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Supplementary Methods 
 
SHAP Values 
SHAP values [1] were computed to quantify feature-level contributions to the trained TabM 
models (variants, clinical and gene expression modalities). For gene expression features, we 
used SHAP’s GradientExplainer with 50 integration steps, whereas clinical and variant 
features were analyzed using SHAP’s PermutationExplainer with max_evals = 1000. SHAP 
values were computed separately for the survival and classification heads of the model, and 
feature importance was summarized as the mean absolute SHAP value across explained 
samples. To improve numerical stability and reproducibility, attribution analyses were 
repeated across 5 folds. For each explained sample, the background set consisted of all 
remaining samples in a leave-one-out manner.​ ​ ​ ​ ​ ​
​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​  
 
Transcriptional Group Analysis 
Pairwise transcriptional similarity between samples was quantified using Pearson correlation 
across genome-wide expression profiles. For each driver class and subtype, an aggregate 
similarity score was computed as the mean pairwise similarity between all samples 
belonging to the corresponding groups. For each driver, the average similarity to its expected 
subtype(s) (analog to 'assigning proxy labels' in methods) was compared with the average 
similarity to all other subtype classes. The difference between these values defined a 
separation margin, reflecting how specifically a driver-associated expression profile 



resembled its expected subtype context relative to unrelated subtypes. This margin was 
further normalized relative to the magnitude of the expected similarity to account for scale 
differences across drivers. An overall predictability score was then calculated by averaging 
subtype specificity (mean_expected) and relative margin, such that higher scores 
corresponded to drivers showing strong and selective association with their expected 
transcriptional subtype programs.​ ​ ​ ​ ​ ​ ​ ​
​ ​ ​ ​ ​ ​ ​ ​ ​ ​  
​ ​ ​ ​ ​ ​  
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