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SUPPLEMENTARY METHODS 

 

Study participants 

We included 104 histologically normal pancreatic tissue samples from participants of self-

reported European ancestry at three participating sites: Mayo Clinic in Rochester, MN (50 samples, 

adjacent to tumor), Memorial Sloan Kettering Cancer Center in New York City, NY (36 samples, 

adjacent to tumor), and Penn State College of Medicine, Hershey, PA (18 samples, from tissue 

donors via the Gift of Life Donor Program, Philadelphia, PA). At each participating institution, 

samples were confirmed to be non-tumorous with ≥80% epithelial component by histological 

review and macro-dissection when needed. We refer to this sample set as the Laboratory of 

Translational Genomics, LTG, sample set (Supplementary Table 13).  

Data from an additional tumor-derived pancreatic samples was obtained, by formal 

permission through the TCGA Data Access Committee (DAC), from The Cancer Genome Atlas 
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(TCGA) pancreatic cancer (PAAD) dataset, which had complete RNA sequence data (n=179) and 

GWAS genotype data (n=156). Tumor percentage in these samples ranged from 5-73% (average 

31%) (Supplementary Table 14). We excluded subjects of self-reported non-European ancestry, 

with history of neo-adjuvant therapy prior to surgery, or when tumor samples were of histological 

subtypes other than pancreatic ductal adenocarcinoma tumors (PDAC). This left a total of 115 

tumor samples for this study with both RNA-seq and genotype data. The project was approved by 

the Institutional Review Boards of each participating institution as well as the NIH. 

 

Genotyping and imputation 

 DNA for the LTG sample set was isolated from blood (for samples from Mayo Clinic), 

histologically normal fresh frozen pancreatic tissue samples (for samples from Penn State) or 

histologically normal fresh frozen spleen or duodenum tissue samples (for samples from MSKCC) 

using the Gentra Puregene Tissue Kit (Qiagen). DNA samples were genotyped on the Illumina 

OmniExpress or Omni1M arrays at the Cancer Genomics Research Laboratory of the Division of 

Cancer Epidemiology and Genetics, National Cancer Institute, NIH, in Gaithersburg, MD.  Blood 

derived DNA samples for TCGA PAAD samples were genotyped on Affymetrix 6.0 arrays. After 

genotype quality control, genotypes were imputed using the 1000 Genomes (Phase 1, v3) 

imputation reference dataset and IMPUTE 2[1]. Pre-imputation filters of Hardy Weinberg 

Equilibrium (HWE) P<1x10-6, minor allele frequency (MAF)<0.01, genotype missing rate>0.05, 

A/T and G/C pairs on ambiguous DNA strand (MAF>0.45) and significantly different allele 

frequency between sample data and the1000 Genomes reference data (P<7x10-8) were used. Post-

imputation variants (single nucleotide variants (SNP) and small insertion-deletion (indel) 

polymorphisms) with MAF<0.05 or imputation quality scores (INFO score) <0.5 were removed 
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from the final analysis. We further excluded 6 histologically normal samples with less than 80% 

European ancestry as per analysis with the struct.pca module of GLU as previously described[2]. 

Due to the small sample size, we included additional in-house genotyped samples when we 

estimated population admixture (Supplementary Figure 7). 

 

RNA sequencing and data processing 

 One µg RNA (RIN scores >7.5) isolated from fresh frozen histologically normal pancreatic 

tissue samples (LTG sample set) with the Ambion mirVana kit, was poly-A enriched with 

oligo(dT) beads, fragmented and subjected to cDNA synthesis, end repair, library construction and 

massively parallel sequencing at National Cancer Institute’s CCR Sequencing Facility as 

previously described[3]. RNA sequencing was performed on Illumina’s HiSeq2000 sequencing 

platform using TruSeq v3 chemistry for paired-end sequencing (Supplementary Table 13). The 

pipeline published by University of North Carolina for processing TCGA RNA-sequencing data 

(https://cghub.ucsc.edu/docs/tcga/UNC_mRNAseq_summary.pdf) was used to analyze the RNA-

sequence data generated from our samples. MapSplice was used for read alignment and RSEM 

version 1.2.14 for gene expression quantification using the same settings and reference data 

published by UNC[4, 5]. The hg19/GRCh37-based "UCSC gene" track provided by UCSC was 

used for gene annotations for read alignment (including a total of 26,815 unique UCSC/RefSeq 

genes). Transcripts per million (TPM) estimated by the RSEM software was used to estimate gene 

expression values[4].  

We further assessed concordance rates between genotypes called from RNA-seq and those 

imputed based on SNP-array genotyping data and excluded an additional 3 samples with <80% 

https://cghub.ucsc.edu/docs/tcga/UNC_mRNAseq_summary.pdf
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concordance rate. As a result, 95 histologically normal samples were included in the final analysis 

(Supplementary Table 13). 

TCGA mRNA-seq data (level 1 read data, generated using Illumina’s HiSeq2000) for 

pancreatic cancer samples (TCGA PAAD sample set, n=115 samples after QC, Supplementary 

Table 14) was processed in the same manner as the histologically normal samples (LTG set). We 

validated our read mapping and expression quantification pipeline using the TCGA PAAD level 3 

data and observed a concordance rate >0.99. As the difference in read depth for the histologically 

normal tissue samples (approximately 300 million mapped reads per sample) as compared to the 

TCGA samples (approximately 120 million mapped reads per sample) could create a bias in the 

detection of low abundance transcripts, we analyzed the distribution of gene expression across the 

normal and tumor derived samples after upper quantile normalization. No apparent enrichment of 

low expression values was observed in the histologically normal LTG sample set as compared to 

the TCGA tumor sample set (Supplementary Figure 8). Likewise, the average total number of 

positive gene expression values per sample was very similar (17,758.3 and 17,682.7 in normal and 

tumor derived samples) indicating that a strong bias in the detection of eGenes with low expression 

values in the normal samples is not likely despite the differences in read depth. 

 

Identification of eQTLs 

The eQTL analysis was performed separately in histologically normal (LTG sample set) 

and tumor-derived pancreatic samples (TCGA PAAD sample set) using the Matrix eQTL 

program[6]. We tested associations between genotyped and imputed SNPs and the expression of 

genes evaluated by mRNA-sequencing after upper quantile normalization within samples and 

normal quantile transformation for each gene across samples. We regressed the imputed dosage 
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of the minor allele for each variant against normalized gene expression values[6]. We tested 

6,021,827 and 6,217,176 genetic variants (after QC) for their association with 16,802 and 17,075 

genes expressed (TPM>0) in more than 80% of the normal and tumor samples, respectively (the 

total number of cis-eQTL tested were 72,119,847 for the LTG samples and 74,780,322 for the 

TCGA/PAAD samples). The majority of the genetic variants were SNPs but a small fraction 

consisted of small insertion-deletion (indel) polymorphisms (8.15% in histologically normal 

sample and 8.49% in tumor sample analysis). We adjusted the linear models for age, gender, study 

and the top 5 principal components (PCs) each for genotypes (Supplementary Figure 9) and 

gene expression (Supplementary Figure 10) to account for possible measured or hidden 

confounders. We assessed if additional PCs for gene expression (PC6 – PC10) were significantly 

associated with sample category using logistic regression (comparing the two categories of 

“adjacent to cancer” vs. “non-cancer organ-donors”. No additional PC’s were significantly 

associated with sample category in multivariable cis-eQTL models with adjustments that were 

already included in our cis-eQTL models (age and PC1-PC5).   

The principal components analysis for population substructure was performed using the 

struct.pca module of GLU[2], which is similar to EIGENSTRAT[7]. For the tumor samples, we 

further adjusted for tumor stage and sequence based tumor purity (Supplementary Table 14) as 

per information provided by TCGA. Genetic variants located within +/- 1Mb of the TSSs for each 

gene were tested for cis-eQTL effects of the corresponding gene and those located more than 1Mb 

away from the gene transcripts were tested for trans-eQTL effects. A permutation procedure was 

used to adjust for multiple testing. We randomized the sample labels for the expression data (100 

times) and applied the same random indexes to the covariates except genotypes and the top 5 PCs 

for genotypes, which were preserved with original sample labels[8]. For a given nominal P-value 
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threshold 𝑝𝑝, we calculated the number of genes (denoted as 𝑁𝑁1(𝑝𝑝)) detected with cis-eQTLs. We 

also performed 100 permutations and calculated the average number of genes (denoted as 𝑁𝑁0(𝑝𝑝)) 

detected with cis-eQTLs at P-value threshold 𝑝𝑝. FDR was calculated as 𝐹𝐹𝐹𝐹𝐹𝐹(𝑝𝑝) = 𝑁𝑁0(𝑝𝑝)/𝑁𝑁1(𝑝𝑝), 

i.e. the number of expected false positives divided by the number of positive findings. We then 

selected a nominal P-value threshold that controlled FDR at the desired level. To control FDR at 

0.1, the nominal P-value threshold is P<3.0x10-6 for histologically normal (LTG) samples and P 

<1.5x10-6 for tumor-derived (TCGA PAAD samples). The variant with the smallest P-values in 

each gene was used to represent eQTL containing genes, namely eGenes. Note that some cis-

eQTL variants were shared by more than one gene (12.3% of cis-eQTLs observed in histologically 

normal tissues and 14.9% in tumor tissues).  

To assess if the detection of eGenes depends on gene expression levels, we plotted the 

average gene expression for eGenes and non-eGenes in the histologically normal and tumor 

derived samples (Supplementary Figure 11). On average, the expression of eGenes was lower 

than that of non-eGenes indicating that there is not a strong bias towards detection of eGenes for 

highly expressed genes.  

As there is likely a small amount of pancreatic islets (endocrine pancreas) in our samples, 

in particular the histologically normal tissue samples, we assessed if the eGenes were specific to 

the exocrine or endocrine pancreas, or expressed in both types of cells using a published islet 

RNAseq dataset generated with 118 islets (generously provided by Martijn van de Bunt, Mark I. 

McCarthy and Anna Gloyn from the Wellcome Trust Centre for Human Genetics and the Oxford 

Centre for Diabetes, Endocrinology and Metabolism)[9]. Using an average expression of ≥1 TPM 

across the 118 islets as a cutoff for positive expression, 20% and 25% of our eGenes were not 

expressed in islets and are thus exocrine specific in normal and tumor derived pancreatic tissues, 
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respectively. The remaining eGenes (80% in histologically normal samples and 75% in tumor 

samples) were expressed in both the exocrine and endocrine pancreatic tissue samples at this 

threshold. To further investigate if some eGenes were expressed at dramatically higher levels in 

the islet cell data, and could possibly be driving the eQTL results, we compared normalized gene 

expression in our data and the islet cell dataset. Most eGenes were expressed at similar or lower 

levels in the endocrine pancreatic samples. An exception was RPS26 (encoding 40S ribosomal 

protein S26) that was expressed approximately 1.7-fold higher in the islet dataset as compared to 

exocrine pancreas datasets. The effect sizes for these three sample sets was similar (RPS26: βLTG= 

-0.85, βTCGA/PAAD= -0.90, βIslets= -1.02). Therefore, the small fraction of islet cells (1-2%) in our 

tissue samples is not likely to be driving the eQTL results for any of the eGenes presented here. 

For the pancreatic tumor data (TCGA/PAAD), we performed an additional analysis by 

adding adjustments for local copy number alternations (CNA, assessed by analysis of genotype 

data from the Affymetrix SNP 6.0 array) and DNA methylation data (generated on Illumina’s 

HumanMethylation450 BeadChip array) using data generated by TCGA (level 3 data). For each 

gene, if half of the gene is disrupted by a CNA, we let 𝑥𝑥𝐶𝐶𝐶𝐶𝐶𝐶 be the average intensity (log R ratio) 

for the CNA event; otherwise 𝑥𝑥𝐶𝐶𝐶𝐶𝐶𝐶 = 0. Because DNA methylation in promoter regions and CpG 

islands may negatively influence gene expression, we further adjusted gene expression for DNA 

methylation. Briefly, for each gene, we identified all CpG probes in its promoter regions (up to 

1500 nucleotides upstream of the transcriptional start site, TSS1500), gene bodies and UTRs, as 

well as in CpG islands, and calculated the average DNA methylation 𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑚𝑚𝑦𝑦𝑦𝑦; if no CpG 

probes were identified, we did not adjust for local DNA methylation. Let E be the original gene 

expression, we ran a linear regression model 𝐸𝐸 = 𝛼𝛼 + 𝛽𝛽1𝑥𝑥𝐶𝐶𝐶𝐶𝐶𝐶 + 𝛽𝛽2𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑚𝑚𝑦𝑦𝑦𝑦𝑦𝑦 and calculated 

residues, which were then used for eQTL analysis following the procedure described above.  
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To assess replication of cis-eQTLs and eGenes in the publicly available Genotype Tissue 

Expression (GTEx) project[10], we downloaded their eQTL results (generated using a threshold 

of FDR<0.05) for histologically normal pancreatic tissue samples (using 149 samples from non-

cancer organ donors, http://www.gtexportal.org/). The datasets used for the analysis described in 

this manuscript were obtained from dbGaP with Data Access Committee (DAC) approval at 

http://www.ncbi.nlm.nih.gov/gap (accession number phs000424.v6.p1) on March 5, 2014. 

We adopted the approach used by Nica et al.[11] to quantify pairwise sharing of eQTLs 

in pancreatic tissue with those in other major tissue types. Based on the cis-eQTLs identified in 

histologically normal pancreatic samples (LTG) and pancreatic tumor-derived (TCGA/PAAD) 

samples, we tested for sharing for all significant SNP-gene pairs with eQTLs identified in major 

tissues (n=43) by GTEx. A limitation to this comparison is the different origin of the three 

pancreatic tissue sample sets: LTG (histologically normal, majority adjacent to tumors), 

TCGA/PAAD (pancreatic tumors, low tumor percentage) and GTEx (non-tumor autopsy tissues). 

We also assessed eQTL sharing in data generated in 118 pancreatic islets, kindly provided by Drs. 

Martijn van de Bunt, Anna Gloyn and Mark McCarthy at the Wellcome Trust Centre for Human 

Genetics and the Oxford Centre for Diabetes, Endocrinology and Metabolism, University of 

Oxford, U.K.  [9]. We used Storey's QVALUE software[12] to calculate the π1, which indicates 

the proportion of true positives. A heat map was drawn based on the pairwise π1 values 

(Supplementary Table 5). 

 

Assessing enrichment in putative functional elements 

We used the ChIPseeker R package for annotation of eQTL variants in specific genomic 

regions[13]. For functional enrichment, we mapped eQTL variants to genomic regions bound by 

http://www.gtexportal.org/
http://www.ncbi.nlm.nih.gov/gap
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transcription factors (TF) and modified histones in the PANC-1 pancreatic cancer cell line based 

on ChIP-seq peak calls (https://genome.ucsc.edu/ENCODE/downloads.html) reported by 

ENCODE[14] To compare enrichment in the pancreas to other tissues, we also performed the 

analysis using the combined ChIP-seq data for 161 transcription factors in 91 cell types in 

ENCODE[14]. We further assessed enrichment in datasets generated in our own laboratory using 

histologically normal (hTERT-HPNE) and tumor-derived (PANC-1) pancreatic cell lines for 

H3K4me1, H3K4me3 and RNAPolII[15]. Additionally, we tested the enrichment of eQTLs in 

DNase hypersensitivity sites (DHS) assessed in two pancreatic cancer cell lines (PANC-1, PA-

TU-8988T) and one pancreatic cell line derived from normal pancreatic tissues (HPDE6-E6E7) by 

ENCODE[14]. The integrated ENCODE DHS data consisting of 125 cell types was used for 

comparison. Variants in LD (r2>0.3) with eQTL variants were considered in the enrichment 

analysis as previously described[8]. In summary, assume that we had 𝐾𝐾 eQTL SNPs. An eQTL 

SNP is determined to be functionally related to a given histone mark if the SNP or any of its 

LD SNPs (r2≥0.8, LD using 1000G EUR population) reside in any of the mark regions. We 

describe a randomization procedure for testing whether the eQTL SNP set is enriched for a 

given histone mark regions. Note that the following procedure controls the distribution of minor 

allele frequencies of the given eQTL SNP set: 1.) For 𝐾𝐾 eQTL SNPs, we determined the number 

(denoted as 𝑋𝑋0) of eQTL SNPs functionally related with the histone mark, 2.) We randomly 

sampled 10,000 SNP sets. Each SNP set had 𝐾𝐾 SNPs in linkage equilibrium, with minor allele 

frequency distribution similar to the original 𝐾𝐾 eQTL SNPs. For the 𝑛𝑛𝑚𝑚ℎ sampled SNP set, we 

calculated the number (denoted as 𝑥𝑥𝑦𝑦) of SNPs functionally related with the histone mark. We 

had {𝑥𝑥1,⋯ , 𝑥𝑥10000}, corresponding to the sampled 10000 SNP sets, and 3.) Enrichment fold 

change was calculated as 𝐹𝐹𝐹𝐹 = 𝑋𝑋0
∑ 𝑥𝑥𝑛𝑛10000
𝑛𝑛=1
10000

 , where the denominator represented the average 

https://genome.ucsc.edu/ENCODE/downloads.html
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number of SNPs functionally related with the histone mark under the null hypothesis. The P-

value for enrichment was calculated as 𝑃𝑃 = {𝑛𝑛: 𝑥𝑥𝑦𝑦 ≥ 𝑋𝑋0}/10000, i.e., the proportion of SNP 

sets functionally more related with the histone mark than the given eQTL SNP set. If 𝑥𝑥𝑦𝑦 < 𝑋𝑋0 

for all sample SNP set, we reported P value as 𝑃𝑃 < 10−4.   

We also assessed enrichment genomic regions of accessible chromatin determined in islets 

(n=2 or more islets per mark) using FAIRE-seq and ChIP-seq data for the following histone 

modification marks and binding sites: H3K4me1, H3K4me3, H3K27ac, H2A.Z, CTCF [16]. The 

following chromatin state definitions were defined based the above marks using ChromHMM as 

per Horikoshi et.al [17]: active promoters, poised promoter, weak enhancers, strong enhancers, 

transcription, repressed chromatin and insulator elements. Using these classes of regulatory 

elements in islets, we assessed enrichment of the cis-eQTLs defined in histologically normal and 

tumor derived pancreatic tissue samples as described above for ENCODE data.   

Depletion of NMD factors in AsPC-1 and Capan-1 cell lines and RNA analysis 

 AsPC-1 and Capan-1 cells were obtained from ATCC and maintained at 37˚C and 5% CO2 

in Roswell Park Memorial Institute (RPMI)-1640 medium (with 10% fetal bovine serum and 1% 

penicillin/streptomycin) and Iscove’s Modified Dulbecco’s Medium (IMDM with 20% fetal 

bovine serum and 1% penicillin/streptomycin), respectively. The nonsense-mediated decay factors 

SMG6 and UPF1 were depleted by transfections of specific siRNAs (Supplementary Table 15). 

Briefly, AsPC-1 (6 x 105 cells per plate) or Capan-1 (10 x 105 cells per plate) cells were plated in 

6-cm dishes. The cells were transfected 24 hours later with siRNA at a final concentration of 20 

nM using siLentFect (Bio-Rad). After 48 hours, the cells were re-transfected using 

Lipofectamine2000 (Thermo Fisher Scientific) and harvested 48 hours later. Knockdown was 

confirmed by Western blot using specific antibodies against SMG6 (Abcam, ab87539) and UPF1 
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(a kind gift from Jens Lykke-Andersen, University of California, San Diego). Total RNA was 

purified using TRIzol reagent and PureLink RNA mini kit (Thermo Fisher Scientific) according 

to the manufacturer’s protocol and DNaseI-treated. SuperScript III Reverse Transcriptase (Thermo 

Fisher Scientific) was used for cDNA synthesis with a mixture of random and oligo-dT primers. 

The cDNA was subjected to qPCR using Platinum SYBR Green qPCR SuperMix-UDG (Thermo 

Fisher Scientific) on an Stratagene Mx3005P qPCR Instrument (Supplementary Table 16). 

 RNA decay profiles were assessed by pulse-chase experiments where cells were 

supplemented with 5-bromouridine (BrU; Sigma Aldrich, 850187; at 2 mM final concentration) 

for one hour to label newly synthesized RNA. Subsequently, BrU was removed from the medium 

and the cells were washed extensively over a period of one hour. Thereafter, cells were collected 

after 0, 4 and 8 hours. RNA was purified and BrU-labeled RNA was recovered by 

immunoprecipitation using an antibody against BrdU (BD Pharmingen, 555627)[18]. The decay 

of specific BrU-labeled RNAs was assessed by reverse transcription (RT)-qPCR.  

RNA seq data from the AsPC-1 and Capan-1 cell lines generated in our lab indicated that 

the polyA tail of the ABO mRNA is located further downstream than annotated for the ABO gene 

(RefSeq and UCSC annotations). This information guided primer design for 3’ RACE. Total RNA 

purified from the AsPC-1 cell line was reverse transcribed using an anchored oligo-dT primer with 

an adapter sequence (3' RACE Anchor Primer). Subsequently, the cDNA was subjected to 35 

cycles of PCR using an adapter-specific primer (3' RACE AUAP) and a primer specific for the 

ABO mRNA 3’UTR (ABO RACE #1). The first PCR was diluted 1:100 and subjected to 35 cycles 

of semi-nested PCR using a primer specific for the ABO mRNA matching further downstream in 

the 3’UTR (ABO RACE #2). The PCR product obtained was sequenced and the major position for 

polyA tail addition was found to be at chr9: 136,128,903 and a minor site at chr9: 136,128,850. 
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The annotated polyA site was also assessed by 3’ RACE (with an additional semi-nested PCR with 

primers ABO RACE #1annot, ABO RACE #2annot, ABO RACE #3annot), but did not give any 

visible PCR products. Primers are listed in Supplementary Table 17. 

The cell lines were authenticated with a panel of short tandem repeats (STR) using the 

Identifiler kit (Life Technologies) and compared with the ATCC and the DSMZ (German 

Collection of Microorganisms and Cell Cultures) STR Profile Databases. The cell lines were also 

routinely tested for Mycoplasma and were negative on each occasion. 

 

Allele Specific Expression (ASE) 

 The GATK Best Practice pipeline published by the Broad Institute was used for ASE count 

calling (https://www.broadinstitute.org/gatk/guide/article?id=3891; version dated 2014-03-06). 

Heterozygous coding loci were selected based on imputed genotypes. We included heterozygous 

loci in exonic regions when the imputation quality was R2>0.9 and probability of heterozygosity 

>95%. Specifically, we performed the following steps to process the RNA sequence data: read 

mapping using STAR 2-pass alignment[19], duplicate marking using Picard, split and trim reads 

into exon regiments, and indel realignment and base recalibration using GATK. Finally, the 

ASEReadCounter of GATK was used to calculate read counts per allele per sample[20]. We 

evaluated the significance of allelic imbalance using a binomial test (P<0.05 per site), comparing 

the observed to the subject and genotype specific expected allele ratios[21]. We included only 

expressed heterozygous variant sites with more than 30 reads combined from both alleles and 

performed the significance testing after down-sampling to 30 reads per site. We excluded loci with 

>5% mapping bias kindly provided by Dr. Halit Ongen at the university of Geneva, 

Switzerland[21] and loci in regions with low mappability (ENCODE 100bp mappability score < 

https://www.broadinstitute.org/gatk/guide/article?id=3891
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1) from the final analysis. After applying this QC filter, 99.2% of the allelic pairs had expected 

ratios between 0.45 and 0.55 in histologically normal samples, and 97.1% in tumor-derived 

samples, which may suggest genome instability in the latter.  

In theory, in the absence of ASE event, the expression ratio of each allele at any 

heterozygous coding locus is expected to be 0.5. However, allelic ratios for heterozygous allele 

pairs are known to deviate slightly from the expected ratio of 0.5 [22]. To try to minimize false 

ASE events due to this bias, we compared the observed allelic ratio for each coding heterozygous 

variant to the overall ratio for that specific allele pair in each sample (i.e. for each of the following 

pairs: AC, AG, AT, CA, CG, CT, GA, GC, GT, TA, TC, TG heterozygotes)[22], so that we were 

able to take into account the expected allele imbalance in the ASE analysis. On average, the overall 

allelic ratio was 0.51 in normal samples and 0.53 in tumor samples. We used publicly available 

gene centric level copy number data (based on GISTIC analysis) from TCGA to exclude ASE 

genes from tumor samples (http://www.broadinstitute.org/tcga/) as these may be due to copy 

number gains or losses. We defined significant ASE genes as genes with at least one genetic variant 

exhibiting a significant difference from the expected allele ratio of 0.5 in one or more samples at 

FDR <0.1 (calculated using the Benjamini and Hochberg approach)[23]. For the analysis of 

enrichment of eGenes in ASE genes, we randomly selected 100 genes from the genome and tested 

the enrichment of eGenes in ASE genes compared to the random set of genes. We repeated this 

process 10,000 times (10,000 permutations) to evaluate the significance of the enrichment.  

To assess ASE for pancreatic cancer GWAS risk loci and eGenes, we estimated the mean 

allelic expression ratio for the overall heterozygous coding loci in LD (D’=1 in 1000G EUR 

populations) with genotyped or imputed variants within each histologically normal sample. Based 

on the haplotypes composed of the coding and GWAS/eQTL loci, the allelic expression ratio was 

http://www.broadinstitute.org/tcga/
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calculated by dividing the reads counts for the reference allele by that of the alternative allele. We 

compared ASE ratios between samples that were heterozygous and homozygous for the 

GWAS/eQTL loci. A ratio near one was expected for homozygous samples. In the heterozygous 

samples, a ratio above one suggests the reference allele is associated with increased expression 

and vice versa. A Wilcoxon signed-rank test was used to calculate two-sided P-values in R. 

The most consistent ASE genes were selected for the histologically normal samples based 

on two criteria: 1) genes with significant ASE (FDR<0.1) at more than 25 tested loci by combining 

all tested coding loci in the gene across all samples, and 2) genes with significant cis-eQTLs 

(eGenes) at FDR<0.1. 

 

Differentially expressed genes (DEGs) and pathway enrichment analysis 

 The edgeR R package[24] was used to test differences in gene expression between normal 

and tumor samples as previously described[3]. Significant DEGs were identified as those genes 

with more than two-fold change in expression at a FDR<0.05 (the Fisher’s exact test was used for 

differential gene expression analysis and the Benjamini-Hocberg method for assessing the false 

discovery rate). We then used the Canonical Pathway and Upstream Regulator Analysis (URA) of 

QIAGEN’s Ingenuity® Pathway Analysis (IPA®, QIAGEN Redwood City, 

www.qiagen.com/ingenuity) for pathway and network enrichment analysis of DEGs. P values 

were calculated using the right-tailed Fisher Exact Test. We also used Pathway Studio® 

(www.elsevier.com/solutions/pathway-studio-biological-research) for subnetwork enrichment 

analysis (SNEA) and compared results to URA. The P value for SNEA was calculated by 

comparing the sub-network distribution of actual differential expression values to a background 

http://www.qiagen.com/ingenuity
http://www.elsevier.com/solutions/pathway-studio-biological-research
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distribution generated through a random permutation process, using a one sided Mann-Whitney 

U-Test as implemented within Elsevier’s Pathway Studio.   

 

 

SUPPLEMENTARY RESULTS 

 

Identification of trans-eQTLs in histologically normal and tumor-derived pancreatic tissues 

Statistical power for trans-eQTL analysis (eQTL variants located over 1Mb from the gene 

they regulate, or on other chromosomes) is expected to be low in our sample sets because of a 

higher multiple testing burden, as well as modest sample and effect sizes. We identified five trans-

eQTLs for histologically normal samples and another five for tumor-derived samples at FDR<0.1 

(corresponding to nominal P-values of <1.5x10-11 and <1.0x10-11, respectively; Supplementary 

Table 18).  

 

 

Differential Gene Expression in histologically normal and tumor derived pancreatic tissues. 

 We identified 1,997 (11.8%) differentially expressed genes (DEGs) at a threshold of 

FDR<0.05 (Fisher’s exact test, FDR assigned by the Benjamini-Hocberg method) and a fold 

change >2.0. Pathway enrichment analysis (Ingenuity Pathway Analysis) of these genes revealed 

enrichment of functional terms related to cancer, cell cycle and inflammation (Supplementary 

Table 19). We furthermore assessed upstream regulators of differentially expressed gene networks 

using Upstream Regulatory Analysis (URA, Ingenuity Pathway Analysis) and Subnetwork 

Enrichment Analysis (SNEA, Elsevier Pathway Studio). The most significant upstream regulators 
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included growth factors, growth factor receptors, cytokines, cell cycle regulatory proteins and 

transcriptional regulators such as EGF, ERBB2, TGFB1, IL6, IL22, TP53, CDX2, CCND1 and 

CDKN1A (Supplementary Tables 20 and 21). Among this list of highly significant upstream 

regulators of differentially expressed gene networks in pancreatic cancer was HNF1A 

(PURA=9.2x10-12 using the Fisher’s exact test, PSNEA=7.3x10-3 using a one-sided Mann-Whitney 

U-test), in accordance with our previous findings[3]. 
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