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The receptive field is calculated using: 

𝑅𝐹𝑛𝑒𝑤  =  𝑅𝐹𝑜𝑙𝑑 + (𝑘 − 1) × 𝑠𝑡𝑟𝑖𝑑𝑒 

where 𝑘 = 8,6,4 is the kernel size and the stride refers to the step size of the operation. For our CNN, the 

receptive field expands as follows: 

𝑅𝐹𝑐𝑜𝑛𝑣1 = 1 + (8 − 1) × 1 = 8 

𝑅𝐹𝑚𝑎𝑥_𝑝𝑜𝑜𝑙1 = 8 + (2 − 1) × 1 = 9 

𝑅𝐹𝑐𝑜𝑛𝑣2 = 9 + (6 − 1) × 2 = 19 

𝑅𝐹𝑚𝑎𝑥_𝑝𝑜𝑜𝑙2 = 19 + (2 − 1) × 2 = 21 

𝑅𝐹𝑐𝑜𝑛𝑣3 = 21 + (4 − 1) × 4 = 33 

 

 

Supplementary Figure S1. An example of what a GTEx genotype-tissue specific expression profile looks 

like. 



 

Supplementary Figure S2. Extending the hybrid model to estimate tissue-specific gene expression profiles 

in the mouse genome. 

 



 

Supplementary Figure S3. Scatter plot showing mean estimation error (1–PCC) for promoter lengths of 666 

bp, 1573 bp, and 2773 bp. 

 

Supplementary Table S1 

 

Fold  Chromosomes # of genes 1-PCC MSE 

1 chr1, chr5, chr8, chr18 3557 0.397412 0.218823 

2 chr19, chr7, chr10, chr20, chr21 3517 0.419198 0.218892 

3 chr11, chr6, chr4, chr14 3357 0.380512 0.211320 

4 chr2, chr12, chr9, chr15 3339 0.406590 0.218101 

5 chr17, chr3, chr16, chr22, chr13 3536 0.390476 0.220122 

Mean 1-PCC ±  std = 0.3988376 ± 0.013284 

Mean MSE ±  std = 0.217451 ± 0.003133 

 


