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SUPPLEMENTARY METHODS 

Positive control SNV luciferase assays 

4 positive control SNVs – rs2349075, rs9262142, rs4704864 and rs2664280 – were 

included in the MPRA library because of strong differences in luciferase signal between alleles 

in HEK293Ts and keratinocytes. rs2349075 luciferase data was previously published in Mondal, 

et al.1  The luciferase assays were performed as follows: 21-nucleotide chromosomal sequences 

containing reference or alternative alleles of both SNPs were triplicated and cloned into 

pGL4.23(Luc2-minP) vectors. For assays in HEK293T cells, 200 ng pGL4 plasmid with 

reference or alternative alleles and 2 ng pGL3 plasmid expressing Renilla luciferase were co-

transfected into cells in 6-well plates using Lipofectamine 3000 (ThermoFisher) according to the 

manufacturer's protocol. For primary keratinocytes, 500 ng pGL4 with SNPs and 5 ng pGL3 

expressing Renilla luciferase were co-transfected using TransIT-X2 (Mirus Bio) in 6-well plates. 

Cells were lysed 24 h post-transfection with 1X Passive Lysis Buffer (Promega). Dual-luciferase 

assays were performed using the Dual-Luciferase Reporter Assay System (Promega) following 

the manufacturer's instructions. Firefly and Renilla luminescence were measured using a Tecan 

M200 Infinite Pro microplate reader. 

 
Supplementary Figure 1. Luciferase activity of positive control SNVs in keratinocytes (a) and HEK293T cells (b). 
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DHS signal correlation 

DHS data from ENCODE relevant to the cell types studied was merged for each cell type 

using bedtools v2.30.02 and signals for merged peaks were averaged. The Pearson correlation 

between DHS signal and transcriptional activity (alpha, from MPRAnalyze quantitative) for 

significantly active (FDR<0.05) SNVs in the library that fell in DHS peaks for that cell type 

(using bedtools intersect) was determined. 

 

Clustering of MPRA transcriptional activity across cell types 

 For SNVs with significant activity in at least one context (MAD-based p-value from 

MPRAnalyze’s analyzeQuantification function < 0.05), Euclidean distances between z-scores of 

transcriptional activities were calculated and hierarchical clustering was performed.  

 

Enrichment in TCGA ATAC peaks 

 ATAC peak calls for each tumor type were obtained from TCGA3. Bedtools2 was used to 

intersect ATAC peaks for each tumor type with each set of cancer-specific SNVs (e.g., SNVs in 

the library associated with thyroid cancer, regardless of MPRA activity). The number of daSNVs 

associated with a given cancer found in a TCGA cancer’s ATAC peaks vs. number of non-

daSNVs was compared.  For example, to calculate enrichment of thyroid daSNVs in colorectal 

cancer ATAC peaks, we generated a 2x2 table classifying each thyroid associated MPRA SNV 

by whether it is or is not a daSNV, and whether it is or is not in a colorectal cancer ATAC peak. 

Fisher’s exact test for enrichment was run for each MPRA-cancer/TCGA-cancer comparison, 

and p-values were FDR-corrected. 

 

daSNV Luciferase assays 

401 bp of genomic sequence surrounding each SNV, with both reference and alternate 

allele versions, were synthesized as GeneBlocks (IDT), then cloned into the pGL4.23 vector 

(Promega) upstream of a minimal promoter and luciferase sequence using Gibson assembly 

(NEB). HCT116 (ATCC CCL-247, for colon cancer SNVs) and MCF7 cells (ATCC HTB-22, 

for breast cancer SNVs) were transfected with each construct using lipofectamine 3000 (Thermo 

Fisher) with 5 replicates for each allele. 48 hours later, cells were harvested, and fluorescence 

was measured using the dual luciferase reporter assay system (Promega) and the Tecan Infinite 
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M1000. Firefly and renilla blanks were subtracted from their respective measurements. Firefly to 

renilla ratios were calculated, then normalized to the control empty vector. p-values were 

calculated using a two-tailed t-test. 

 

Allele-specific ATAC analysis 

 Allele-specific ATAC sites were analyzed using heterozygous samples from Donohue et 

al. Because most SNVs were not heterozygous in those samples, the number of SNVs that could 

be assessed was limited. Analysis was performed following the method in Zhang, et al. 20204 

with the GATK pipelines previously described by van der Auwera and O’Connor5. The bwa 

package6 was used to generate allele-specific bam files, then Picard7 was used to build bam 

indices, remove duplicates and sort the bam file. GATK BaseRecalibrator was used to generate a 

recalibration table from covariates extracted from known SNVs (dbSNV_138.hg19, 

1000G_phase1.SNVs.high_confidence.hg19, 1000G_phase1.indels.hg19, and 

Mills_and_1000_gold_standard.indels.hg19). All loops and all ATAC peaks were collated for 

asHiChIP and asATAC analysis, and analysis was restricted to regions of interest. ApplyBQSR 

was used to apply the base quality score recalibration table to the SNVs. HaplotypeCaller was 

used to generate allele-specific vcf files for each sample. CombineGVCFs and GentypeVCFs 

were used to aggregate samples and create the overall SNV vcf. Variant recalibration was called 

with the following parameters:  

--resource:hapmap,known=false,training=true,truth=true,prior=15.0 

${refSNV_path}/hapmap_3.3.hg19.sites.vcf \ 

--resource:omni,known=false,training=true,truth=false,prior=12.0 

${refSNV_path}/1000G_omni2.5.hg19.sites.vcf \  

--resource:1000G,known=false,training=true,truth=false,prior=10.0 

${refSNV_path}/1000G_phase1.SNVs.high_confidence.hg19.sites.vcf \  

--resource:dbSNV,known=true,training=false,truth=false,prior=2.0 

${refSNV_path}/dbSNV_138.hg19.vcf \  

-an DP -an QD -an FS -an SOR -an MQ -an ReadPosRankSum \  

-tranche 100.0 -tranche 99.9 -tranche 99.0 -tranche 90.0 \  

-mode SNV 
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ApplyVWSR was used to generate the unfiltered SNV vcf file. The file was then filtered for 

heterozygous SNVswith a depth count >=10, and a minimum reference or alternative allele count 

>=2. A binomial test was run on each SNV comparing allele counts, then the resulting p-values 

were Bonferroni corrected. SNVs were considered asATAC if padj < 0.01 and the less abundant 

allele had half or fewer counts than the more abundant allele (ie, min(Ref/Alt, Alt/Ref) <= 0.5). 

Enrichment of daSNVs vs. non-daSNVs in the library for tissue-specific or any asATAC SNVs 

was determined using Fisher’s exact test. 

 
Integration of eQTL, GWAS, and colocalization data 

For significant BRCA MPRA variants, we extracted expression quantitative trait locus 

(eQTL) summary statistics for all tissues included in GTEx v88. We further filtered the summary 

statistics to include only SNV-gene associations with p-value <= 5e-5. To incorporate relevant 

traits with public association data, we queried SNV-trait associations corresponding to 114 breast 

cancer GWAS incorporated in GTEx and their colocalizations with eQTLs9. We obtained 

posterior probabilities of colocalization derived from coloc for all genes in all GTEx tissues, and 

identified loci potentially explained by MPRA variants with the following filters: 1) the 

colocalized region must contain at least one significant MPRA variant, 2) the region must 

contain a significant eQTL at p-value < 5e-5, and 3) the colocalization posterior probabilities 

must have P3 + P4 >= 0.75 and P4 >= 0.110.  The final filter is to ensure that substantial overlap 

between GWAS and eQTL signal exists but allows for cases where individual causal variants are 

not fully resolved. This procedure returned a list of gene-trait (i.e. eQTL-GWAS) colocalizations 

which contained eQTLs potentially driven by causal MPRA variants. 

 
Identifying ptGenes implicated in hereditary cancer syndromes or COSMIC 

Hereditary cancer syndrome genes were identified from the Online Mendelian 

Inheritance in Man11 (OMIM)’s morbid map (a catalog of human genes and genetic disorders) 

and filtered to remove mildly penetrant cancer susceptibility genes. Genes within the COSMIC 

cancer gene census (v92)12 with either Tier 1 or Tier 2 evidence were annotated as COSMIC. 

 
ptGene pathway enrichments 

Enriched Reactome pathway terms were found using ReactomePA (v. 1.38.0)13 for the 

set of: all ptGenes, ptGenes from different sources, and ptGenes for each cancer.For individual 
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cancer types, the set of genes expressed (TPM > 0) in RNA-seq data from the corresponding cell 

type was used as the background14. For all ptGenes and the gene source analyses, whole genome 

background was used. To determine how MPRA influenced the pathways found versus GWAS 

background, we compared enrichment of the ptGenes for Reactome pathways to enrichment of 

2000 simulated gene sets derived from randomly selected SNVs in the library to generate 

empirical p-values. 

 

Co-essentiality analysis 

Co-essential genes were found in Wainberg et al., 201915, which used genome-wide 

CRISPR screens across 485 cancer cell lines to identify co-essentiality using a generalized least-

squares regression. In our network, we included non-syntenic co-essential gene pairs with 

FDR<0.10. For Fig. S7a, we seeded the network using all MPRA hit ptGenes (FDR < 0.05). We 

included any other gene in the network that was annotated as co-essential with at least two of the 

seed genes. Network nodes represent genes, and edges represent a co-essential relationship at 

FDR<0.10 with BioGrid16 or BioPlex17 interaction support.  

 

Cancer Survival Analysis 

Prediction of Clinical Outcomes from Genomic Profiles (PRECOG)18 was used to correlate 

expression of eight mitochondrial translation ptGenes with cancer survival across 12 TCGA 

cancers. Statistical associations between outcomes and gene expression are represented by z-

scores. 
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