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SUPPLEMENTAL RESULTS
Enrichment of melanocyte eQTLs in genomic features

Melanocyte eQTL SNPs were enriched (permutation test P < 1 x 10#) upstream of
genes (within 1-5 kb of the TSS; ~2.5 fold), as well as in gene promoters, 5’ UTRs, exonic
regions, first exons, first introns, introns, intron-exon boundaries (+/- 200bp encompassing exon
splice regions), and 3' UTRs, but not in intergenic regions or annotated lincRNA regions
(Supplemental Fig. S4). Consistent with this enrichment, most of the melanocyte eQTL SNPs

were centered within +/- 250kb of transcription start sites (TSS) (Supplemental Fig. S5).

Mediation analysis of IRF4 trans-eQTL

To assess if IRF4 expression levels mediate the observed trans-eQTL effect for four
genes, we applied the following regression-based methods. Firstly, the residuals of the four
trans-eQTL gene expression levels were regressed against rs12203592 after accounting for
IRF4 levels. The results indicated considerable increases in association P-values of the
residuals for all four genes, suggesting that IRF4 expression accounts for the most of
association between the SNP and four trans-eQTL genes (Supplemental Table S10-A).
Secondly, the expression levels of four trans-eQTL genes were regressed against rs12203592
with or without IRF4 level as a covariate. This time, their association effect sizes and P - values

were not significantly affected by IRF4 expression (Supplemental Table S10-B,C).

Colocalization of nevus count and pigmentation traits GWAS

We applied eCAVIAR colocalization analyses to GWAS data for melanoma-associated

traits, specifically number of melanocytic nevi (4 loci; bioRxiv, https://doi.org/10.1101/173112)

and three pigmentation traits (skin pigmentation, ease of tanning, and hair color; 11 loci; GWAS

catalog, https://www.ebi.ac.uk/gwas/; UK Biobank, http://www.ukbiobank.ac.uk/) (Sudlow et al.

2015)) using the melanocyte and skin eQTL datasets. eCAVIAR analyses indicated that 2 of 4
nevus count loci and 6 of 11 pigmentation loci colocalized with melanocyte or skin eQTLs

(CLPP > 0.01; Supplemental Table S14-S16). Melanocyte eQTL alone accounted for 4 genes
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for nevus count and 5 genes for pigmentation traits, while skin datasets did for 7 genes for
nevus count and 25 for pigmentation traits. Notably, MTAP for nevus count as well as IRF4 for
skin pigmentation were supported both by melanocyte and a skin dataset. For hair color, a
pigmentation gene, ASIP displayed the highest CLPP score (CLPP = 1) for 20g11.21 locus,
while the signal is absent in melanocytes, which is consistent with ASIP expression not being

detectable in melanocytes.

Colocalization analyses for pigmentation traits highlighted collaborative contribution of
whole skin tissue and melanocyte eQTL in target gene prediction. For skin pigmentation, known
pigmentation genes, IRF4 and SLC24A4, were identified with high CLPP scores from
melanocyte dataset, while IRF4 was also supported by sun-exposed skin dataset. Importantly,
colocalization for ASIP, an important paracrine regulator of melanogenesis (Suzuki et al. 1997),
overlapping the Chr20g21 hair color/ease of tanning locus was only observed in sun-exposed
skin but not in melanocytes. This is consistent with the findings that ASIP is not expressed in
melanocytes of epidermis but in dermal components of skin (Liu et al. 2015). ASIP encodes an
antagonist to melanocortin 1 receptor, MC1R, on the melanocytic cell membrane (Wolf Horrell
et al. 2016), and is not expressed at a detectable levels in our melanocytes (median FPKM = 0).
Analyses including both melanocyte and skin tissue data are thus complementary and allow for
a more comprehensive understanding of context-dependent eQTLs underlying pigmentation

trait GWAS loci.

TWAS joint/conditional analyses

We conducted conditional analyses on the TWAS loci displaying marginally significant
associations with multiple genes from melanocyte and GTEX tissue datasets. Using melanocyte
data, we noted two significant genes on Chr16g22.1: ZFP90 and CDH1. Upon conditioning the
analysis on predicted expression of ZFP90, little GWAS signal remained, and ZFP90 was jointly

significant in this locus, while considerable GWAS signal still remained when the analysis was



conditioned on CHD1 (joint P-values are 1.9 x 107 for ZFP90 and 0.43 for CDH1 when
conditioned on ZFP90; Fig. 5A). Similarly, conditional analyses indicated that MSC but not
RP11-383H13.1 explains the most of melanoma GWAS signal at Chr8q13.3 (Joint P values are
4.3x10°® for MSC and 0.9 for RP11-383H13.1 when conditioned on MSC; Fig.5C). The same
approach was then applied to the loci with marginally significant TWAS signals for multiple
genes or a single gene coming from multiple tissue reference sets including melanocytes and
GTEXx tissues. Chr1g21.3 among them was the most complicated melanoma locus, where nine
genes from 41 tissue types (Supplemental Table S20) exhibited genome-wide significant
TWAS signal. Among these genes, CTSS was significant in a joint model, and when conditioned
on CTSS, most of the GWAS signal disappeared (Supplemental Fig. S9). This analysis further
identified significant TWAS genes that explain the most of the GWAS signal for two other
complex loci (CASP8 on Chr2g33-q34, and MAFF and DMC1 on Chr22q13.1; Supplemental

Table S20).

Additional summary of melanoma susceptibility genes newly identified by TWAS
Higher ZFP90 mRNA levels (TWAS P = 1.95 x 107) were associated with melanoma

risk. This gene encodes a zinc-finger protein implicated in susceptibility to obesity (Schadt et al.
2005) as well as systemic lupus erythematosus (Morris et al. 2016) with strong eQTL evidence
in mouse liver and human blood cells, respectively, suggesting that this gene is under strong
genetic control by heritable variants. At Chr12p13.1, lower expression levels of HEBP1, a
ubiquitously expressed heme-binding protein found in vesicles and in the nucleus which
influences the MAP kinase pathway via proteolysis (Devosse et al. 2011), were found to be
associated with melanoma (TWAS P = 4.48 x 107). Increased MSC mRNA levels
(Chr8g13.3;TWAS P = 4.27 x 10°) were associated with melanoma; this gene encodes an E-
protein-binding transcription factor, musculin, with known roles in myogenesis (Lu et al. 1999)
and induced regulatory T cell development (Wu et al. 2017). At the Chr9p24.3 locus, CBWD1

(TWAS P =5.52 x 10°°, lower levels were associated with melanoma) encodes cobalamin
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synthetase W domain-containing protein 1. KIF9 on Chr3p21.31 encodes kinesin-like protein
KIF9 which is required in spindle length control and mitotic progression (Andrieu et al. 2012).
ZBTB4 gene product is a methyl-CpG-binding protein, loss of which promotes tumorigenesis by

increasing genome instability (Roussel-Gervais et al. 2017).



SUPPLEMENTAL METHODS
Melanocyte culture

We obtained frozen aliquots of melanocytes isolated from foreskin of 106 healthy newborn
males who are mainly of European descent following an established protocol (Halaban et al.
2000) from SPORE in Skin Cancer Specimen Resource Core at Yale University. Melanocytes
were first thawed and cultured for two passages to be expanded and re-frozen. A fraction of
samples failed to grow back from frozen stocks or harbored irrepressible contamination, and
was excluded from the study. The final number of samples included in the eQTL analysis was
106. For RNA and DNA isolation, a vial of expanded stock for each sample was thawed and
cultured for two passages and harvested at log phase to capture gene expression profiles of
actively proliferating cells. First round and second round of cultures were performed in
randomized batches to minimize variability that could be introduced by culture condition over
time. During both rounds of cultures, cell morphology, pigmentation status, and growth speed
were closely monitored and recorded. Cells were grown in Dermal Cell Basal Medium (ATCC®
PCS-200-030™) supplemented with Melanocyte Growth Kit (ATCC® PCS-200-041™) and 1%
Amphotericin B/Penicillin/Streptomycin (120-096-711, Quality Biological) at 37°C with 5% COx,
and trypsinized with Trypsin/EDTA Solution (R-001-100, Cascade Biologics) as well as Trypsin
Neutralizer Solution (R-002-100, Cascade Biologics). Media was changed every 2-3 days when
necessary. Throughout the whole process two specific lot numbers of medium and supplement
were used for consistency, and for the final passage of at least 2 days before harvesting cells
for RNA and DNA, a single lot number of medium and supplement was used for the whole
panel. Every step of DNA/RNA isolation, and sequencing/genotyping processes were also
performed in re-randomized batches. Before harvesting the cell, media was taken and tested
for mycoplasma contamination using MycoAlert PLUS mycoplasma detection kit (LTO7-710,

Lonza). All 106 samples were negative for mycoplasma contamination.



Genotyping and imputation

Cells were harvested at log phase by trypsinization and kept at -80C°. Genomic DNA was
isolated from frozen pellets in randomized batches using the Gentra Puregene Cell Kit (158745,
Qiagen). DNA quantity and quality was assessed by NanoDrop8000 spectrophotometer, Quant-
iT PicoGreen dsDNA Assay kit (Thermo Fisher Scientific), and agarose gel running. All samples
were profiled using Applied Biosystems Identifiler STR panel prior to genotyping to exclude
unexpected duplicate samples or contaminated samples from the analyses. DNA samples were
then genotyped on the Illumina OmniExpress arrays (HumanOmniExpress-24-v1-1-a) in
randomized batches of 24 samples per chip at the Cancer Genomics Research Laboratory of
the Division of Cancer Epidemiology and Genetics (NCI/NIH). Genome Studio (lllumina, Inc.)
was used to cluster and normalize the raw genotyping data and the genotype calls and SNP

statistics were generated and exported to PLINK format (https://www.cog-genomics.org/plink2).

After genotype quality assessment, only the samples passing the following cutoffs were
included in the further analyses: minor allele frequency (MAF>0.01), genotype call rate (both
sample and SNP call rate>0.95), Hardy Weinberg Equilibrium (HWE>107), and sample
heterozygosity (>0.3 & <0.38). Included samples also passed gender check (all male) and
cryptic relatedness test (Pi_HAT < 0.05), and computed principal components (PCs),
assessment of ancestry and population structure were also performed by using PLINK2 and

GLU (https://github.com/bioinformed/glu-genetics). After genotype quality control, genotypes

were imputed using Michigan Imputation Server (Das et al. 2016) based on 1000 Genomes
(Phase 3, vb) reference panel (The 1000 Genomes Project Consortium et al. 2015) and Mixed
population, and using SHAPEIT (Delaneau et al. 2011) for pre-phasing. Post-imputation genetic
variants (single nucleotide variants (SNP) and small insertion-deletion (indel) polymorphisms)
with MAF<0.01 or imputation quality scores (R-squared) <0.3 were removed from the final
analysis. For the duplicate samples, the sample with the highest SNP call rate was selected.

Overall, ~713,000 genotypes were obtained, and 10,718,646 genotypes were further imputed.


https://www.cog-genomics.org/plink2
https://github.com/bioinformed/glu-genetics

Due to the small sample size, we included all samples that passed genotyping QC but
histologically carry a range of African and Asian ancestry while accounting for ancestry in the
further analyses as covariates. Based on estimation of population admixture using ADMIXTURE
(Alexander et al. 2009) analysis, three individuals displayed mainly African ancestry (YRI score
> 0.8) and another 12 admixture of European and African ancestries (both CEU and YRI scores
> 0.2 and < 0.8). Three other individuals displayed mainly Asian ancestry (CHB score > 0.8) and
four more individuals admixture of European and Asian ancestries (both CEU and CHB scores
> 0.2 and < 0.8). The remaining 84 samples displayed mainly European ancestry (CEU score >
0.8 or CEU score > 0.7 with secondary ancestry scores < 0.2). For eQTL analysis, we included
the top 3 genotyping principal components as covariates. The principal components analysis for
population substructure was performed using the struct.pca module of GLU (Wolpin et al. 2014),

which is similar to EIGENSTRAT(Price et al. 2006).

RNA sequencing and data processing

Cells were harvested at log phase by washing with cold PBS on ice followed by lysis with
QIAzol lysis reagent and stored at -80°C. Total RNA was isolated using miRNeasy Mini Kit
(217004, Qiagen) in randomized batches with the following changes to the protocol. To reduce
melanin carryover, cell lysate in QlAzol reagent was heated at 65°C for 5 minutes before the
addition of chloroform and phase separation. To maximize the yield, pass-through after binding
was re-loaded on the miRNeasy column. After elution and before storage, RNase inhibitor
(RNaseOUT Recombinant Ribonuclease Inhibitor, 10777019, Thermo Fisher Scientific) was
added to purified RNA. RNA guantity and quality was assessed using NanoDrop8000
spectrophotometer and Bioanalyzer, which yielded RIN>9 for all 106 samples and RIN=10 for
>75% of the samples. Poly(A) selecteseqd stranded mRNA libraries were constructed from 1 pg
total RNA using the lllumina TruSeq Stranded mRNA Sample Prep Kits according to
manufacturer’s instructions except where noted. Amplification was performed using 10 cycles to

minimize the risk of over-amplification. Unique barcode adapters were applied to each library,
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and libraries were pooled in randomized batches for sequencing. The pooled libraries were
sequenced on multiple lanes of a HiSeq 2500 using version 4 chemistry to achieve a minimum
of 45 million 126 base paired reads (average of ~87.9 million reads). The data was processed
using RTA version 1.18.64 and CASAVA 1.8.2. The updated pipeline originally published by
University of North Carolina for processing TCGA RNA-sequencing data
(https://cghub.ucsc.edu/docs/tcga/lUNC_mRNAseq_summary.pdf) was used to analyze the
RNA- sequence data generated from our samples. In summary, starting from raw lllumina

FASTQ files, FASTQC (http://www.bioinformatics.babraham.ac.uk/projects/fastgc/), RSeQC

(Wang et al. 2012) and QuickRNAseq (Zhao et al. 2016) were used to do the quality check and
data interactive visualization. STAR (version 2.5.0b) (Dobin et al. 2013) was used for aligning
reads to the human genomic reference (hg19) with the gene annotation from GENCODE

Release 19 (https://www.gencodegenes.org/releases/19.html). RSEM (version 1.2.31,

http://deweylab.github.io/RSEM/) was used to quantify the gene expression to transcripts per

million (TPM), and then quantile normalization was applied to the TPM in all samples to obtain
the final RSEM value. Using the RNA-seq BAM file and after QC genotyping data, we further
checked whether the reads were contaminated as a mixture of two samples by VerifyBamID
and no contamination was found (Jun et al. 2012). For eQTL analysis, we used the same
method of post-processing gene expression data as the GETx project

(http://www.gtexportal.org). Genes were selected based on expression thresholds of >0.5

RSEM in at least 10 samples and 26 reads in at least 10 samples. After processing, 19,608
genes (GenCODE Release 19) were expressed above cutoff levels in primary melanocytes.
Expression values were quantile normalized to the average empirical distribution observed
across samples. For each gene, expression values were inverse quantile normalized to a
standard normal distribution across samples. To control for hidden batch effects and other
confounding effects that could be reflected in the expression data, a set of covariates identified
using the Probabilistic Estimation of Expression Residuals (PEER) method (Stegle et al. 2010)

11
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was calculated for the normalized expression matrices. The top 15 PEER factors were
determined based on the sample size and optimizing for the number of eGenes discovered (15

factors for N<150).

Identification of cis-eQTLs in primary melanocytes

Cis-eQTLs analysis was performed closely following a recent standard procedure adopted by
GTEX (The GTEx Consortium et al.

2017)(https://www.gtexportal.org/home/documentationPage#staticTextAnalysisMethods). In

brief, cis-eQTL mapping was performed using FastQTL (Ongen et al. 2016), using the
expression data, imputed genotype data and covariates described above. First, nominal P-
values were generated for each variant-gene pair by testing the alternative hypothesis that the
slope of a linear regression model between genotype and expression deviates from 0. Genetic
variants located within +/- 1Mb of the TSSs for each gene were tested for cis-eQTL effects of
the corresponding gene. Variants in imputed VCF were selected based on the following
thresholds: the minor allele was observed in at least 10 samples (the minor allele frequency was
2 0.05). Second, the beta distribution-adjusted empirical P-values from FastQTL were used to
calculate g-values (Storey and Tibshirani 2003) and a false discovery rate (FDR) threshold of
<0.05 was applied to identify genes with a significant eQTL (“eGenes”). The adaptive
permutations mode was used with the setting “--permute 1000 10000”. The effect size of the
eQTLs was defined as the slope of the linear regression and is computed as the effect of the
alternative allele (ALT) relative to the reference allele (REF). Last, to identify the list of all
significant variant-gene pairs associated with eGenes, a genome-wide empirical P-value
threshold, p:, was defined as the empirical p-value of the gene closest to the 0.05 FDR
threshold. p; was then used to calculate a nominal p-value threshold for each gene based on the
beta distribution model (from FastQTL) of the minimum P-value distribution f(pmin) obtained from

the permutations for the gene. Specifically, the nominal threshold was calculated as F(py),
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where F* is the inverse cumulative distribution. For each gene, variants with a nominal p-value
below the gene-level threshold were considered significant and included in the final list of
variant-gene pairs. The number of identified eGenes and significant eQTLs was approximately
three times higher than those from data analyzed without using PEER factors as covariates
(Supplemental Table S2). Application of PEER factors almost doubled the number of eGenes
known to be related to pigmentation phenotypes (0.8% vs 1.5%; Fisher’s exact test P-value =

0.0335).

Identification of cis-eQTLs in TCGA SKCM dataset
Level 2 TCGA SKCM Genotyping data were collected from NCI Genomic Data Commons Data

Portal (GDC Legacy Archive) (https://portal.gdc.cancer.gov). Only Blood Derived Normal

sample genotyping data were kept (TCGA sample type code 10). Genotype calls for the
906,600 SNP probes assayed using Affymetrix Genome-Wide Human SNP Array 6.0 platform
were processed using Birdseed (Korn et al. 2008). Genotype calls were coded as 0, 1 or 2
according to the number of variant alleles and filtered according to a Birdseed confidence
threshold of 0.05. The genotyped data were subjected to the same additional quality control
filtration criteria as for the previous melanocyte genotyping data processing. SNPs with call
rates <0.9 or minor allele frequencies (MAF) <0.05 were excluded, as were SNPs out of Hardy
Weinberg equilibrium with p<10®. All samples with a call rate below 0.95 were excluded. Cryptic
Relatedness Check (Pi_HAT<0.05), computed PCs, assessment of ancestry and population
structure were also performed using PLINK2 and GLU. In total, 443 samples and 736,502 SNPs
passing all the criteria were included in the analysis. Genotypes passing the QC were also
imputed using the Michigan Imputation Server (Das et al. 2016) based on 1000 Genomes
(Phase 3, v5) (The 1000 Genomes Project Consortium et al. 2015) reference panel and EUR
population and using SHAPEIT for pre-phasing. Similar post-imputation filters were applied as
follows. MAF<0.01 or imputation quality scores (R-squared) <0.3 were removed from the final

analysis. Level 3 RNA-seq data of TCGA SKCM were also collected from NCI Genomic Data
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Commons Data Portal (GDC Legacy Archive). The expression quantification was quantile
normalized as “RSEM” (Li and Dewey 2011) with the NCBI gene annotation reference
(“TCGA.hg19.June2011.gaf”). Genes were selected based on expression thresholds of RSEM
>=3 and SD >0.2. In addition, Level 3 SKCM Copy number data were collected from cBioPortal

(http://www.cbioportal.org) (Cerami et al. 2012; Gao et al. 2013). Both relative linear DNA copy-

number values and putative copy-number calls were determined using GISTIC 2.0 (Mermel et
al. 2011) and obtained for each gene. We performed a similar cis-eQTL analysis for TCGA
SKCM data by using FastQTL (Ongen et al. 2016). For the covariates, both the top 3
genotyping principal components and regional DNA copy numbers were included. Two cis-
eQTL datasets were generated based on the copy number covariates. First, we performed
eQTL analysis using the relative linear copy-number values as a covariate for 349 TCGA SKCM
samples with expression and genotyping data available. Second, based on the putative copy-
number calls determined using GISTIC 2.0, we performed the same cis-eQTL analysis using
FastQTL exclusively for each gene and only included the sample with copy neutral status for the
same tested gene. The first method was used for comparisons with other datasets throughout

the manuscript.

Pairwise eQTL sharing between primary melanocytes and 44 GTEX tissues

To assess replication of cis-eQTL and eGenes in the publicly available Genotype Tissue
Expression (GTEX) project (The GTEx Consortium 2013; The GTEx Consortium et al. 2017), we
collected eQTL results from 44 tissue types with >= 70 samples (The GTEx Analysis V6p,

https://gtexportal.org/). The eGene and significant SNP-gene associations based on

permutations were collected (GTEx_Analysis_v6p_eQTL.tar) and every SNP-gene association
test (including non-significant tests) were download from GTEX website. To test the sharing of
all significant SNP-gene pairs of our melanocytes eQTL study with the ones identified in 44
tissue types by GTEx, we used the threshold of FDR <0.05 and calculated the pairwise m;

statistics. We used Storey's QVALUE software (Storey and Tibshirani 2003)
14
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(https://github.com/StoreyLab/gvalue) to calculate the 1, which indicates the proportion of true

positives. A heat map was drawn based on the pairwise 1, values. The pairwise 171 statistics are
reported for single-tissue eQTL discoveries in each tissue. Higher 1, values indicate an
increased replication of eQTLs. Tissues are grouped using hierarchical clustering on rows and
columns separately with a distance metric of 1 — p, where p is the Spearman’s correlation of m
values. 1 is only calculated when the gene is expressed and testable in both the discovery and

the replication tissues.

Mappability of transcripts for trans-eQTL quality control

Mappability of transcripts for trans-gene was measured following a recently published work by
GTEXx consortium (The GTEx Consortium et al. 2017). Mappability of every k-mer of the
reference human genome (hg19) computed by the ENCODE project (ENCODE Project
Consortium 2012) was downloaded from the UCSC Genome Browser under accession;
wgEncodeEH000318 and wgEncodeEHO000317. Exon- and untranslated region (UTR)-
mappability of a gene were computed as the average mappability of all k-mers in exonic regions
and UTRs, respectively. We chose k = 100 for exonic regions, as it was the closest to our RNA-
seq read length among all available values of k. However, as UTRs are generally small regions,
and 36 is the smallest among all possible values of k, we chose k = 36 for UTRs. We computed
the mappability of a gene using the weighted average of its exon-mappability and UTR
mappability, weights being proportional to the total length of exonic regions and UTRs,
respectively.

Identification of trans-eQTLs in primary melanocytes

trans-eQTL analysis was performed for SNPs that are located over 5Mb away from the TSS of
each gene or on a different chromosome. Genes of mappability < 0.8 or overlapping low
complexity regions defined by RepeatMasker library were excluded from the analysis. The

nominal P-values for gene-SNP pairs in trans-eQTL analysis were calculated using the Matrix-
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eQTL program (Shabalin 2012). We performed multiple testing to identify significant trans-
eQTLs following our previous approach (Shi et al. 2014). SNPs with call rates <0.9 or minor
allele frequencies (MAF) <0.05 were excluded, as were SNPs out of Hardy Weinberg
equilibrium with p<10. For each nominal P-value threshold p, we calculated the number of
genes (denoted as N; (p)) that has at least one SNP in its trans region with nominal P-value less
than the threshold p. Here, N; (p) denotes the number of trans-eQTL genes at P-value threshold
p. Next, we performed 100 permutations to estimate the number of genes (denoted as N, (p))
detected to have trans-eQTL signals at nominal P-value p under the global null hypothesis. By
definition, one can calculate FDR as FDR = Ny(p)/N;(p). We chose p = 3.25 x 10! to control

FDR at a desired level of 0.1.

Identifying cis-mediators for trans-eQTLs in primary melanocytes

We applied the Genomic Mediation analysis with Adaptive Confounding adjustment (GMAC)
(Yang et al. 2017) algorithm to identify cis-mediators for trans-eQTLs in primary melanocytes
eQTL data. Only the trios with evidence of both cis and trans association were kept. The cis-
eSNP with smallest P-value for each gene (eQTL FDR<0.05) and trans-association P-value is
less than 10° was selected as one trio. Up to 5 PEER factors and other covariates (top 10
genotype PCs) were adjusted. 100,000 permutations for testing mediation were performed and

trios with suggestive mediation were reported using mediation P-value threshold <0.05.

Allele specific Expression (ASE)

ASE analysis was performed based on the GATK best practices pipeline in allelic expression

analysis published by the Broad Institute (Castel et al. 2015). We included heterozygous loci in
exonic regions when the imputation quality was R#>0.9 and probability of heterozygosity >95%.
Specifically, RNA-seq data BAM files were post-processed according to the pipeline: duplicate

marking using Picard (https://broadinstitute.github.io/picard/), and indel realignment and base

recalibration using GATK (https://software.broadinstitute.org/gatk/). The ASEReadCounter
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implemented in GATK was used to calculate read counts per allele per sample (Castel et al.
2015).

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 (Ongen et al. 2014) and loci in regions with low mappability (ENCODE
125bp mappability score < 1) from the final analysis. We evaluated the significance of allelic
imbalance using a binomial test in each individual level, comparing the observed to the subject-
and genotype-specific expected allele ratios (Ongen et al. 2014). To minimize false ASE events
resulting from mapping bias specific to different DNA bases, 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) (Lappalainen et al. 2013), so that we were able to take into account the
expected allele imbalance in the ASE analysis. In addition, the effect size of allelic expression
(AE, defined as |0.5-Reference ratio|) were calculated. We defined significant ASE genes as
genes with at least one genetic variant exhibiting a minimum effect size of 0.15 or a significant
difference from the expected allele ratio of 0.5 at FDR <0.05 (calculated using the Benjamini
and Hochberg approach) (Benjamini and Hochberg 1995) in one or more individuals. Significant
ASE genes were then grouped into melanocyte eGenes and non-eGenes, and |Mean AE|
values as well as percentage of individuals displaying allelic imbalance were compared between

two groups (Wilcoxon Rank Sum and Singed Ranked Test).

Assessing enrichment in putative functional elements

To assess the enrichment of cis-eQTL in putative functional elements of primary melanocytes,
we collected the DNase-seq and ChIP-seq data from the Epigenome Roadmap Project

(http://www.roadmapepigenomics.org) (Roadmap Epigenomics Consortium et al. 2015).

Promoter and enhancer histone marks as well as DHS information of penis foreskin primary

17


http://www.roadmapepigenomics.org/

melanocytes are available for different subsets of three individuals: ChlP-seq BED files for
H3K4mel (skin01: GSM941728; skin02: GSM941730; skin03: GSM958152) and H3K4me3
from 3 individuals (skinO1: GSM941719; skin02: GSM941731; skin03: GSM958151), H3K27ac
for 2 individuals (skin01: GSM1127072; skin03: GSM1127073 and GSM958157), and DHS data
from 2 individuals (skinO1: GSM774243 and GSM774244; skin02: GSM1027307and

GSM1027312) were downloaded. MACS2 (http://liulab.dfci.harvard.edu/MACS/) (Zhang et al.

2008) was used to generate histone H3K4mel/Histone H3K4me3/Histone H3K27ac/DHS peaks
using the default settings and FDR 1% cutoff. For each putative functional element, we merged
peak callings from all samples into one, and all the significant melanocyte eQTL SNP-Gene
pairs were used for the enrichment analyses using a similar method to a recent publication
(Zhang et al. 2017). Briefly, we performed randomizations for testing whether an eQTL SNP set
is enriched for given histone mark regions. Note that the following procedure controls for the
distribution of minor allele frequencies of a given eQTL SNP set: 1.) For K eQTL SNPs, we
determined the number (denoted as X,) of eQTL SNPs functionally related with the histone
mark, 2.) We randomly sampled 10,000 SNP sets. Each SNP set had K SNPs in linkage
equilibrium, with minor allele frequency distribution similar to the original K eQTL SNPs. For
the nt"* sampled SNP set, we calculated the number (denoted as x,,) of SNPs functionally

related with the histone mark. We had {x;, -+, 19000}, COrresponding to the sampled 10000

SNP sets, and 3.) Enrichment fold change was calculated as FC = 210%
n=1_*n
10000

, Where the

denominator represented the average number of SNPs functionally related with the histone
mark under the null hypothesis. The P-value for enrichment was calculated as P =

{n:x,, = X,}/10000, i.e., the proportion of SNP sets functionally more related with the histone
mark than the given eQTL SNP set. If x,, < X,, for all sample SNP set, we reported P value as

P < 107*. In addition, we also assessed enrichment of cis-eQTLs in different genomic regions
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including 5'/3'-UTR, promoter, exon, intron, intergenic and INCRNA region as described in R

annotatr package (https://github.com/hhabra/annotatr).

Enrichment of melanoma GWAS variants in eQTLsS

Two methods were used to evaluate if the melanoma GWAS variants are enriched in eQTLs of
different datasets. First, QQ plots were used to show the differences in melanoma association
P-values between the significant eQTL SNPs and non-eQTL SNPs. For all the GWAS variants,
we first performed LD pruning using PLINK (Purcell et al. 2007) (r* = 0.1 and window size 500
kb), so that the remaining SNPs are independent. Then, based on eQTL data, these pruned
SNPs were classified into two groups. If a SNP is an eQTL or is in LD (r? > 0.8) with an eQTL
SNP, the SNP is classified as eQTL SNPs. Otherwise, it is classified as non-eQTL SNPs. QQ
plots were generated using the melanoma GWAS P-values from the most recent meta-analysis
(Law et al. 2015) for eQTL SNPs versus non-eQTL SNPs. Deviation from the 45-degree line
indicates that melanoma GWAS SNPs are strongly enriched in eQTL SNPs. The lambda values
were estimated using the “estlambda2” function in R package “QQperm”

(https://github.com/cran/QQperm). For the second method, a similar simulation procedure

was applied to identify overlap and test for enrichment of eQTLs in melanoma GWAS SNPs
(Hannon et al. 2016). All significant eQTLs were ‘clumped’ based on the best eQTL p value
using PLINK to create a list of quasi-independent SNPs (r?<0.25 for all pairs of SNPs within
250kb) and to prevent LD between SNPs in the set biasing the results. A more stringent
clumping procedure was used for SNPs located in Chr5:25000000-35000000, where the
window for pairwise SNP comparisons was extended to 10,000kb. 1,000,000 simulated sets
matched for allele frequency were drawn to calculate the expected overlap between the eQTL
SNP and melanoma GWAS variants at four GWAS significance thresholds (P<5E-5,5E-6,5E-
7,5E-8) and generate empirical P-values. Empirical significance for enrichment of eQTLs in

GWAS variants was ascertained by counting the number of simulations with at least as many
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SNP sets and dividing by the number of simulations performed. Fold change statistics were

calculated as the true overlap divided by the mean overlap of these simulations.

Melanoma heritability enrichment of tissue-specific genes

We used stratified LD score regression implemented in LDSC program
(https://github.com/bulik/ldsc) to estimate the enrichment of melanoma heritability for SNPs
around tissue- and cell-type specific genes as described previously (Finucane et al. 2018). We
downloaded the gene expression file from GTEx Portal (GTEx Analysis V6p Gene RPKM file:
GTEXx_Analysis_v6p_RNA-seq_RNA-SeQCv1.1.8 gene_rpkm.gct.gz) and quantified our
melanocyte RNA-Seq data as RPKM using the same method (RNA-SeQCv1.18) (DelLuca et al.
2012). To reduce batch effects, quantile normalization was applied to combined melanocyte and
GTEx RNA-Seq RPKM values. For GTEx data, we used the ‘SMTSD’ variable (‘Tissue Type,
more specific detail of tissue type’) to define our tissues and the ‘SMTS’ variable (‘Tissue Type,
area from which the tissue sample was taken’) to define the tissue categories for t-statistic
computation (see Supplemental Table S8 for the tissue categories). We treated the tissue
category for melanocytes as “Skin". To define the tissue-specific genes, we calculated the t-
statistic of each gene for a given tissue, excluding all samples from the same tissue category.
For example, for melanocytes, we compared expression levels of each gene in the melanocyte
samples to those of all other tissue samples in non-“Skin” categories to obtain a t-statistic. We
selected the top 1,000, 2,000, and 4,000 tissue-specific genes by t-statistic, added a 100-kb
window around their transcribed regions to define tissue-specific genome annotation, and
applied stratified LD score regression on a joint SNP annotation to estimate the heritability
enrichment against the melanoma GWAS meta-analysis (Law et al. 2015). The results using the
top 4,000 tissue-specific genes showed significant enrichment (FDR < 0.05) for melanocyte and
all three tissue types in the “Skin” category. The overall pattern was consistently observed in

results using 2,000 and 1,000 genes, while melanocyte was significant in results from 2,000 but
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not in those from 1,000 genes (Supplemental Table S8; Supplemental Fig. S7). Importantly,
some of the top enriched tissues outside of the “Skin” category (e.g. Colon_Transverse)
displayed high median expression level correlation with melanocytes (Pearson r = 0.95 between

melanocyte and Colon_Transverse; Supplemental Fig. S10).

Colocalization analysis of GWAS and eQTL data

We performed colocalization analysis for 20 GWAS loci from the most recent GWAS meta-

analysis using CAusal Variants Identification in Associated Regions

(eCAVIAR, http://genetics.cs.ucla.edu/caviar/index.html). eCAVIAR is a statistical framework

that quantified the probability of the variant to be causal both in GWAS and eQTL studies, while
allowing an arbitrary number of causal variants. For each locus, both GWAS and eQTL (from
human melanocytes cultures in our study and two GTEXx skin tissues) summary statistics of
selected variants in that locus were extracted as the input for eCAVIAR. We selected 50 SNPs
both upstream and downstream of the GWAS lead SNP for each GWAS locus. We computed
the CLPP score with maximum number of two causal SNPs in each locus. We used CLPP >1%
(0.01) cutoff for co-localization. Thus, for a given GWAS variant (either the lead SNP itself or the
SNPs in near perfect LD with the lead SNP using the cutoff r> > 0.99), an eGene with a CLPP
score above the colocalization cutoff is considered a target gene. We also highlight the eGenes
with CLPP > 0.05 as they were more robust across minor changes in analyses criteria
compared to those on the borderline (between 0.01 and 0.05) in our analyses. For eCAVIAR
analyses of nevus count GWAS, summary statistics for SNPs surrounding four previously-
published nevus-only genome-wide significant loci were obtained from Duffy et al study (Biorxv,

https://doi.org/10.1101/173112). GWAS summary statistics for 50 SNPs upstream and

downstream the lowest P-value SNPs (rs12203592 for the locus at Chr6p25.3, rs869330 for
Chr9p21.3, rs10521087 for Chr9g31.1-2, and rs4380 for Chr22q13.1) were extracted for the

analysis. For pigmentation trait GWAS, GWAS studies were selected from the GWAS catalog
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using the keyword “pigmentation”, and reported lead SNPs were grouped based on the
cytoband. The boundary of each region was set based on the union of the lead SNPs in the
same cytoband, and 1Mb was added to each side of the boundary to look for the lowest P-value
SNPs in the same region from the UK Biobank (UKBB) dataset. Three pigmentation traits
available in UKBB dataset (skin pigmentation, ease of tanning, and hair color coded in a
continuous scale of red, blonde, light brown, dark brown, and black) were chosen to obtain the

GWAS summary statistics.

Performing TWAS with GWAS summary statistics

We performed 45 transcriptome-wide association studies (TWAS) by predicting the
function/molecular phenotypes into GWAS using melanoma GWAS summary statistics and both
GTEx and melanocyte RNA-seq expression data. The new framework TWAS/FUSION

(http://qusevlab.org/projects/fusion/) was used to perform the TWAS analysis, allowing for

multiple prediction models, independent reference LD, additional feature statistics and cross-
validation results (Gusev et al. 2016). In brief, we collected the summary statistics data including

no significance thresholding in LD-score format (https://github.com/bulik/Idsc/wiki/Summary-

Statistics-File-Format) from the most recently published cutaneous melanoma meta-analysis

(Law et al. 2015). The precomputed expression reference weights for GTEx gene expression
(V6) RNA-seq across 44 post mortem tissue were downloaded

(http://gusevlab.org/projects/fusion/). We computed our functional weights from our melanocyte

RNA-seq data one gene at a time. Genes that failed quality control during heritability check
(using minimum heritability P-value 0.01) were excluded from the further analyses. We
restricted the cis-locus to 500kb on either side of the gene boundary. A genome-wide
significance cutoff (TWAS P-value < 0.05/number of genes tested) was applied to the final
TWAS result. Multiple associated features in a locus were observed, and thus we performed the
joint/conditional analysis to identify which are conditionally independent for each melanoma

susceptibility locus using a permutation test with a maximum of 100,000 permutations and
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initiate permutation P-value threshold 0.05 for each feature. We also checked how much GWAS
signal remained after conditioning on imputed expression levels of each associated feature by

using “FUSION.post_process.R” script.

Other analyses

IRF4 motif enrichment analysis were performed using the AME module in The MEME Suite
(http://meme-suite.org) (Bailey et al. 2009) and inputted shuffled sequences as control. IRF4
motif were download from HOCOMOCO v10 database
(http://hocomoco.autosome.ru/motif/IRF4_HUMAN.H10MO.C) (Kulakovskiy et al. 2013). All the

statistical analyses were performed in R (https://www.R-project.org/) (R Core Team 2018).
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Supplemental Figure 1.

Sharing of eGenes between four related tissue types. (A) A Venn diagram of eGene sharing
between four melanoma-relevant eQTL databases (sun-exposed skin, “Skin_Sun_Exposed”;
non-sun-exposed skin, “Skin_Not_Sun_Exposed”; primary human melanocytes,
“Skin_melanocytes”; melanoma tumors “TCGA_SKCM"). (B) A graph showing the total number
of eGenes for each dataset. (C) A graph showing the number of eGenes that are specific to one
dataset or shared by 2, 3, or 4 datasets. Sixty-four percent of melanocyte eGenes were shared
with at least one of the three datasets. While 33% and 39% of eGenes from sun-exposed skin
and not sun-exposed skin, respectively, overlapped with melanocyte eGenes, 48% of cutaneous

melanoma eGenes were shared with melanocyte eGenes.
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Supplemental Figure 2.

Sharing of pigmentation-related eGenes between four related tissue types. (A) A Venn diagram
of pigmentation eGene sharing between four melanoma-relevant eQTL databases (sun-
exposed skin, “Skin_Sun_Exposed”; non-sun-exposed skin, “Skin_Not_Sun_Exposed”; primary
human melanocytes, “Skin_melanocytes”; melanoma tumors “TCGA_SKCM?”). Pigmentation
genes are defined by mouse and human phenotype (Supplemental Table 5). (B) A graph
showing the total number of pigmentation-related eGenes. (C) A graph showing the number of

pigmentation-related eGenes that are specific to one dataset or shared by 2, 3, or 4 datasets.
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Supplemental Figure 3.

Allelic imbalance SNPs are enriched in melanocyte eGenes. (A) The average effect of allelic
imbalance is significantly larger in melanocyte eGenes compared with non-eGenes. |Mean AE]|:
mean of absolute values of allelic expression |0.5- expression proportion of reference allele|
from all the ASE SNPs passing cutoff (FDR < 0.05 or effect size > 0.15) from all the individuals
(Wilcoxon signed rank test P = 1.67 x 103, (B) Allelic imbalance is observed for a significantly
higher proportion of individuals in melanocyte eGenes compared with non-eGenes. %
Individuals with allelic imbalance: % of individuals who carry allelic imbalance SNPs for all ASE

SNPs (Wilcoxon signed rank test P = 1.27 x 108%),
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Supplemental Figure 4.

Melanocyte eQTLs are enriched in melanocyte cis-regulatory signatures. Distribution of
significant eQTL SNPs from melanocytes and three other datasets are shown for known
annotated features and melanocyte cis-regulatory regions (DHS, H3K27ac, H3K4mel, and
H3K4me3) compared to all tested variants. (A) Percent distribution of significant eQTL SNPs
relative to all SNPs tested for local eQTLs within each category of annotated genomic region.

(B) Fold-enrichment of eQTL SNPs compared to all tested variants within annotated genomic

regions. Known gene annotations include 1-5kb upstream of the TSS (genes_1to5kb),
promoters (<1kb upstream of the TSS, genes_promoters), 5'-UTRs (genes_5UTRS), first
exons (genes_firstexons), all exons (genes_exons), +/- 200bp encompassing exon splice
regions (genes_intron_exon_boundaries), introns (genes_introns), 3'-UTRs
(genes_3UTRSs), intergenic regions (intergenic regions exclude the previous list of annotations
in addition to the gap segments of each supported genome, genes_intergenic), and long non-
coding RNAs gene annotated in the Genecode database (Incrna_gencode). Melanocyte cis-
regulatory regions including DHS, H3K27ac, H3K4mel, and H3K4me3 were determined using
DHS-seq and ChlIP-Seq data of three melanocyte culture samples available through ROADMAP

database.
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Supplemental Figure 5.

Melanocyte eQTL SNPs are enriched near gene transcription start sites. -logio(eQTL P-values)
are plotted against distance from the Transcription Start Site (TSS) to the nearest gene in a +/-
1Mb window relative to each TSS for each melanocyte eQTL SNP. Yellow dots represent
significant eQTL SNPs (FDR < 5%) and gray dots represent non-significant eQTL SNPs (FDR >

5%).
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Supplemental Figure 6.
QQ plots of melanoma GWAS P - values for eQTL versus non-eQTL SNPs from 44 GTEX

tissues. LD pruning was performed on melanoma GWAS summary statistic data using a cutoff
of r2> 0.1 prior to grouping them into eQTL and non-eQTL SNPs and creating QQ plots. GTEX
tissue types are ordered from top left to bottom right in the order of highest overlap with

melanocyte eQTL SNPs defined by i values (Fig. 1).
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Supplemental Figure 7.

Melanoma heritability enrichment levels and P-values in the top 2000 (A) or 1000 (B) tissue-
specific genes from LD score regression analysis are displayed. Dashed horizontal line marks
FDR = 0.05 on the Y — axes. Names of significantly enriched individual tissue types are shown
next to the data points, and others are color-coded based on GTEX tissue category. Tissue

types from “Skin” category including melanocytes are highlighted in pink.
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Supplemental Figure 8.

Gene expression correlations are shown between IRF4 and four trans-eQTL genes in primary
melanocyte dataset. (A-D) Correlations for NEO1, TMEM140, MIR3681HG, and PLA1A,
respectively. rs12203592 genotypes (CC, CT or TT) are color-coded for each sample in blue,
red, and green, respectively. Gene expression data were normalized using a quantile rank

method.
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Supplemental Figure 9.

TWAS conditional analysis of the chrlg21.3 melanoma locus using eQTL data from
melanocytes alone (A) or together with those from GTEXx tissues (B). (A) All annotated genes in
the locus are shown relative to the genomic position (hg19), with significant TWAS genes
(CTSS) shown in green. The Manhattan plot shows melanoma GWAS P-values before (gray)
and after (blue) conditioning on imputed melanocyte expression levels of the green gene
(CTSS; TWAS P - value = 6.3 x 10'1° TWAS Z =-6.2). (B) A similar Manhattan plot before and
after omnibus test on the green gene using predictors from multiple reference panels
(melanocyte eQTL as well as 44 GTEX tissue eQTLs) (CTSS Joint P - value=3.3 x 10’13, Joint Z

= -7.3 and omnibus P - value=8.43 x 10°).
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Supplemental Figure 10.

Pairwise correlation of gene expression levels among all the GTEX tissue types and
melanocytes. Median RPKM levels were used for Pearson correlation, and coefficient, r, values

were shown as a heat map.
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