
Supplemental Materials: 

Cell Type-Specifically Expressed Genes Exhibit Higher Levels of Chromatin Interactivity in the 

Corresponding Cell Type than Shared Genes 

We first explored the relationship between chromatin interactivity and gene expression in a cell type-

specific manner. We examined this relationship using pcHi-C data from Javierre et al. [1] and gene 

expression data from BLUEPRINT [2], in each of the five hematopoietic cell types: erythrocyte (Ery), 

macrophage/monocyte (MacMon), megakaryocyte (MK), naive CD4 T-cell (nCD4), and neutrophil (Neu) 

(Methods). We classified genes as “specific” (expressed in a cell type-specific manner) or “shared” across 

the five cell types. The promoters for cell type-specific genes have significantly more interactions than the 

shared genes across all five cell types (p-value < 0.05) (S1A-E Fig). Similar results were observed by 

Song et al. in neuron cells [3].  

We classified genes as cell type-specific or shared via the Shannon entropy across the five cell types. 

Gene expression data was downloaded from BLUEPRINT [2]. Since this gene expression is calculated by 

MMSEQ, we took exponentials so that transcript quantification was comparable to RPKM. For each 

gene, we first filtered out the lowly expressed genes with gene expression < 1 in all cell types and then 

calculated the normalized gene expression as the gene expression in one cell type divided by the sum of 

the gene’s expression across all five cell types. Next, we calculated the entropy (defined as the distance to 

log2(K), where K=5 is the number of cell types) using the relative gene expression across cell types. We 

defined cell type-specific genes as those with entropy > 0.5, in the respective cell type, and shared genes 

across cell types as those with entropy < 0.1. Approximately 534-1,814 genes are cell type-specific, 

depending on cell type (S1F Fig), and 1,476 genes meet the shared gene criteria. 

 

Use Hi-C and HiChIP data to guard against potential bias of promoter-capture Hi-C  

Promoter capture Hi-C (pcHi-C) has potential bait bias due to its design. Although the CHiCAGO 

algorithm corrects potential differential bait capture efficiency by incorporating bait bias factors into their 

model, the difference across baits in pcHi-C data cannot be ignored or completely corrected by 



mathematical modeling. To guard against the potential bait bias in pcHi-C data, we performed further 

evaluations using Hi-C and HiChIP data available for blood cell lineages, namely Hi-C data for GM12878 

[4], as well as H3K27ac HiChIP data for K562 and GM12878 [5]. In SIP score definition, we use -

log10(Fit-Hi-C [6] q-value) and -log10(MAPS [7] q-value), respectively for Hi-C and HiChIP data, to 

replace CHiCAGO score for pcHi-C data. Overall, the conclusions, our conclusions, specifically that SIPs 

are primarily driven by a large number of interactions while interaction strength (as measured by SIP 

score) for SIPs is only slightly higher than that for non-SIPs, still hold, using these Hi-C and HiChIP data 

(S10, S11 and S13 Figs).  
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