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Supplementary Methods 53 

Sample-level and task-level weighting 54 

In our multi-task learning framework, the loss function incorporates both sample-level 55 

weighting and task-level weighting to account for variations in data distribution and task 56 

importance. 57 

 58 

At the sample level, we applied the positive class weight used in PyTorch’s 59 

BCEWithLogitsLoss: 60 

posweight
𝑡

=
𝑁𝑡 − 𝑃𝑡

𝑃𝑡

(1) 61 

where 𝑁𝑡 and 𝑃𝑡 denote the number of samples and positive samples in task 𝑡 (𝑡 = 1, . . . , 𝑇), 62 

respectively. The weighted binary cross-entropy loss for task 𝑡 is: 63 

ℒ𝑡
sample

= −
1

𝑁𝑡
∑ [posweight

𝑡
∙ 𝑦𝑖

(𝑡)
∙ log 𝜎(𝑥𝑖

(𝑡)
) + (1 − 𝑦𝑖

(𝑡)
) ∙ log (1 − 𝜎(𝑥𝑖

(𝑡)
))]

𝑁𝑡

𝑡=1

(2) 64 

where 𝑥𝑖
(𝑡)

 is the model’s predicted logit of sample 𝑖 for task 𝑡; 𝑦𝑖
(𝑡)

∈ {0,1} is the binary 65 

label of sample 𝑖 in task 𝑡; 𝜎(𝑧) =
1

1+𝑒−𝑧 is the sigmoid function. This increases the penalty 66 

for misclassifying positive samples, encouraging the model to focus on rare events. 67 

 68 

At the task level, we assigned each task 𝑡 a weight: 69 

𝜔𝑡 =
1/𝑃𝑡

∑ (1/𝑃𝑘)𝑇
𝑘=1

(3) 70 

where 𝑇 is the number of tasks. Tasks with fewer positive samples thus contribute 71 

proportionally more to the total loss, preventing them from being dominated by more 72 

prevalent diseases. For the ProNet, the task-level weights are 0.06 for coronary artery disease 73 

(CAD), 0.19 for stroke, 0.14 for heart failure (HF), 0.07 for atrial fibrillation (AF), 0.38 for 74 

peripheral artery disease (PAD), and 0.15 for venous thromboembolism (VTE). The MetNet 75 



model uses a comparable weighting scheme with values of 0.06 for CAD, 0.20 for stroke, 76 

0.15 for HF, 0.07 for AF, 0.36 for PAD, and 0.16 for VTE. 77 

 78 

The total weighted loss is: 79 

ℒtotal = ∑ 𝜔𝑡 ∙ ℒ𝑡
sample

𝑇

𝑡=1

(4) 80 

 81 

Calculation of ASCVD and SCORE2 82 

We calculated the ASCVD and SCORE2 using the published algorithms1–3. For the ASCVD, 83 

the predictors included age, black race, current smoking, total cholesterol, high-density 84 

lipoprotein (HDL) cholesterol, systolic blood pressure (SBP), antihypertensive therapy, and 85 

diabetes1,2. The sex-specific ASCVD was calculated using equations (5)– (7). 86 

 87 

LogitMale = −11.679980 + 0.064200 × Age + 0.482835 × Race + 0.038950 × SBP

−0.000061 × SBP2 + 2.055533 × HTNTherapy + 0.842209 × Diabetes

+0.895589 × Smoking + 0.193307 × (
TChol

HDL
) − 0.014207 × SBP × HTNTherapy

+0.011609 × SBP × Race − 0.119460 × HTNTherapy × Race + 0.000025 × Age × SBP
−0.077214 × Race × Diabetes − 0.226771 × Race × Smoking −

−0.117749 × Race × (
TChol

HDL
) + 0.004190 × Race × HTNTherapy × SBP

−0.000199 × Race × Age × SBP

(5) 88 

LogitFemale = −12.823110 + 0.106501 × Age + 0.432440 × Race + 0.017666 × SBP

+0.000056 × SBP2 + 0.731678 × HTNTherapy + 0.943970 × Diabetes

+1.009790 × Smoking + 0.151318 × (
TChol

HDL
) − 0.003647 × SBP × HTNTherapy

+0.006208 × SBP × Race + 0.152968 × HTNTherapy × Race − 0.000153 × Age × SBP
+0.115232 × Race × Diabetes − 0.092231 × Race × Smoking −

+0.070498 × Race × (
TChol

HDL
) − 0.000173 × Race × HTNTherapy × SBP

−0.000094 × Race × Age × SBP

(6) 89 

ASCVD =
100

1 + 𝑒−Logit
(7) 90 

 91 



where TChol, HDL, and HTNTherapy indicate total cholesterol, HDL cholesterol, and 92 

antihypertensive therapy, respectively. The sex-specific SCORE2 was calculated based on 93 

age, current smoking, total cholesterol, HDL cholesterol, and SBP using equations (8)–94 

(11)3. 95 

 96 

Linear predictorMale = 0.3742 × Age + 0.6012 × Smoking + 0.2777 × SBP + 0.6457 × Diabetes
+0.1458 × TChol − 0.2698 × HDL − 0.0755 × Age × Smoking
−0.0255 × Age × SBP − 0.0281 × Age × TChol + 0.0426 × Age × HDL
−0.0983 × Age × Diabetes

(8) 97 

Linear predictorFemale = 0.4648 × Age + 0.7744 × Smoking + 0.3131 × SBP + 0.8096 × Diabetes
+0.1002 × TChol − 0.2606 × HDL − 0.1088 × Age × Smoking
−0.0277 × Age × SBP − 0.0226 × Age × TChol + 0.0613 × Age × HDL
−0.1272 × Age × Diabetes

(9) 98 

SCORE2𝑀𝑎𝑙𝑒 = 1 − 0.9605 × 𝑒−Linear predictorMale (10) 99 

SCORE2𝐹𝑒𝑚𝑎𝑙𝑒 = 1 − 0.97765 × 𝑒−Linear predictorFemale (11) 100 

 101 

where TChol and HDL indicate total cholesterol and HDL cholesterol, respectively. Prior to 102 

the calculation, age, total cholesterol, HDL cholesterol, and SBP were standardized using the 103 

following transformations: 104 

 105 

Age = (Age − 60)/5

𝑆𝐵𝑃 = (𝑆𝐵𝑃 − 120)/20

𝑇𝐶ℎ𝑜𝑙 = (Totalcholesterol − 6)/1

𝐻𝐷𝐿 = (𝐻𝐷𝐿cholesterol − 1.3)/0.5

(12) 106 

 107 

Development of machine learning models 108 

We developed alternative MetScore and ProScore using four widely-used machine learning 109 

algorithms: Extreme Gradient Boosting (XGBoost), LightGBM, random forest, and logistic 110 

regression. We trained a separate, independent model for each of the six cardiovascular 111 

diseases (CVDs) using all individual metabolomic or proteomic biomarkers as input features. 112 

Data splitting and preprocessing followed the same procedures as in the main analysis. For 113 



each of the 24 models (4 algorithms × 6 CVDs), we conducted a separate hyperparameter 114 

optimization using a random search of 50 combinations. The optimal hyperparameter set was 115 

selected based on the combination that achieved the highest area under the receiver operating 116 

characteristic curve (AUC) on the validation set. Key hyperparameters were tuned for each 117 

model (Supplementary Data 15). For XGBoost and LightGBM, this included the number of 118 

estimators, learning rate, maximum tree depth, and subsampling ratios, while for random 119 

forest, we tuned the number of estimators, maximum tree depth, maximum features per split, 120 

and minimum samples for splits and leaves. For logistic regression, we tuned the inverse of 121 

regularization strength. To address class imbalance, we employed a sample weighting 122 

strategy. For XGBoost and LightGBM, we used the scale_pos_weight parameter; 123 

specifically, this was calculated as the ratio of the number of negative cases to positive cases 124 

in the training data. For random forest and logistic regression, the class_weight='balanced' 125 

setting was used. After identifying the optimal hyperparameters, a final model was retrained 126 

on the complete training dataset. To prevent overfitting in XGBoost and LightGBM, early 127 

stopping was applied during the tuning phase, halting training if the validation AUC did not 128 

improve for 20 consecutive rounds. The resulting risk predictions from these models 129 

constituted the alternative MetScores and ProScores used for comparison. 130 



 131 

Supplementary Figure 1: Two-stage individual-level data partitioning strategy. a. Sample exclusion 132 

flowchart. Genotype data quality control excluded participants with discordant self-reported and genetic sex, 133 

sex chromosome aneuploidy, and individuals having more than ten third-degree genetic relatives. b. Study 134 

framework. 135 
1“Participants not considered for the Multiomics cohort” in the Metabolomics-only, Proteomics-only, 136 

Genomics-only, and Clinical-only cohorts refer to those with available metabolomics, proteomics, 137 

genomics, or clinical data, respectively, after excluding the 30,167 individuals with all three omics data, who 138 

were eligible for inclusion in the Multiomics cohort.139 



 140 
Supplementary Figure 2: Follow-up duration and distribution of incident cardiovascular 141 

disease (CVD) cases across datasets. a. Distribution of follow-up duration. Here, we defined 142 

the follow-up duration as the period from the date of baseline assessment to the date of any 143 

incident cardiovascular diseases, death, loss to follow-up, or end of available registry follow-144 

up (November 30 2023 for England & Wales and December 31 2023 for Scotland), 145 

whichever came first. Text annotations provide the median observation time and the total 146 

number of participants for each dataset. b. Proportion of participants with incident cases of 147 

each CVD. c. Proportion of participants grouped by the number of incident CVD. 148 

              

         

              

        

              

        

              

       

              

        

              

       

              

        

                                                  

                        

   

   

   

                        

 
 

 
 

  
 

 

                                                  

 

 

 

 

 

 
  

 
 

  
  

 
  

 
 

 

                                                  

                    
 

  

  

  

                           

 
  

 
 

  
  

 
  

 
 

                                              

 



 149 
Supplementary Figure 3: Spearman correlation between MetScore (a) and ProScore (b) 150 

across cardiovascular diseases (N = 24,287).151 

    

        

            

                

                    

                           

   

  

  

      

   

 
 

 

 
 

 
 

 
 

 
 

 
 

 
 

 

 
 

 

 

    

        

            

                

                    

                           

   

  

  

      

   

 
 

 

 
 

 
 

 
 

 
 

 
 

 
 

 

 
 

 

 

        
           

   

   

   

   



 152 
Supplementary Figure 4: Observed event rates for incident cardiovascular diseases across 153 

the percentiles of polygenic risk score (PRS), MetScore, and ProScore (N = 24,287). 154 

        

           

                              

                              

 

 

  

  

  

  

 

 

 

  

 

 

 

 

 

 

  

 

  

  

  

 

  

  

  

                               

 
 

 
 

  
 

 
  

  
 

  
  

  
  

 
 

                        



 155 
Supplementary Figure 5: Polygenic risk score (PRS) stratify the risk of cardiovascular 156 

disease (CVD) (N = 24,287). a. Survival probabilities over time for six cardiovascular 157 

diseases, stratified by the tertiles of PRS. Solid lines represent survival probabilities (measure 158 

of centre), estimated using the Kaplan-Meier method, and shaded areas represent 95% 159 

exponential Greenwood confidence intervals (error bands). b. Associations of CVD risk with 160 

PRS. Each score was analyzed both as a categorical variable (tertile groups: low, medium, 161 

high; low as reference) and as a continuous variable (per 1-standard deviation [SD] increase 162 

after standardization). Data are presented as hazard ratios (measure of centre) estimated by 163 

Cox proportional hazard models with error bars representing 95% confidence intervals. All 164 

models were adjusted for demographic information, healthy lifestyles, family disease history, 165 

disease and medication history, physical measurements, and blood count.166 

                  

                  

                  

               

               

                  

        

                  

  

  

  

  

   

  

  

  

  

   

  

  

  

   

    

    

    

     

           

                  

    

    

    

    

     

    

    

    

    

     

                        

 
 

  
  

 
  
 

  
 

 
 

  
  
  

  
 

                

 

        

                                             

           

                                       

                 

             

           

                 

             

           

                                      

 



 167 
Supplementary Figure 6: Discriminative performance of MetScore and ProScore. Discriminative performance was evaluated separately for 168 

MetScore and ProScore in both the geographic testing and the Multiomics cohort. The Multiomics cohort included 24,287 participants, while the 169 

geographic testing sets included 12,779 for MetScore and 1,775 for ProScore. Performance was assessed using Harrell’s C-index. Data are 170 

presented as point estimates (measure of centre) with error bars representing 95% confidence intervals estimated from 1,000 bootstrap 171 

resamples. 172 

                   

                                                                        

        

        

                

                                  



 173 
Supplementary Figure 7: Differences in discriminative performance for cardiovascular 174 

diseases by adding additional omics features (N = 24,287). Performance was assessed using 175 

Harrell’s C-index. Data are presented as point estimates (measure of centre) with error bars 176 

representing 95% confidence intervals estimated from 1,000 bootstrap resamples. 177 

        

        

        

        

        

        

        

        

        

        

        

        

        

        

        

        

        

        

                   

                                                                                                

                      

             

             

    

     

                      

                  

             

         

                      

                  

             

         

               



 178 
Supplementary Figure 8: Model (AgeSex) calibration and net benefit curves for 179 

cardiovascular diseases. a. Calibration curves for Cox proportional hazard models based on 180 

the clinical predictor set (AgeSex) and its combination with multiomics information. b. Net 181 

benefit curves for Cox proportional hazard models based on the clinical predictor set 182 

(AgeSex) and its combination with multiomics information. Horizontal solid gray lines 183 

indicate “treat none” and vertical solid gray lines indicate “treat all”. Differences in the area 184 

under the net benefit curve (A-NBC) represent improvements in net benefit compared with 185 

the AgeSex-based models. 186 

        

                

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

           

                

 

 

  

  

  

 

 

  

  

  

                  

 
 

 
 

  
 

 
  

  
 

  
  

  
  

 
 

 

                 

                 

                 

                 

                 

                 

        

                      

 

  

  

  

   

 

  

  

  

   

 

  

  

  

   

 

  

  

  

   

           

                     

 

  

  

  

   

 

  

  

  

   

                         

 
  

 
 

 
  

  
 

 
  

 
  
 

 
 

 
  
 

 

      

    

         

         

             

             

                  

                      



 187 
Supplementary Figure 9: Model (Clin) calibration and net benefit curves for cardiovascular 188 

diseases. a. Calibration curves for Cox proportional hazard models based on the clinical 189 

predictor set (Clin) and its combination with multiomics information. b. Net benefit curves 190 

for Cox proportional hazard models based on the clinical predictor set (Clin) and its 191 

combination with multiomics information. Horizontal solid gray lines indicate “treat none” 192 

and vertical solid gray lines indicate “treat all”. Differences in the area under the net benefit 193 

curve (A-NBC) represent improvements in net benefit compared with the Clin-based models. 194 

        

                

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

           

                

 

 

  

  

  

 

 

  

  

  

                  

 
 

 
 

  
 

 
  

  
 

  
  

  
  

 
 

 

                 

                 

                 

                 

                 

                 

        

                      

 

  

  

  

   

 

  

  

  

   

 

  

  

  

   

 

  

  

  

   

           

                       

 

  

  

  

   

 

  

  

  

   

                         

 
  

 
 

 
  

  
 

 
  

 
  
 

 
 

 
  
 

 

    

    

         

         

             

             

                  

                      



 195 
Supplementary Figure 10: SHAP beeswarm plots for the MetScore of stroke (a), HF (b), AF (c), PAD (d), and VTE (e).196 

 
 

 
 

 
 

 
 

 
 

             

 

 
 

 
 

 
 

 
 

 
 

         

 

 
 

 
 

 
 

 
 

 
 

         

 

 
 

 
 

 
 

 
 

 
 

          

 

 
 

 
 

 
 

 
 

 
 

          

 

               

       

                     

                     



 197 
Supplementary Figure 11: SHAP beeswarm plots for the ProScore of stroke (a), HF (b), AF (c), PAD (d), and VTE (e).198 
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Supplementary Figure 12: Predictive performance of individual biomarkers for 200 

cardiovascular diseases (N = 24,287). a, c. Discriminative performance for key metabolites 201 

(a, n = 8) and proteins (c, n = 17). Vertical dashed lines indicate the performance of the 202 

PANEL set. Discriminative performance was evaluated by the Harrell’s C-index. b, d. 203 

Differences in discriminative performance (ΔC-index) by adding each individual metabolite 204 

(b) or protein (d) to the PANEL set. In all panels, data are presented as point estimates 205 

(measure of centre) with error bars representing 95% confidence intervals estimated from 206 

1,000 bootstrap resamples. 207 



 208 
Supplementary Figure 13: Predictive performance of multiomics for cardiovascular diseases across subgroups, including participants aged under 60 (a), those 209 

aged 60 and over (b), males (c), and females (d). a. Discriminative performance of models trained on various predictor sets. Vertical dashed lines indicate the 210 

performance of the PANEL set. Discriminative performance was evaluated by the Harrell’s C-index. b. Differences in discriminative performance (ΔC-index) 211 

by adding omics information to the PANEL set. In all panels, data are presented as point estimates (measure of centre) with error bars representing 95% 212 

confidence intervals estimated from 1,000 bootstrap resamples.213 

                   

                                                            

        

        

   

                      

                  

             

             

         

         

    

     

                

                                                

                   

                                                                              

                      

                  

             

             

         

         

    

     

               

                         

                   

                                                            

        

        

   

                      

                  

             

             

         

         

    

     

                

                                                

                   

                                                                              

                      

                  

             

             

         

         

    

     

               

                        

                   

                                                            

        

        

   

                      

                  

             

             

         

         

    

     

                

                                                

                   

                                                                              

                      

                  

             

             

         

         

    

     

               

               

                   

                                                            

        

        

   

                      

                  

             

             

         

         

    

     

                

                                                

                   

                                                                              

                      

                  

             

             

         

         

    

     

               

                 

                      



 214 
Supplementary Figure 14: Predictive performance of multiomics for cardiovascular diseases across subgroups, including participants receiving lipid-lowering 215 

medication (a), not receiving lipid-lowering medication (b), receiving antihypertensive medication (c), and not receiving antihypertensive medication (d). a. 216 

Discriminative performance of models trained on various predictor sets. Vertical dashed lines indicate the performance of the PANEL set. Discriminative 217 

performance was evaluated by the Harrell’s C-index. b. Differences in discriminative performance (ΔC-index) by adding omics information to the PANEL set. 218 

In all panels, data are presented as point estimates (measure of centre) with error bars representing 95% confidence intervals estimated from 1,000 bootstrap 219 

resamples. 220 

                   

                                                            

        

        

   

                      

                  

             

             

         

         

    

     

                

                                                

                   

                                                                              

                      

                  

             

             

         

         

    

     

               

                                  

                   

                                                            

        

        

   

                      

                  

             

             

         

         

    

     

                

                                                

                   

                                                                              

                      

                  

             

             

         

         

    

     

               

                                     

                   

                                                            

        

        

   

                      

                  

             

             

         

         

    

     

                

                                                

                   

                                                                              

                      

                  

             

             

         

         

    

     

               

                                    

                   

                                                            

        

        

   

                      

                  

             

             

         

         

    

     

                

                                                

                   

                                                                              

                      

                  

             

             

         

         

    

     

               

                                       

                      



 221 
Supplementary Figure 15: Predictive performance of multiomics for cardiovascular 222 

diseases after excluding participants who experienced the event within the first two years of 223 

follow-up. a. Discriminative performance trained on various predictor sets. Vertical dashed 224 

lines indicate the performance of the PANEL set. Discriminative performance was evaluated 225 

by the Harrell’s C-index. b. Differences in discriminative performance (ΔC-index) by adding 226 

omics information to the PANEL set. The number of participants remaining for each analysis 227 

was: 24,104 for CAD, 24,251 for stroke, 24,243 for HF, 24,163 for AF, 24,269 for PAD, and 228 

24,241 for VTE. In both panels, data are presented as point estimates (measure of centre) 229 

with error bars representing 95% confidence intervals estimated from 1,000 bootstrap 230 

resamples. 231 

                   

                                                            

        

        

   

                      

                  

             

             

         

         

    

     

                

 

                                                

                   

                                                      

                      

                  

             

             

         

         

    

     

               

 

                      



 232 
Supplementary Figure 16: Predictive performance of multiomics for cardiovascular 233 

diseases after considering competing risk of death (N = 24,287). a. Discriminative 234 

performance trained on various predictor sets. Vertical dashed lines indicate the performance 235 

of the PANEL set. Discriminative performance was evaluated by the Harrell’s C-index. b. 236 

Differences in discriminative performance (ΔC-index) by adding omics information to the 237 

PANEL set. All-cause death was treated as a competing event. The number of primary 238 

(CVD-specific) and competing (death) events were as follows: CAD (1,788 primary, 1,592 239 

competing), stroke (584 primary, 1,791 competing), HF (798 primary, 1,694 competing), AF 240 

(1,524 primary, 1,627 competing), PAD (324 primary, 1,879 competing), and VTE (679 241 

primary, 1,727 competing). In both panels, data are presented as point estimates (measure of 242 

centre) with error bars representing 95% confidence intervals estimated from 1,000 bootstrap 243 

resamples. 244 

                   

                                                            

        

        

   

                      

                  

             

             

         

         

    

     

                

 

                                                

                   

                                                      

                      

                  

             

             

         

         

    

     

               

 

                      



 245 
Supplementary Figure 17: Performance comparison of CardiOmicScore framework against 246 

other statistical machine learning models (N = 24,287). a. Discriminative performance trained 247 

on various predictor sets. MetScore and ProScore were estimated using different algorithms, 248 

including logistic regression, random forest, LightGBM, XGBoost, and MetNet/ProNet. 249 

Discriminative performance was evaluated by the Harrell’s C-index. b. Differences in 250 

discriminative performance (ΔC-index) by adding omics information to clinical predictor 251 

sets. In both panels, data are presented as point estimates (measure of centre) with error bars 252 

representing 95% confidence intervals estimated from 1,000 bootstrap resamples.253 

                   

                                                            

        

        

                      

                  

             

             

         

         

     

                

 

                                                

                   

                                                      

                      

                  

             

             

         

         

     

                  

 

                                                            



 254 
Supplementary Figure 18: Feature importance from MetNet refitted after excluding after 255 

excluding participants on lipid-lowering medication. The MetNet was refitted using an 256 

identical architecture on a subgroup of the Metabolomics-only cohort that excluded 257 

individuals on baseline lipid-lowering medication (N = 185,086). Feature importance was 258 

measured by calculating mean absolute SHAP values for the participants in the Multiomics 259 

cohort who were also not receiving lipid-lowering medication (N = 19,895). The color 260 

represents normalized mean absolute SHAP values, ranging from blue (low) to red (high). 261 

For each disease, the 50 most important metabolites were identified. The union of these 262 

features across all diseases yielded a total of 70 metabolites.263 

       

    

   

       

   

       

        

   

       

       

   

          

         

     

          

         

           

           

        

        

        

        

      

        

         

         

             

          

          

     

           

   

        

        

          

      

            

     

        

          

       

     

        

       

            

   

   

        

        

        

       

         

       

        

        

          

        

       

  

        

     

           

   

   

      

    

   

          

       

         

                      

     



 264 
Supplementary Figure 19: Predictive performance of traditional lipid-related biomarkers for 265 

cardiovascular diseases (N = 24,287). a. Discriminative performance for 17 lipid-related 266 

biomarkers. Vertical dashed lines indicate the performance of the PANEL set. Discriminative 267 

performance was evaluated by the Harrell’s C-index. b. Differences in discriminative 268 

performance (ΔC-index) by adding each individual biomarker to the PANEL set. In both 269 

panels, data are presented as point estimates (measure of centre) with error bars representing 270 

95% confidence intervals estimated from 1,000 bootstrap resamples. 271 

                   

                                                            

        

      

      

     

     

      

      

     

              

         

        

        

       

        

        

       

         

         

       

       

      

      

       

       

      

               

          

         

         

        

         

         

        

          

     

                

 

                                                

                   

                                                            

         

       

       

      

      

       

       

      

               

          

         

         

        

         

         

        

          

     

               

 

                               



 272 
Supplementary Figure 20: Predictive performance of traditional lipid-related biomarkers for 273 

cardiovascular diseases among participants not receiving lipid-lowering medication (N = 274 

19,895). a. Discriminative performance for 17 lipid-related biomarkers. Vertical dashed lines 275 

indicate the performance of the PANEL set. Discriminative performance was evaluated by 276 

the Harrell’s C-index. b. Differences in discriminative performance (ΔC-index) by adding 277 

each individual biomarker to the PANEL set. In both panels, data are presented as point 278 

estimates (measure of centre) with error bars representing 95% confidence intervals estimated 279 

from 1,000 bootstrap resamples. 280 

                   

                                                            

        

      

      

     

     

      

      

     

              

         

        

        

       

        

        

       

         

         

       

       

      

      

       

       

      

               

          

         

         

        

         

         

        

          

     

                

 

                                                

                   

                                                            

         

       

       

      

      

       

       

      

               

          

         

         

        

         

         

        

          

     

               

 

                               



 281 
Supplementary Figure 21: The architecture of MetNet (a) and ProNet (b). MLP = 282 

Multilayer perceptron, CAD = Coronary artery disease, VTE = Venous thromboembolism. 283 
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