their contribution

to predicting MACCEs.

Model explainability

While  the  accurate  interpretation  of  machine  learning  models  remains  challenging,  the  SHAP

(SHapley Additive exPlanations) method provides a robust solution by ranking input features and

elucidating prediction outcomes, thereby addressing the "black-box" problem [20]. 

SHAP (Shapley Additive Explanations) is a model interpretability technique rooted in game theory

principles.  It  quantifies  the  contribution  of  individual  feature  values  to  a  model's  prediction  by

assigning an explanatory score to each feature. SHAP values are derived from the concept of Shapley

values,  which involves  permuting and integrating feature values  to assess  their  influence on the

model's output. SHAP analysis enables the understanding of the underlying factors driving model

predictions, providing intuitive explanations for the predicted outcomes. This not only deepens the

understanding of  the  model's  decision-making logic  and facilitates  the  identification  of  key  risk

factors but also provides a scientific basis for formulating individualized therapeutic strategies.

Statistical analysis

Statistical analysis of the study results was performed using SPSS 26 and R software 4.2.2. To assess

potential heterogeneity between development and validation cohorts, we conducted comprehensive

statistical comparisons of all baseline characteristics. Categorical variables were characterized using

descriptive  statistics,  including  frequencies  and  proportions,  while  continuous  variables  were

described using either medians and interquartile ranges (IQRs) or means and standard deviations

(SDs). The non-parametric Mann-Whitney U test  was used to compare continuous variables that
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exhibited non-normal distributions. For the comparison of categorical variable distributions between

the training and independent validation sets, either Fisher's exact test or the chi-squared test was

employed. A significance level of P<0.05 was considered for all statistical comparisons.

Results

Patient characteristics

A cohort of 326 patients diagnosed with HFpEF and AS was enrolled, utilizing data collected from

four independent  hospital  databases  spanning the  period  from January 2017 to  December 2023.

Among all the participants included in the study, 195 individuals were assigned to the training group

from two centers, while 131 individuals were allocated to the independent validation cohort from

two other centers.

Among the 326 patients, 43 (13.19%) experienced MACCEs. Specifically, within the training set, 21

patients  (10.77%)  had  MACCEs,  while  in  the  validation  set,  22  patients  (16.79%)  experienced

MACCEs. Baseline  characteristics  were  comparable  across  both  sets,  except  for  potassium ion,

fibrinogen, white blood cell count, alanine aminotransferase, platelet distribution width, cystatin C,

previous  use  of  aspirin,  beta-blockers,  calcium channel  blockers,  angiotensin-converting  enzyme

inhibitors or angiotensin receptor blockers, platelet count, indirect bilirubin, sodium ion, and creatine

kinase (P< 0.05) (Table 1). This study adhered to the TRIPOD reporting guidelines (Supplemental

Table 2).

Feature selection

The  Boruta  algorithm  assesses  the  impact  of  randomizing  individual  features  on  a  classifier's

performance,  thereby quantifying the unique information carried by each feature.  Boruta feature

selection identified age, BMI, NT-proBNP, fasting blood glucose, triglycerides, TG/HDL-C, TyG,

TyG-BMI,  AIP,  apolipoprotein  A1,  and  apolipoprotein  B  as  potential  predictors  of  MACCEs

(Figures 2A-B).

To  automatically  select  the  most  predictive  features  for  MACCE  risk,  LASSO  regression  was

employed on the training  dataset,  as  illustrated in  Figures  2C-D.  This  technique minimizes  the

binomial deviance loss function by adjusting the regularization parameter, lambda (λ), which sets the

coefficients  of  less  important  features  to  zero.  At  a  shrinkage  parameter  (Lambda.min)  of

0.01453175, eighteen out of fifty-eight features were selected: age, current smoking, heart rate, mean

platelet  volume,  uric  acid,  NT-proBNP,  coronary  heart  disease,  diabetes  mellitus,  fasting  blood

glucose, TG/HDL-C, TyG, TyG-BMI, AIP, apolipoprotein B, aspartate aminotransferase, γ-Glutamyl

Transferase, globulin, and creatine kinase.

A dual-phase  feature  selection  process  was  employed,  incorporating  the  Boruta  algorithm  and
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LASSO  logistic  regression.  This  combined  approach  identified  eight  significant  predictors  of

MACCE risk: age, NT-proBNP, fasting blood glucose, TG/HDL-C ratio, TyG index, TyG-BMI, AIP

index, and apolipoprotein B (Figure 3).

Model Validation and Evaluation

We developed  and  optimized  five  widely  recognized  machine  learning  models:  DT,  KNN,  RF,

XGBoost, and SVM, with the goal of predicting the risk of MACCEs in patients with HFpEF and

AS. These models were trained on the entire training set and subsequently evaluated on a separate

validation set. 

Their performance was subsequently assessed using the training (Supplemental Figures 1-4) and

validation (Figures 4A-D) sets. To predict the risk of MACCEs, receiver operating characteristic

(ROC) curves were constructed for the five machine learning models. The SVM model demonstrated

the highest area under the curve (AUC) at 0.756, with a 95% confidence interval (CI) of 0.631 to

0.881, and the lowest Brier score at 0.119, with a 95% CI of 0.076 to 0.181 in validation sets, as

illustrated in Figures 4 and Supplementary Table 3. The AUCs of the DT, KNN, RF, and XGBoost

models were 0.680 (95% CI: 0.568-0.791), 0.690 (95% CI: 0.582-0.798), 0.668 (95% CI: 0.522-

0.815), and 0.652 (95% CI: 0.515-0.788), with Brier scores of 0.149 (95%CI: 0.098-0.218), 0.123

(95%CI: 0.078-0.186), 0.125 (95% CI: 0.081-0.178), and 0.129 (0.093-0.179), respectively (Figure

4B). 

To comprehensively  evaluate  the  model's  performance,  metrics  such as  the  AUPRC, specificity,

sensitivity,  F1 Score,  recall,  NPV, PPV, and Brier score were utilized,  as depicted in  Figures 4,

Supplemental Figures 1-4, and Supplementary Table 3. Figure 4 presents the optimal parameters

identified for the five machine learning models utilized in predicting the risk of MACCEs using

validation  datasets.  Additionally,  calibration  curves  indicated  that  the  SVM model  demonstrated

superior calibration compared to the other four models (Figure 5A-5B). As depicted in Figures 4-5,

the SVM model was ultimately selected for predicting MACCEs in patients with AS and HFpEF due

to its superior performance.

Clinical utility of  the models

DCA of the training set indicated that the SVM model outperformed DT, KNN, RF, XGBoost, and

the strategies of treating all or none of the patients in terms of threshold probability and net benefit

for predicting the risk of MACCEs (Figure 5C).  Similarly, the SVM model consistently yielded

higher net benefits in the validation set (Figure 5D).

The SVM model exhibited a high AUC of 0.978 (95% CI: 0.958-0.999) on the training set, indicating

strong  discriminatory  power.  However,  the  model's  performance  on  the  validation  set  was
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significantly weaker, where the AUC was substantially lower at 0.756 (95% CI: 0.631-0.881), as

illustrated in Figure 6. 

As shown in  Figure 7,  a confusion matrix provides a comprehensive assessment of the model's

performance on both training and validation sets, detailing true positive, true negative, false positive,

and false negative predictions. While the model demonstrated proficiency in predicting the negative

class,  it  presented opportunities for improvement in detecting positive cases.  Notably,  the model

achieved an impressive accuracy of approximately 94% and 85.4% on the training and validation

sets, respectively.

Model interpretation

The SHAP method offers two distinct types of explanations: a global explanation at the feature level

and  a  local  explanation  at  the  individual  level.  The  global  explanation  elucidates  the  overall

functionality  of  the  model.  As  illustrated  in  the  SHAP summary  plots  (Figures  8  and  9),  the

contributions of each feature to the model are assessed using average SHAP values and presented in

descending order.

Figure  8 provides  essential  insights  that  inform  subsequent  analyses  and  feature  selection  for

predictive modeling by identifying the predictors that significantly impact the performance of the

SVM model. The features are organized in descending order based on their contribution to model

performance. The TyG index exhibited the highest discriminative power, with an importance score of

0.82, and emerged as the most influential predictor, as evidenced by its notably longer bar compared

to other variables. NT-proBNP was ranked second with an importance score of 0.62, followed by age

(0.53), apolipoprotein B (0.51), TyG-BMI (0.43), and fasting blood glucose (0.42). The TG/HDL-C

ratio and AIP demonstrated relatively modest contributions, with importance scores of 0.18 and 0.03,

respectively.  

To assess the significance of each predictive feature, we employed the SHAP method. As illustrated

in Figure 9, importance graphs rank these features in descending order of significance. SHAP values

quantify the contribution of each feature to the final prediction outcome, enabling the interpretation

of results for individual patients. Figure 9 presents SHAP values for individual observations across

all predictive features. For each individual patient, a dot representing the SHAP value is plotted on

the model for each specific feature, resulting in one dot per feature per patient. The color gradient of

the dots indicates the actual feature values for each patient, with yellow signifying higher feature

values and purple indicating lower feature values. The vertical stacking of the dots illustrates the

density  distribution. The  horizontal  distribution  illustrates  how  feature  values  impact  model

predictions, with positive SHAP values indicating increased risk of adverse outcomes.  Metabolic
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parameters  demonstrate  distinct  contributory  patterns:  elevated  TyG  index  values  (indicated  by

yellow points) consistently yield positive SHAP values, underscoring its efficacy as a robust risk

predictor.  Similarly,  increased  TyG-BMI  values  predominantly  contribute  positively,  albeit  with

greater  variability.  Fasting  blood  glucose  exhibits  the  most  pronounced  rightward  extension,

indicating a substantial increase in risk at higher levels. NT-proBNP displays a biphasic distribution,

with both extremely low and high values exerting significant impact on the model. Apolipoprotein B

is associated with enhanced risk primarily at elevated concentrations. The TG/HDL-C ratio and AIP

exhibit more diffuse patterns with bidirectional effects. Advanced age (also marked by yellow points)

consistently results in positive SHAP values, reaffirming its established role as a non-modifiable risk

factor. 

Facilitates practical application in clinical settings 

The final prediction model was integrated into the web application to enhance its utility in clinical

scenarios,  as  depicted  in  Supplemental  Figure  5.  Upon entering  the  actual  values  of  the  eight

features required by the model,  the application will  automatically  estimate the 12-month risk of

MACCEs for patients with AS and HFpEF following TAVR. Furthermore, a force plot for individual

patients  will  be  presented,  illustrating  the  features  contributing  to  the  prediction  of  MACCEs.

Specifically, the blue features on the right indicate factors reducing the likelihood of MACCEs, while

the red features on the left increase the likelihood of MACCEs.

Discussion

Our study aimed to predict the 12-month risk of MACCEs in patients with AS and HFpEF following

TAVR  using  a  diverse  range  of  machine  learning  models  applied  to  multimodal  data  from  a

multicenter cohort. To address the limitations in predicting and understanding the complex interplay

of comorbidities associated with AS and HFpEF pathogenesis, we employed interpretable machine-

learning techniques. Our models provide insights into the impact of various features on individual

MACCE risk predictions, facilitating the development of hypotheses for early screening, prevention,

and  treatment  strategies  for  patients  with  coexisting  AS and HFpEF post-TAVR.  By leveraging

multimodal data that encompasses the spectrum of metabolic heterogeneity and pathophysiological

conditions observed in real-world clinical settings, our models accurately assess individual MACCE

risk. We employed a multi-modal approach incorporating clinical text, biomarkers, and imaging data

to  comprehensively  analyze  the  complexity  of  MACCE  risk.  We  identified  distinct  high-risk

subgroups  for  MACCEs  in  patients  with  AS  and  HFpEF,  developed  corresponding  clinical

association rules, and mapped differentially expressed metabolic biomarkers among MACCE cases

within  these subgroups.  Furthermore,  we dissected individual  patient  trajectories  to  identify risk
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biomarkers  for  MACCEs  post-TAVR  in  patients  with  AS  and  HFpEF,  advancing  the  field  of

personalized preventive strategies.

Metabolic factors, such as dyslipidemia and insulin resistance, are frequently intertwined and serve

as  both  risk  factors  for  cardiovascular  diseases  and  active  contributors  to  the  underlying

pathophysiological processes of target organ damage [21]. These factors play a causal role in the

initiation  and  progression  of  cardiovascular  diseases[21].  Notably,  metabolic  disorders  are

increasingly recognized as significant pathological drivers of HFpEF [3,22], leading to the view of

HFpEF as an abnormal metabolic syndrome encompassing not only cardiac dysfunction but also

systemic  metabolic  derangements.  Concurrently,  metabolic  disorders  have  emerged  as  important

common risk factors for both AS and HFpEF [3,5-6]. Adipose degeneration precedes the onset of

moderate aortic stenosis and the development of significant hypertrophy [23].  Furthermore, initial

metabolic  alterations  facilitate  or  accelerate  left  ventricular  hypertrophy,  subsequently leading to

fibrosis  and  compensatory  decompensation  [23].  Therefore,  it  is  essential  to  adopt  a  broader

perspective that extends beyond the cardiac domain to encompass the comprehensive metabolic risk

profile of the entire body [24-25]. Recognizing that metabolic disturbances can have a cascading

effect on cardiac function, a holistic approach to cardiac assessment is crucial. This approach should

involve  the  integration  of  multimodal  data  and  the  inclusion  of  non-cardiac-specific  metabolic

biomarkers to enable a thorough evaluation of patients with concurrent AS and HFpEF following

TAVR.

In  the  present  study,  we  conducted  a  retrospective  multicenter  cohort  analysis  to  apply  a

combination of multiple machine-learning techniques to facilitate the early and accurate prediction of

the risk of MACCEs in patients with AS and HFpEF who underwent TAVR. Our study incorporated

data from four independent hospitals, enhancing the geographic and demographic diversity of our

cohort and improving external validity.  This predictive model quantified the predictive impact of

both  non-modifiable  risk  factors,  such  as  age,  and  baseline  metabolic  characteristics,  including

fasting blood glucose levels, TG/HDL-C ratio, TyG index, TyG-BMI, AIP, and apolipoprotein B, in

addition to clinical biomarkers such as NT-proBNP. A study by Chen et al. involving 1,569 patients

with AS who underwent TAVR over a follow-up period of 1.09 years revealed a positive linear

relationship  between  insulin  resistance,  as  assessed  by  the  TyG  index,  and  all-cause  mortality,

cardiovascular mortality, and major adverse cardiovascular events in this patient population [26].

Additionally,  the  potential  of  fasting  blood  glucose  levels,  TyG-BMI,  AIP, TG/HDL-C, and

apolipoprotein  B  in  preventing  artery  stiffness and  multiple  cardiovascular  events  has  been

increasingly  recognized  [16-17,  27-29].  Furthermore,  NT-proBNP  has  been  established  as  a
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significant predictor of cardiovascular events and heart failure in patients with AS, emphasizing the

importance  of  comprehensive  risk  assessment  and  management  strategies  that  incorporate  these

metabolic and clinical biomarkers to optimize patient outcomes [30]. Age, as a well-established risk

factor, correlates with increased risks, highlighting the need for tailored interventions that consider

the composite impact of these biomarkers and age on prognosis [31]. This underscores the necessity

for routine screening and monitoring of these biomarkers, particularly in the elderly, to mitigate the

potential risks of cardiovascular diseases and improve overall patient care. The incorporation of these

biomarkers  significantly  improved  the  predictive  accuracy  and  reliability  of  individual-level

predictions, surpassing the performance achieved solely by relying on established risk factors (such

as age and  NT-proBNP). Furthermore, our model exhibited outstanding performance on both the

training  and independent  validation  datasets,  indicating  robust  predictive  capability  and stability

across  diverse  datasets.  This  suggests  that  metabolic  dysfunction  augments  pro-inflammatory

signaling,  potentially  accelerating  cardiac  fibrosis  within  the  pathophysiology  of  HFpEF,  which

persists even following valve replacement. Furthermore, insulin resistance contributes to vascular

stiffening,  and when coupled with ventricular  stiffness in  HFpEF,  it  creates unfavorable loading

conditions that may impede functional improvement despite successful valve replacement.

Notably,  the differentiation of these risk biomarkers at  the individual level has historically  been

hindered  by the  varying effects  of  different  risk  biomarkers  on  individuals.  Currently,  SHAP is

utilized to quantify the feature contributions in predicting outcomes, facilitating the comprehension

of the model's predictive rationale [32]. This insight could potentially revolutionize patient care by

offering a tailored and targeted approach that considers the unique interplay of each individual's

biomarkers [32]. In our study, a key strength lies in the application of explainable AI techniques,

specifically SHAP estimation, to assess the impact of distinct risk biomarkers within the framework

of all integrated variables at the  individual level.  Moreover, all of the predictors included in our

model  are  easily  obtainable  in  clinical  practice,  although  some  may  require  computational

transformation. To enable the integration of our predictive model into clinical practice, we developed

an extensive web-based application incorporating the SVM algorithm along with its interpretability

features. This platform was designed with a responsive front-end to ensure compatibility with a range

of devices frequently utilized in clinical environments. This is beneficial to all levels of hospitals to

address shortcomings and improve personalized treatment. Important,  the coexistence of  AS and

HFpEF markedly  enhances  the  complexity  of  the  disease,  necessitating  evaluation  that  extends

beyond  mere  procedural  success.  Our  model  addresses  this  clinical  challenge  by  incorporating

metabolic  parameters,  particularly  the  TyG  index,  to  assess  pre-procedural  risk  profiles.  In  the
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context of the coexistence of AS and HFpEF, while procedural success is necessary, it alone does not

guarantee favorable long-term outcomes; the patient's response to the intervention is equally critical.

Our model provides significant value in this context by aiding clinicians in identifying patients who

are likely to experience meaningful clinical benefits from TAVR, despite the presence of complex

comorbidities. In addition, our model also prompt the crucial  inquiry into tailored interventions,

augmenting  the precision in  addressing  cardio-metabolic  disorders.  The metabolic  characteristics

play a critical role in distinguishing the high risk of MACCEs among patients with AS and HFpEF

after  TAVR,  thereby  establishing  a  robust  foundation  for  developing  an  individualized  residual

metabolic risk stratification model.  Furthermore, this contributes to our understanding of potential

windows for preventative interventions, identifying risk biomarkers when patients are at high risk.

The assessment of metabolic status offers a critical insight into the patient's physiological reserve and

adaptive capacity, which are determinants of post-procedural recovery and long-term outcomes. In

clinical practice, the model could be integrated into Heart Team discussions to stratify patients not

only by surgical risk but also by potential functional improvement, based on their metabolic profile.

Future  validation  studies  might  prospectively  assess  the  impact  of  pre-procedural  metabolic

optimization on outcomes in complex patients, with a particular emphasis on those with concomitant

AS and HFpEF.  This  strategy signifies  a  significant  advancement  in  the pursuit  of  personalized

intervention timing and patient selection within the management of structural heart disease.

Study limitations

First, it is important to note that all samples utilized in this study were retrospective. Consequently,

future validation of our model should be conducted within a prospective, multicenter cohort. Second,

medical practices and standards are subject to evolution over time, and consequently, our model may

not accurately reflect contemporary patient populations or current medical techniques. Third, due to

the single-time-point nature of our study, the predictive power of our model might be limited, as it

could not capture the dynamic changes of these risk factors over time. Nonetheless, our findings

serve as a stepping stone for further research in this field, aiming to refine the prediction model and

enhance the clinical application of biomarkers in preventing MACCEs.

Conclusions

We  conducted  a  multicenter  cohort  study  employing  diverse  machine-learning  techniques  to

prognosticate  the  risk  of  MACCEs  in  patients  with  AS  and  HFpEF  after  TAVR.  The  model

incorporated age and an extensive array of metabolic biomarkers. The application of interpretable
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machine learning at  the individual patient level enabled the early prediction of 1-year MACCEs

through  personalized  modifiable  risk  biomarkers,  thereby  providing  opportunities  for  tailored

preventive strategies. Our incorporation of metabolic features in predicting MACCE-specific risk

biomarkers  highlights  the  predictive  significance  of  the  underlying  biology  associated  with

concurrent AS and HFpEF.
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Figure 1. Flow diagram for patient selection.
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Figure 2. Selection of variables . Utilizing the Boruta algorithm for the purpose of selecting variables (A-B). Utilizing Lasso regression
for the purpose of selecting variables (C-D).
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Figure 3. The Boruta algorithms and Lasso regression analysis identified a total of eight variables.
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Figure 4.  Area Under the  Receiver Operating  Characteristic  Curve  (AUROCs),  area  under the  precision-recall  curve (AUPRC) ,
specificity, sensitivity, F1 Score, recall, negative predictive value (NPV) and positive predictive value (PPV) for five machine learning in
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validation set. 

Figure 5. Calibration plots and DCAs for five machine learning in training and validation sets.
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Figure 6. AUROCs for Support Vector Machine (SVM) in training and validation sets.
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Figure 7. Confusion matrix plots for SVM in training and validation sets.
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Figure 8. The variable importance of different predictors in a SVM model. Each bar represents a predictor variable, with the length of
the bar indicating its relative importance in contributing to the model's predictions.
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Figure 9. The relationship between feature values and their contributions to the model's predictions, highlighting the most important
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factors influencing the MACCEs.
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Central illustration. Multiple visualization and explainable machine learning driven integration reliable prognostic biomarkers that can
identify “high-risk” patients with AS and HFpEF at an early stage, thereby facilitating the selection of suitable candidates for TAVR.
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Table 1: Baseline patient characteristics and clinical outcome in the training and independent validation sets.*

Characteristic or Outcome All patients
(n=326)

Training set
(n=195)

Independent validation set
(n=131)

p-value

Male sex, n (%) 184 (56.44%) 105 (53.85%) 79 (60.31%) 0.299

Age, years 75.00 [70.00;80.00] 75.00 [70.00;81.00] 75.00 [70.50;79.00] 0.873

Atrial fibrillation, n (%) 55 (16.87%) 31 (15.90%) 24 (18.32%) 0.673

Hypertension, n (%) 153 (46.93%) 99 (50.77%) 54 (41.22%) 0.114

Coronary Heart Disease, n (%) 103 (31.60%) 63 (32.31%) 40 (30.53%) 0.829

Diabetes mellitus, n (%) 34 (10.43%) 18 (9.23%) 16 (12.21%) 0.497

Current smoking, n (%) 47 (14.42%) 24 (12.31%) 23 (17.56%) 0.245

Current drinking, n (%) 35 (10.74%) 18 (9.23%) 17 (12.98%) 0.374

Previous PCI, n (%) 28 (8.59%) 13 (6.67%) 15 (11.45%) 0.190

Previous myocardial infarction, n (%) 13 (3.99%) 9 (4.62%) 4 (3.05%) 0.676

Previous use of aspirin, n (%) 39 (11.96%) 37 (18.97%) 2 (1.53%) <0.001

Previous use of Stains, n (%) 13 (3.99%) 9 (4.62%) 4 (3.05%) 0.676

Previous use of beta blockers, n (%) 30 (9.20%) 30 (15.38%) 0 (0.00%) <0.001

Previous use of CCB, n (%) 48 (14.72%) 48 (24.62%) 0 (0.00%) <0.001

Previous use of ACEI or ARB, n (%) 42 (12.88%) 40 (20.51%) 2 (1.53%) <0.001

Systolic blood pressure, mmHg 128.50 [111.00;138.00] 128.00 [111.00;138.00] 130.00 [110.50;139.00] 0.960

Diastolic blood pressure, mmHg 70.00 [61.00;77.00] 70.00 [60.00;78.00] 70.00 [62.00;76.00] 0.773

Heart rate, Beats per minute 75.00 [68.00;82.00] 75.00 [67.00;83.00] 74.00 [68.00;82.00] 0.655

BMI, kg/m2 25.00 [23.01;26.25] 25.00 [22.89;26.59] 25.00 [23.85;25.92] 0.751
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White blood cell count, 10 /L⁹ 5.42 [4.60;6.76] 5.63 [4.79;6.90] 5.07 [4.40;6.22] 0.013

Red blood cell count, 1012/L 4.14 [3.80;4.42] 4.11 [3.69;4.45] 4.22 [3.86;4.38] 0.417

Platelet count, 10 /L⁹ 154.00 [117.00;197.75] 164.00 [129.50;208.50] 132.00 [111.00;182.50] <0.001

Mean platelet volume, fL 11.00 [10.30;11.70] 11.00 [10.30;11.65] 11.10 [10.40;11.80] 0.270

Platelet distribution width 16.10 [14.40;16.40] 16.20 [15.30;16.40] 16.00 [13.90;16.40] 0.026

Urea nitrogen, mmol/L 6.74 [5.72;8.11] 6.74 [5.56;8.32] 6.71 [6.09;7.92] 0.650

Creatinine, umol/L 73.30 [63.00;83.00] 71.00 [60.92;87.05] 74.00 [68.50;80.00] 0.264

Uric Acid, umol/L 324.00 [289.50;405.55] 338.00 [276.30;410.30] 316.00 [293.90;386.50] 0.289

Total cholesterol, mmol/L 3.14 [2.74;3.96] 3.26 [2.64;4.13] 3.04 [2.80;3.64] 0.351

NT-proBNP, ng/mL 633.85 [313.35;1400.75] 712.00 [263.00;1711.92] 596.20 [381.55;999.40] 0.742

Fasting blood glucose, mmol/L 4.84 [4.59;5.95] 4.98 [4.59;6.03] 4.78 [4.57;5.70] 0.148

Triglyceride, mmol/L 1.02 [0.76;1.37] 1.00 [0.74;1.46] 1.02 [0.84;1.29] 0.869

HDL-C, mmol/L 1.00 [0.87;1.21] 1.01 [0.87;1.27] 0.99 [0.89;1.17] 0.303

LDL-C, mmol/L 2.30 [1.65;2.48] 2.27 [1.58;2.54] 2.34 [1.77;2.46] 0.289

TG/HDL-C 1.04 [0.67;1.34] 1.00 [0.63;1.45] 1.06 [0.73;1.31] 0.647

TyG 8.29 [8.03;8.75] 8.30 [7.96;8.82] 8.28 [8.06;8.68] 0.900

TyG-BMI 206.16 [191.80;222.37] 206.11 [189.55;227.33] 206.28 [194.71;220.54] 0.946

Atherogenic index of plasma 0.02 [-0.18;0.13] 0.00 [-0.20;0.16] 0.03 [-0.13;0.12] 0.647

Apolipoprotein A1, mmol/L 1.21 [0.97;1.31] 1.20 [0.99;1.31] 1.21 [0.94;1.30] 0.282

Apolipoprotein B, mmol/L 0.48 [0.47;0.70] 0.48 [0.47;0.71] 0.48 [0.47;0.69] 0.620

Lipoprotein a, mg/L 106.40 [59.70;209.22] 133.00 [62.80;191.50] 95.40 [56.00;230.00] 0.344

Aspartateamino transferase, U/L 21.00 [17.00;28.00] 21.00 [17.00;27.50] 20.00 [17.00;28.50] 0.672

Alanineamino transferase, U/L 17.00 [12.00;23.00] 16.00 [12.00;23.00] 19.00 [14.50;23.00] 0.025

Gamma-glutamyl transferase, U/L 20.00 [14.00;29.00] 21.00 [14.00;29.00] 19.00 [13.50;29.00] 0.382
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Total bilirubin, μmol/L 12.10 [10.00;18.34] 13.12 [9.80;19.32] 11.45 [10.36;15.55] 0.052

Direct bilirubin, μmol/L 4.45 [2.70;6.70] 4.30 [2.70;6.27] 4.90 [2.75;7.25] 0.094

Indirect bilirubin, μmol/L 8.25 [5.30;12.07] 9.10 [6.16;13.15] 7.10 [4.80;9.80] <0.001

Total protein, g/L 65.30 [62.70;67.50] 65.30 [62.40;67.40] 65.30 [63.05;67.50] 0.690

Albumin, g/L 37.35 [35.23;40.60] 37.50 [35.10;40.45] 37.20 [35.60;41.00] 0.523

Globulin, g/L 26.30 [23.92;29.20] 26.30 [23.50;29.00] 26.40 [24.45;29.30] 0.529

Potassium ion, mmol/L 3.90 [3.56;4.23] 3.95 [3.71;4.24] 3.68 [3.47;4.16] 0.001

Sodium ion, mmol/L 141.00 [139.00;143.67] 142.00 [140.00;144.30] 140.00 [138.10;142.00] <0.001

Creatinekinase, U/L 47.00 [29.00;71.00] 52.00 [32.00;74.00] 35.00 [29.00;64.00] <0.001

Creatine kinase-MB, U/L 11.00 [9.00;13.80] 12.00 [9.00;14.00] 11.00 [9.00;13.04] 0.614

Cystatin C mg/L 1.19 [1.00;1.50] 1.16 [0.96;1.49] 1.22 [1.06;1.50] 0.033

Fibrinogen, g/L 2.72 [2.46;3.03] 2.75 [2.46;3.37] 2.67 [2.46;2.85] 0.006

LVEDD, mm 50.00 [49.00;53.00] 50.00 [49.00;55.00] 50.00 [47.50;52.00] 0.088

LVESD, mm 39.00 [35.25;42.00] 39.00 [35.00;41.00] 39.00 [36.00;42.50] 0.417

LVEF, % 55.00 [51.00;59.00] 54.00 [51.00;59.00] 55.00 [51.00;59.00] 0.405

MACCEs, n (%) 43 (13.19%) 21 (10.77%) 22 (16.79%) 0.159

Cardiac death, n (%) 29 (8.90%) 14 (7.18%) 15 (11.45%) 0.259

Revascularization, n (%) 2 (0.61%) 2 (1.03%) 0 (0.00%) 0.518

Myocardial infarction, n (%) 1 (0.31%) 0 (0.00%) 1 (0.76%) 0.402

Stroke, n (%) 5 (1.53%) 1 (0.51%) 4 (3.05%) 0.162

* Mean ± Standard Deviation (SD),  for normally distributed data.  Median [Interquartile  Range (IQR)],  for  non-normally distributed data.
Categorical variables are presented as frequencies and percentages: n (%).
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Abbreviations: PCI, Percutaneous coronary intervention; BMI, body mass index; TG, triglyceride; HDL-C, high-density lipoprotein cholesterol;
LDL-C,  low-density  lipoprotein  cholesterol;  NT-proBNP,  N-terminal  pro-brain  natriuretic  peptide;  LVEDD,  left  ventricular  end-diastolic
dimension; LVESD, Left ventricular end-systolic diameter; LVEF, Left ventricular ejection fraction; MACCEs, major adverse cardiovascular
events. 
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Flow diagram for patient selection.
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Selection of variables . Utilizing the Boruta algorithm for the purpose of selecting variables (A-B). Utilizing Lasso regression
for the purpose of selecting variables (C-D).
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The Boruta algorithms and Lasso regression analysis identified a total of eight variables.
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Area Under the Receiver Operating Characteristic Curve (AUROCs), area under the precision-recall curve (AUPRC) ,
specificity, sensitivity, F1 Score, recall, negative predictive value (NPV) and positive predictive value (PPV) for five machine
learning in validation set.
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Calibration plots and DCAs for five machine learning in training and validation sets.

https://preprints.jmir.org/preprint/70587 [unpublished, peer-reviewed preprint]



JMIR Preprints Wang et al

AUROCs for Support Vector Machine (SVM) in training and validation sets.
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Confusion matrix plots for SVM in training and validation sets.
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The variable importance of different predictors in a SVM model. Each bar represents a predictor variable, with the length of the
bar indicating its relative importance in contributing to the model's predictions.
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The relationship between feature values and their contributions to the model's predictions, highlighting the most important
factors influencing the MACCEs.
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Central illustration. Multiple visualization and explainable machine learning driven integration reliable prognostic biomarkers
that can identify “high-risk” patients with AS and HFpEF at an early stage, thereby facilitating the selection of suitable
candidates for TAVR.
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Multimedia Appendixes
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Untitled.
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