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Materials and Methods

S1 Biospecimen Collection and Processing

S1.1 Biospecimen Collection

The GTEXx pilot study collected a total of 9365 tissue samples targeting more than 30
distinct tissues from 237 post-mortem donors. Briefly, two adjacent aliquots were prepared from
each sampled tissue and preserved in PAXgene” tissue kits (PreAnalytiX"™). Samples were fixed
for a minimum of 2-4 hours, and then placed in the stabilizer buffer for shipment. Samples were
then shipped to the GTEx Comprehensive Biospecimen Resource (CBR). One of each sample
pair was then shipped, still in stabilizer buffer, to the GTEx Laboratory Data Analysis and
Coordinating Center (LDACC) at the Broad Institute for processing, molecular analyses, transfer
to cryovials, and long-term storage at -80°C. The remaining paired sample was retained at the
CBR where it was embedded in paraffin (PFPE) to enable histopathological review of each tissue
by the Pathology Resource Center (PRC). Brains were collected for only a subset of donors when
conditions (donors could not have been on a ventilator for the 24 hours prior to death) and
consent allowed. When available, brains were immediately removed from the body and placed
on wet ice. Two areas of the brain (cortex and cerebellum) were sampled at the same time as the
other tissues in PAXgene® kits as described above. The brain was then shipped on wet ice to the
Brain Bank at the University of Miami. Up to 11 regions of brain were then sampled by the brain
bank upon receipt, including a second sampling of each of the cortex and cerebellum regions
previously sampled in PAXgene”, providing duplicate samplings of those two regions. All
tissues sampled by the brain bank were placed in to cryovials and flash frozen in Liquid N2.
These samples were shipped approximately monthly to the LDACC at the Broad institute for
processing and analysis. In addition, whole blood preserved in ACD and PAXgene® blood
tubes, as well as fresh skin samples were collected from each donor for DNA genotyping, RNA



expression, and culturing of lymphocyte and fibroblast cell lines, respectively. These samples
were shipped directly overnight to the LDACC for immediate processing.

Complete descriptions of the donor enrollment and consent process, as well as
biospecimen procurement methods, sample fixation, and histopathological review procedures are
being described elsewhere. In brief, a robust quality management program was established and
implemented for the collection and handling of GTEx specimens. This included establishing
methodology for data management, Standard Operating Procedure (SOP) development, and
auditing of the program. A total of four biospecimen source sites (BSS’s) were engaged in
collecting the samples during the pilot phase of the project. While a single SOP for biospecimen
procurement was difficult to implement at all sites, due to institutional differences, the BSS’s
were consulted when new SOPs were developed to ensure they would be operationally feasible
at all sites. Document control software was used to ensure all sites used current versions of
SOPs, and training was conducted prior to implementation of all new procedures. Supporting
quality documents were developed to provide consistency and clarity to the program, and many
of those documents, such as the SOPs used, and workflows for the project, are available to the
public (http://biospecimens.cancer.gov/resources/sops/default.asp).

In addition to the postmortem donors, a small number (13) of surgical donors were
enrolled during the pilot. Blood samples and up to 5 tissues [adipose, subcutaneous; muscle,
skeletal; nerve, tibial; skin, artery, tibial] were collected, in the manner described above, to
provide a reference comparison for the postmortem tissues. Tissue samples were processed and
RNA selected for sequencing in the same manner as the postmortem samples (see below).

S1.2 Molecular Analyte Extraction and QC

S1.2.1 DNA isolation from blood

DNA was isolated from whole blood using the Qiagen Gentra Puregene method
(QIAGEN) following the manufacturers specifications. Briefly, blood samples were placed in an
Input tube and RBC lysis solution was added. The samples were inverted to mix, and incubated
for 5 minutes at room temperature. Samples were inverted to mix again, and then centrifuged at
2000 RCF for 5 mins. Supernatants were discarded and the white blood cell pellets were
vortexed vigorously for 5 seconds. Cell Lysis Solution, containing RNase and Proteinase K, was
then added to the cell pellets. Samples were vortexed vigorously for 20 seconds then incubated
at 55°C for 2hrs or overnight if needed. When no solid precipitate remained, samples were
cooled to room temperature and Protein Precipitation Solution was added. Samples were
vortexed vigorously for 20 seconds, then centrifuged at 2000 RCF for 10 minutes to precipitate
proteins. The supernatants were poured into a new Output tube containing Isopropanol, and
inverted 50 times to precipitate DNA then centrifuged at 2000 RCF for 3 minutes to pellet the
DNA. The supernatants were discarded and pellets washed with 70% Ethanol. Samples were re-



centrifuged at 2000 RCF for 1 minute. Supernatants were discarded, and pellets were allowed to
air dry for 5-10 minutes before hydration with 1XTE. After incubation at 65°C for 1 hour,
viscosity was assessed and additional TE added as needed. Samples were then stored at 4°C to
undergo QC. For long term storage, all samples were stored at -20°C. DNA samples were
quantified in triplicate using Picogreen (ThermoScientific Varioskan Flash instrument). DNA
samples were further qualified by agarose gel electrophoresis (Invitrogen 1% Agarose E-gel) to
assess the molecular weight distribution of the material.

The identity of all DNA samples was assessed by genotyping with a multiplexed panel of
96 SNPs (Fluidigm 96.96 Array) designed to include multiple proxy SNPs overlapping common
Affymetrix (Affymetrix, Santa Clara, CA) and Illumina (Illumina, San Diego, CA) genotype
arrays, SNPs in key common housekeeping genes, and a gender specific SNP. Genotypes were
detected on the BioMark HD System (Fluidigm, San Francisco, CA).

S1.2.2 RNA isolation from PAXgene® preserved blood

Total RNA was isolated from whole blood samples collected and preserved in PAXgene
blood RNA tubes following the manufacturers protocol (Qiagen). Blood samples were
centrifuged at 4000g for 10 minutes and the supernatants discarded. Nuclease-free water was
added to the pellets and vortexed to resupend, then centrifuged for an additional 10 minutes at
4000g. The supernatants were discarded. Buffer BR1 was added to the pellets and vortexed to
dissolve the pellet. Buffer BR2 was the added and samples were vortexed briefly again. Samples
were transferred to 1.5ml microcentrifuge tubes. Proteinase K was added and samples were
vortexed for 5 seconds, then incubated at 55°C for 10 minutes in a Thermomixer at 1400rpm.
Following incubation, lysates were pipetted directly onto PAXgene Shredder spin columns, and
spun for 4 minutes at maximum speed. Eluted samples were transferred to fresh 1.5ml tubes and
100% ethanol was added, vortexed briefly and then spun for 1-2 seconds at 500g. Samples were
then pipetted into PAXgene spin columns and centrifuged at maximum speed for 2.5 minutes.
Flow through was discarded. Buffer BR3 was added to the spin columns and spun for 2.5
minutes at maximum speed; flow through was discarded. DNAse I was added directly to the
PAXgene column membranes and incubated at room temperature for 15 minutes. A second
aliquot of buffer BR3 was then added to each spin column and centrifuged for 2.5 minutes at
max speed; flow through was discarded. This was repeated with two more aliquots of buffer
BR4. Buffer BRS was added directly to column membranes and spun at maximum speed for 2.5
minutes to elute the RNA. RNA was incubated at 65°C for 5 minutes to denature and the cooled
on ice. Two aliquots were removed immediately for QC and samples were then stored at -80°C.
RNA samples were quantified and purity was assessed using the Nanodrop 8000
spectrophotometer (ThermoScientific). RNA quality was further assessed using an Agilent 2100
Bioanalyzer to obtain a RNA Integrity Number (RIN) score.
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S1.2.3 RNA isolation from Cell Pellets

For all successfully transformed lymphocyte and fibroblast cultured cells, RNA was
isolated from frozen cell pellets containing 1-10 x 10° cells using Trizol (Invitrogen). Briefly,
Trizol was added to each pellet and the pellet was resuspended by pipetting. The lysate
suspension was transferred to a 1.5 ml microcentrifuge tube and incubated at room temperature
for 5 minutes. Chloroform was then added to each sample and mixed by pipetting. Samples were
centrifuged at 13,000 rpm for 10 minutes at 4°C. The aqueous (upper) phase was then carefully
transferred to a fresh 1.5 ml tube and isopropanol was added. Samples were mixed and
incubated at room temperature for 10 minutes, followed by centrifugation at 13,000 rpm for 10
minutes at 4°C. Supernatants were discarded. The RNA pellet was washed with 75% ethanol and
centrifuged at 5,000 rpm for 5 minutes at 4°C. Ethanol was removed carefully and RNA pellets
were allowed to dry for 10 minutes (room temperature). RNA pellets were then rehydrated in
DEPC treated sterile water. RNA’s were then incubated for 5 minutes at 65°C to denature and
then cooled on ice. Two aliquots were removed immediately for QC and samples were then
stored at -80°C. RNA samples were quantified and purity was assessed using the Nanodrop 8000
spectrophotometer (ThermoScientific). RNA quality was further assessed using an Agilent 2100
Bioanalyzer to obtain a RIN score.

S1.2.4 RNA isolation from PAXgene® fixed tissues

Total RNA was isolated from PAXgene® fixed tissue samples using the PAXgene® Tissue
miRNA Kit from PreAnalytix” (Qiagen) following the manufacturers specifications. Samples
were isolated using a manual protocol in batches of 12, which included both a range of tissue
types and donors in each batch to minimize batch effects. Briefly, samples were removed from
storage at -80°C, and placed on dry ice for further manipulations. For most tissue types, 10-12
mg of tissue was cut from each tissue as input material. Exceptions included breast and adipose
tissues for which 20mg of input material was used, and spleen and pancreas for which no more
than10mg and 5mg respectively were used. Cut samples were placed in labeled cryovials with
250ul of Buffer TM1 prepared with B-ME and a stainless steel bead, and homogenized using a
TissueLyser II for 2 minutes at 20Hz. Inner and outer tubes were then swapped to ensure even
coverage, and re-homogenized for an additional 2 minutes. After removal of the steel beads with
a magnet, 480ul of RNase-free water and 20ul of proteinase K were added to each sample and
vortexed to mix. Samples were then incubated for 15 minutes at 45°C using a shaker-incubator at
1400rpm. Tissue lysates were then centrifuged for 3 minutes at maximum speed (not exceeding
20,000xg) and the supernatant fraction was transferred to a new tube. 1100ul of isopropanol was
added to each tube and mixed, then samples were loaded on to PAXgene®™ RNA MinElute spin
columns and centrifuged for 1 min at 8000xg (discarding flow through). Columns were then
washed with 350ul of Buffer TM2 and centrifuged for 20 seconds at 8000xg (discarding flow
through). Samples were DNase 1 treated by adding 80ul of dilute DNase 1 on to each column,
incubating at room temp for 15 minutes then spinning for 20 seconds at 8000xg (retaining flow
through in a new tube). 350ul of Buffer TM2 was then added to the flow through, and mixed,



then pipetted on to the spin column and centrifuged for 20 seconds at 8000xg (discarding flow
through). 500ul of Buffer TM3 was pipetted on to the spin columns and centrifuged for 20
seconds at 8000xg, followed by 500ul 80% ethanol, centrifuged for 2 minutes at 8000xg
(discarding flow through both times). After drying the spin column for 5 minutes, it was placed
in to clean elution tube, and 20ul Buffer TM4 was added to the column and centrifuged for 1
minute at maximum speed to elute the RNA. This elution step was performed twice to increase
yield. RNA’s were then incubated for 5 minutes at 65°C to denature and then cooled on ice. As
above, two aliquots were removed immediately for QC and samples were then stored at -80°C.
RNA samples were quantified and purity was assessed using the Nanodrop 8000
spectrophotometer (ThermoScientific). RNA quality was further assessed using an Agilent 2100
Bioanalyzer to obtain a RIN score.

S1.2.5 RNA isolation from frozen tissues

Total RNA was isolated from the GTEx Brain tissues frozen in Liquid N2, using the
miRNeasy Mini Kit (Qiagen) following the manufacturers specifications. Samples were isolated
using a manual protocol in batches of 12 - 24, which included both a range of brain subtypes and
donors in each batch to minimize batch effects. Briefly, samples were removed from storage at -
80°C, and placed on dry ice for further manipulations. From each tissue 25mg was cut for use as
input material. Cut samples were placed in labeled cryovials with 700ul of Qiazol Lysis reagent
and a stainless steel bead, and homogenized using a TissueLyser II for 2.5 minutes at 25Hz.
Inner and outer tubes were then swapped to ensure even coverage, and re-homogenized for an
additional 2.5 minutes. After removal of the steel beads with a magnet, samples were incubated
at room temperature for 5 minutes and 140ul of chloroform was added to each sample and
mixed. After incubation at room temperature for 2-3 minutes, samples were then centrifuged for
15 minutes at 12,000xg at 4°C. Following centrifugation, the upper aqueous phase was then
transferred to a new tube. 525ul of 100% ethanol was then added and mixed, and samples were
then pipetted on to RNeasy mini spin columns and centrifuged for 15 seconds at 8000xg
(discarding flow through). Columns were then washed with 350ul Buffer RWT and centrifuged
for 15 seconds at 8000xg (discarding flow through). Samples were DNase 1 treated by adding
80ul of dilute DNase 1 on to each column, incubating at room temp for 15 minutes then washed
with 350ul Buffer RWT and centrifuged for 15 seconds at 8000xg (discarding flow through).
Samples were then washed with 700ul Buffer RWT, followed by 500ul Buffer RPE, each time
centrifuging for 15 seconds at 8000xg (discarding flow through). After a final wash with 500ul
Buffer RPE, followed by centrifuging for 2 minutes at 8000xg (discarding flow through), the
column was dried. Total RNA was then eluted by pipetting 40ul of RNase-free water on to the
spin column and centrifuging at 80000xg for 1 minute. RNA samples were then quantified and
QC’d as described for PAXgene tissue samples above.

S2 Genotyping and Imputation



S2.1 Genotyping Arrays

DNA isolated from the blood samples collected for each donor was the primary source of
DNA used for genotyping. In a few instances where blood was not available, however, or if the
blood DNA sample failed QC metrics, then DNA isolated from one of the other PAXgene tissue
samples was substituted. Genomic DNA samples, including HAPMAP controls and several
duplicates, were genotyped on two separate arrays, Illumina’s Human Omni5-Quad (>360 ng
DNA) and Infinium ExomeChip (>200 ng DNA), to maximize genotype density and allele
frequency spectrum. The Human Omni5-Quad provides content on a 4-sample Infinium array of
4,301,331 fixed genome-wide markers that can interrogate genetic variation as low as 1% minor
allele frequency (MAF). A total of 191 GTEx samples that correspond to 185 unique individuals
were genotyped during the pilot phase by the Broad Institute’s Genetic Analysis Platform using
the HumanOmni5-Quad Array (Table S3). One HapMap individual (NA12878) was genotyped
for positive control. Genotypes were called using Illumina's GeneTrain calling algorithm
(Autocall).

The Infintum ExomeChip provides content on a 12-sample Infinium array of a total of
>250,000 functional exonic markers, enabling high-throughput and robust genotypes. A total of
190 GTEx samples (corresponding to 184 unique individuals) and 1 HapMap individual
(NA12878) were genotyped on this array during the pilot phase (Table S4), by the Broad
Institute’s Genetic Analysis Platform (1 GTEx sample failed: Collaborator Sample ID, GTEx-
N7MT-0009). Genotypes were called using the Illumina Autocall algorithm and the rare variant
genotype caller, zCall (50). On average our genotyping call rates exceeded 98% on both
genotyping platforms.

To confirm sample identity of both the DNA genotyping arrays and the tissue samples, a
set of 96 markers, including a gender confirmation assay was genotyped on the Fluidigm
fingerprint panel using 25 ng of input DNA. Concordance of these 96 markers with both the
genotyping arrays and RNA-Seq data from the different individuals and tissues was verified.

S2.2 Quality control

S2.2.1 Human Omni5-Quad array

Quality control (QC) steps were performed using the software PLINK (57). The QC steps
and the number of samples and SNPs removed, flagged or retained at each QC step are
summarized in Table S3. SNPs that mapped to more than one genomic location were removed
from the analysis. To identify poor DNA quality or sample contamination, a heterozygosity test
was applied to the autosomal chromosomes using the inbreeding coefficient. To further identify
sample contamination, as well as cryptic relationships and sample duplicates, identity-by-descent
(IBD) was computed between all pairwise sample combinations using genome-wide genotype
data. SNP missing rate was predicted using the plink function --test-mishap. Deviation from
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Hardy-Weinberg equilibrium (HWE) P-values was assessed for all SNPs using the subset of
European individuals. Association with chemistry plate ID was estimated using the plink
function --loop-assoc. Sex check was done using SNP genotypes on X and Y chromosomes. Two
individuals believed to have Klinefelter Syndrome, were identified genotypically as being XXY.
Both were subsequently confirmed by Pathology review of the testis H&E slides. All 8 flagged
samples, including the two Klinefelter Syndrome individuals, were removed from downstream
eQTL and expression analyses in our study (although these data were of otherwise good quality
and hence were included in the release of data to dbGAP).

S2.2.2 Infinium ExomeChip

Similar QC steps were performed on the Exome Chip as on the OMNI 5M array, using
different cutoffs (Table S4). In particular, the initial SNP Autocall call rate cutoff on the Exome
Chip was < 80% and after multiple QC steps, a more stringent SNPs call rate of < 99% (instead
0f 95% as on the OMNI 5M array) was applied.

S2.3 Population Structure

We used Principal Component Analysis (PCA) implemented in EEGENSTRAT (52) on
the QC’d GTEx Illumina 5M genotype data, to verify that the genotypes of the GTEx individuals
cluster as expected based on their ancestral backgrounds. PCA was first applied to the 185 GTEx
and 1 HapMap sample in aggregate with genotype data from 455 HapMap2 samples (183 CEU,
47 CHB, 42 JPT, 93 TSI, 90 YRI) on Illumina’s Omni5-Quad. In this analysis, we wanted to
check that GTEx samples and HapMap samples cluster well with respect to their ancestral
background using the same genotyping platform (Fig. S5A). To better understand the genetic
background of GTEx samples, we utilized the HapMap3 samples that span a wider range of
ancestral backgrounds. These HapMap samples, which include 1184 samples from 11 regions
worldwide, served as our reference populations. Plots of the two main principal components
(PCs) for each dataset are shown in Figure S5. The PCA was also used to identify samples that
are outliers in genetic ancestry, and to test whether the geographical origin estimated from
genotypes is consistent with the self-reported ancestry. Most GTEx individuals cluster amongst
the European populations and a small fraction lies along the African or Asian PC axes (Fig.
S5B). For eQTL analysis (see below), the first three principal components generated using
HapMap3 as the reference panel with the GTEx samples, were used as covariates.

S2.4 Imputation

To increase power and coverage for eQTL discovery in the GTEx project, and to
facilitate compatibility with other studies and assist with functional fine-mapping, we imputed
autosomal variants from the 1000 Genomes Project genotypes into our 185 GTEx individuals’
5M genotype data. The imputation was performed using IMPUTE2 (53,54) and the 1,000
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Genomes Phase 1 freeze (an updated version from 19 April 2012, release v3), as the reference
panel, which was downloaded from the IMPUTE2 website:
http://mathgen.stats.ox.ac.uk/impute/impute v2.html#reference.

Before imputation, we removed low-quality variants and duplicate samples identified in
the SM array QC steps, to ensure accuracy of the final results. SNPs were aligned to the 1000
Genomes Phase 1 freeze by chromosome position (build 37). We also applied additional QC
steps, including removing indels, SNPs not present in the 1000 Genomes dataset, alleles
incompatible between the array and reference panel, and SNPs mapped to more than one
chromosome position in the reference dataset. All 185 GTEx samples (see Table S3) were
phased together, imputed by segments on each chromosome and subsequently merged. VCF files
were generated with genotype likelihoods (posterior probabilities) for each of the three possible
genotypes. The distribution of SNPs by allele frequency (AF) and imputation quality score
(INFO) is shown in Figure S6.

For eQTL analysis, following imputation, we filtered out the following SNPs: missing
rate cutoff <95% for best-guessed genotypes at posterior probability >0.9, Hardy-Weinberg
Equilibrium p<1x107° (using the software tool SNPTEST (53), imputation confidence score,
INFO<0.4, and minor allele frequency, MAF<5%. This yielded 6,820,471 genotyped and
imputed autosomal SNPs. We also generated a VCF file with dosages of alternative allele counts
used as input for the Matrix eQTL software package (21).

S2.4.1 Evaluation of imputation accuracy

To evaluate the imputation accuracy we compared a set of imputed SNPs on OMNI 5M
array across 184 GTEx individuals that had direct genotype calls on the Exome Chip with call
rate >99% (90,157 SNPs) (Fig. S7). Four different accuracy metrics were tested as a function of
the IMPUTE2 imputation confidence score, INFO and MAF that was computed from the direct
SNP calls on Exome Chip: (i) Mean concordance, computed by calculating a correlation
coefficient, r* of the imputed dosage of the minor allele per SNP across all individuals to their
direct calls on the Exome Chip, and then averaging over the r* of all SNPs, (ii) Minor allele
concordance rate, where concordance rate is defined as the fraction of 90,157 SNPs whose
imputed genotype call at posterior probability > 0.9 is concordant with their direct call on Exome
Chip, computed across all 184 individuals. If none of the three genotype groups per SNP had a
posterior probability above 0.9 that SNP was not included in the analysis. (iii) Concordance rate
of minor allele homozygotes, and (iv) Concordance rate of minor allele heterozygotes (Fig. S7).
The accuracy estimates (mean concordance) of imputed GTEx data were similar to those in the
1000 Genomes Phase 1 paper (55). For common variants, the mean minor allele dosage
correlations ranged from ~93% to 96%, and ~90 to 95% in the 1000 Genomes paper in non-
African ancestry; for low-frequency variants (1-5%), the accuracies ranged from ~72% to 89%,

12



and ~60% to 90% in the 1000 Genomes paper in all populations (Table S5). The other three
concordance measures (mean r°) showed similar trends.

S3 Exome Sequencing

We performed whole exome sequencing on DNA samples from 180 GTEx pilot phase
donors at the Broad Institute’s Genomics Platform, using Agilent Sure-Select Human All Exon
v2.0, 44Mb baited target, and the Broad’s in-solution hybrid selection process. For input DNA
we used >250 ng of DNA, at >2ng/ul. Our exome-sequencing pipeline included sample plating,
library preparation (2-plexing of samples per hybridization), hybrid capture, sequencing (76bp
paired reads), sample identification QC check, and data storage. Our hybrid selection libraries
cover >80% of targets at 20x and a mean target coverage of >80x. The exome sequencing data
was de-multiplexed and each sample’s sequence data were aggregated into a single Picard BAM
file.

Exome sequencing data was processed through a pipeline based on Picard
(http://picard.sourceforge.net/), using base quality score recalibration and local realignment at
known indels. We used the BWA aligner (http://bio-bwa.sourceforge.net) for mapping reads to
the human genome build 37 (hg19). SNPs and indels were jointly called across all 180 samples
using GATK’s UnifiedGenotyper package version 2.6 (56) and GATK’s HaplotypeCaller
version 2.8 (http://www.broadinstitute.org/gatk/gatkdocs/), Default filters were applied to SNP
and indel calls using the GATK’s Variant Quality Score Recalibration (VQSR) approach. We
used the SNP calls from GATK’s UnifiedGenotyper and indel calls from GATK’s
HaplotypeCaller due to its superior performance in indel calling.

Functional annotation was performed using the Variant Effect Predictor (VEP v2.5) tool
from Ensembl (http://useast.ensembl.org/info/docs/tools/vep/). We modified it to produce
custom annotation tags and additional Protein Truncating Variant (PTV) annotations. The
additional PTV annotation was applied to variants that were annotated as STOP_GAINED,
SPLICE_ DONOR_VARIANT, SPLICE_ ACCEPTOR_VARIANT, and FRAME SHIFT and
the variants were flagged if any filters failed. A PTV variant was predicted as high confidence
(HC) if there is one transcript that passes all filters, otherwise it is predicted as low confidence
(LC). The custom annotation tag is a comma separated ordered list of features corresponding to
each of the transcripts in GENCODE version 12 that overlapped the variant. This modified
version of VEP was applied to the 180 whole exome sequences.

S4 RNA Expression
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S4.1 Sample Selection

Following processing and QC, total RNA samples were available from blood, from cell
lines (LCL and Fibroblast), from PAXgene-preserved, and from Frozen tissue samples. All
samples that met criteria of having a RIN value of 6.0 or higher and at least 1uG of total RNA,
were batched for RNA sequencing. To the extent possible, based on sample availability, batches
for library construction were designed to include a range of samples from different tissues and to
span multiple donors, so as to minimise donor and tissue batch effects. Given the limited scope
of the pilot phase of the project a set of 9 tissues (adipose (subcutaneous), tibial artery, heart (left
ventricle), lung, muscle (skeletal), tibial nerve, skin (sun exposed), thyroid, and whole blood)
were prioritized for sequencing from as many donors as possible. These tissues were selected
based on abundance (they were routinely sampled and received), and that they generally tended
to meet RNA QC criteria. For donors on whom brain tissue samples were available, we
additionally included all available RNA samples that met QC criteria so as to survey a broader
range of tissues across a smaller number of donors (Figs. S1A, SIB). One control sample (K-
562) was included in library construction and sequencing with each batch of 95 samples, and a
set of GTEx RNA samples were also selected to be run in duplicate (processing replicates)
across separate sequencing runs.

S4.2 RNA Sequencing

S4.2.1 Library preparation and sequencing

RNA sequencing was performed using a standard non-strand specific protocol with poly-
A selection of mMRNA. Non-strand specific RNA sequencing was performed at the Broad
Institute using a large-scale, automated variant of the Illumina Tru Seq™ RNA Sample
Preparation protocol (Illumina: TruSeq Protocol Info). Briefly, 200 ng of total RNA was used
from each sample as the starting material. This method uses oligo dT beads to select poly-A
mRNA from the total RNA sample. The selected RNA is then heat fragmented and randomly
primed before cDNA synthesis from the RNA template. The resultant cDNA then goes through
[llumina library preparation (end repair, base ‘A’ addition, adapter ligation, and enrichment)
using Broad designed indexed adapters for multiplexing of samples. After enrichment, the
samples are qPCR quantified and equimolar pooled before proceeding to Illumina sequencing
which was done on the Illumina HiSeq 2000, with a sequence coverage goal of SOM 76bp
paired-end reads (Median achieved was ~82M total reads). The entire process occurs in a 96-
well format and all samples were electronically tracked through the process in real-time
including reagent lot numbers, specific automation used, time stamps for each process step, and
automatic registration.
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S4.2.2 RNA Sequence data pipeline and QC

RNA-seq data were aligned with Tophat version v1.4.1 (57) to the UCSC human genome
release version hgl9 (Genome Reference Consortium GRCh37). Gencode version 12 (/5) was
used as a transcriptome model for the alignment as well as all gene and isoform quantifications.
Unaligned reads were merged back in to create a final bam. Gencode V12 annotates a total of
53,934 genes, including 20,110 protein coding genes, 11,790 long non-coding RNA’s
(IncRNAs), and 12,869 pseudogenes.

Expression levels were produced at the gene and exon level in RPKM units (58) using
RNA-SeQC (59). Exon coordinates per gene were derived from the Gencode GTF using the
following isoform collapsing procedure: exons labeled as 'retained intron' were excluded;
overlapping intervals were merged; intervals associated with multiple genes were discarded; and
the final gene level model was produced in GTF format.

For gene and exon level read count and gene level RPKM values, reads were filtered
based on the requirements: (1) reads must be uniquely mapped (for Tophat this is mapping
quality equal to 255); (2) reads must have proper pairs; (3) alignment distance must be <=6; (4)
reads must be contained 100% within exon boundaries. Reads overlapping introns are not
counted. For exon read counts, if a read overlaps multiple exons, then a fractional value equal to
the portion of the read contained within that exon is allotted.

RNA-seq expression samples were scrutinized using several quality control measures
before being included in the final analysis set. Samples with fewer than 10 million mapped reads
were removed. Additional outliers were identified using a correlation-based statistic and using
sex incompatibility checks, following methods described in (60). First, within-tissue sample-
sample correlations of expression levels were computed, and for each sample we defined the
statistic D; as the mean correlation of sample i with the remaining samples. For this purpose,
expression levels were computed as the read counts normalized by library size. For all tissues
except whole blood, samples with D<0.9 were removed. Examination of the D statistic for
whole blood indicated heterogeneity such that no clear outliers could be identified on this
basis. Sex incompatibility checks were based on X/ST, and on a set of chromosome Y genes that
showed significant (P<0.05) differences between labeled males and females in all tissues (with
non-significant genes presumably not expressed in males for some tissues). Scatterplots of XIST
expression versus the average expression of the significant Y genes showed no gender
mismatches, but a very few outliers (fewer than 5 across all tissues) for which either XIS7 or
chromosome Y expression appeared outlying, and these samples were removed. In the case of
processing replicates (same sample sequenced twice), the samples with the greater number of
reads were retained for inclusion in the final analysis set (although all replicates were included in
the data released to dbGAP). Samples derived from the two individuals with Klinefelters
Syndrome (which failed the sex-specific expression check) and from one individual with
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multiple tissues that were D statistic outliers were excluded. The final pilot analysis data set
comprised 1,641 samples from across 43 tissues and 175 donors. This included 18 samples from
4 surgical donors (SSA3, TMZS, VUSH, WCDI) and 1,623 samples from 171 postmortem
donors. RNA-seq QC showed no difference between the surgical and postmortem samples, nor
did a separate analysis of ischemic time and gene expression (see Mele et al. (17)), hence all
samples were analyzed together.

S4.3 Covariates

To remove global effects on gene expression, that might mask or skew the effects of local
genetic variation, we calculated the top genotype principal components (PCs) across the 185
GTEx samples (combined with 1184 HapMap3 samples as a reference panel) (52,61), as
described in 2.3 above. The top three PCs were chosen because they account for 10% of the
variation explained with diminishing returns (0.5% or smaller contribution) for subsequent PCs.
These PCs are sufficient to represent the major population structure found in the GTEx dataset
consisting of Caucasian, African American and Asian individuals (Table S1, Fig. S5).

To find hidden batch effects and other cofounders in the expression data, we also
employed the Probabilistic Estimation of Expression Residuals (PEER) method (62). We
included 15 PEER factors which we found maximized our sensitivity in the eQTL discovery
process, capturing ~47% of the total variance in gene expression. Gender was considered as an
additional covariate. To gain insight into the biological meaning of these factors, we correlated
them with 12 known sample/donor characteristics, such as ischemic time, gender, collection site,
and other possible sources of experimental batch effect (Fig. S8). The relationship between
PEER factors and known covariates is complex, with variation in any given covariate distributed
among several PEER factors and vice versa. The top PEER component was significantly
correlated with ischemic time (q=0.005), and related dependent factors such as collection center
(g<0.05). (Fig. S8). The second peer factor was most strongly associated with the RNA
sequencing batch (R* = 0.8). In general the correlations between PEER factors and known
covariates were moderate to low, with the effect of the known covariates captured by multiple
PEER factors.

S4.4 Transcript isoform quantification

Employing the Gencode reference annotation (version 12,
http://www.gencodegenes.org), we used the Flux Capacitor (version 1.2.3,
http://flux.sammeth.net) to quantify the expression of several transcriptional elements. All
quantifications are based on read pairs that were mapped to the genome by Tophat version v1.4.1
(57), see above, and match within the constraints of the selected Gencode reference annotation.
The Flux quantifications distinguish 3 transcriptional elements: (1) splice junctions (gtf-feature
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“SJ”): all read-pairs compatible with the annotation are considered, and those aligning
immediately up- and downstream of an annotated intron are considered to quantify the
corresponding splice junction; (2) introns (gtf-feature “intron”): all read mappings of which one
mate agrees with the reference annotation and of which the other mate falls in a region that is not
overlapping with any Gencode exon are considered to quantify the retention of the corresponding
intronic region; (3) transcripts (gtf-feature “transcript”): according to a previously described
deconvolution strategy (63), all read-pairs that comply with the reference annotation are
represented as a system of linear equations. The mapping distribution of non-alternatively
spliced loci allows estimation of the impact of intrinsic experimental biases. Considering these
biases, the error of the observed distribution is minimized when segregating reads in common
exonic areas into the single isoforms annotated for a locus. Based on read counts obtained by the
deconvolution the RPKM measurement is then computed (58).

S4.5 Transcriptome Analysis

S4.5.1 Gene expression clustering

We have explored the gene expression similarity between tissues and across all samples,
by performing hierarchical clustering (HC) using different settings in R statistical environment.
RPKM values were used in log2-transformed scale. Distance between samples being defined as
dist = 1 — correlation. Pearson and Spearman correlations showed similar results. Pearson
correlation was used as the correlation measure. Average linkage method was used for all the
tested settings. All the genes from the annotation were considered.

S4.5.2 Exon splicing clustering

Exon inclusion levels were calculated for all the internal exons of genes with three or
more exons. We calculated the ‘Percent Spliced-in’ (PSI) as in Barbosa-Morais et al. (18). The
PSI measure for each exon is defined as the ratio between the reads that support the inclusion of
the exon and the sum of the reads that support the inclusion and the exclusion of the exon. PSI
values range between 0 and 1, where 1 represents full inclusion of the exon and 0 full exclusion.
For an internal exon C and its neighbor exons Al and A2, Inc corresponds to reads that support
the junction A1-C and /nc’ the junction C-A2. Exc reads support the junction A1-A2. The PSI
formula is then defined as PSI = avg(Inc,Inc’) / (avg(Inc,Inc’) + Exc). Only exons supported by
a sufficient number of reads, Inc + Inc’ + Exc >= 10, were considered.

Hierarchical Clustering (HC) was performed using the same settings as the HC performed
in expression clustering. We selected 54330 exons with PSI values in more than 90% of the
samples. The "na.or.complete" parameter was used to handle missing values. Differential exon
inclusion between groups was tested using the Wilcoxon test in R, with p-values corrected by the
BH method (64). Exons are considered differentially included if FDR < 1% and difference in
median PSI between groups > 0.1
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S5 eQTL analysis

S5.1 Single tissue cis-eQTL analysis

Nine tissues all having greater than 80 samples were chosen for eQTL analysis: adipose,
artery, blood, heart, lung, muscle, nerve, skin and thyroid. The cis window was defined as 1
megabase up- and down-stream of the transcriptional start site (+x1Mb), and we tested between
1.5 x 10® and 1.7 x 10® gene-cis-SNP pairs depending on the tissue type and genes expressed.
Nominal p-values were generated for SNP-gene pairs using Matrix eQTL (2/) in linear
regression mode. We corrected for the following covariates: the first three genotyping principal
components (PC’s), the first 15 expression PEER factors (Probabilistic Estimation of Expression
Residuals) (62), and gender. Expression matrices were derived from RPKM values at the gene
level. For a given tissue, genes having at least 0.1 RPKM in 2 or more individuals were retained.
Expression values were quantile normalized across genes within a tissue. Finally, the expression
values for each gene were transformed into a standard normal based on rank (to minimize the
effects of outliers on the regression scores).

To identify eQTL-containing genes (eGenes), a permutation procedure was applied,
correcting for the multiple hypothesis effect of many SNPs in LD for a given gene. The minimal
p-value per gene (min(p)) was used as the test statistic. Permutations were performed by
randomizing sample labels for the expression data. The same random indexes were applied to the
PEER factors and gender covariates. Genotypes and Genotyping PCs were not randomized. A
minimum of 1000 permutations and a maximum of 10,000 permutations were performed, with
an exit criteria in between this range of having at least 15 permuted min(p) values less than the
nominal min(p). Having derived an empirical p value for each gene, g-values were calculated
using the Storey approach (65) and a g-value threshold of <= 0.05 was applied.

In addition to a list of eGenes it is desirable to produce a list of all significantly
associated SNP-gene pairs. We do so here by using a permutation threshold based approach
similar to previous studies (63,66). Permutations were performed as above. A permutation
threshold is chosen and this value is mapped back to the equivalent nominal min(p) value among
the permutation values. Here we chose the permutation threshold to equal the empirical p value
of the eGene at the 0.05 g-value threshold. This produces a nominal min(p) value threshold for
each gene. SNPs with p-values below or equal to this threshold are included in the final SNP-
gene eQTL list. To estimate how the number of eGenes detected per tissue-type is expected to
grow with more data, we reran the analysis on successively down-sampled donor subsets from
each tissue. Bonferroni correction was used for downsampling (line in Fig 2A) to reduce
computational burden. All tissues showed an approximately linear relationship, with the majority
sharing the same slope of ~21 eGenes/sample (shown in Fig. 2A). The permutation-based
calculations (#) of the final data are offset from the line end points (downsampling), and exhibit
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slightly larger numbers of eGenes, due to differences in the multiple hypothesis correction
between these two methods used.

To investigate the sensitivity and validity of our study, in particular since we are using
tissues from deceased donors, we compared the GTEx eQTLs that we discovered in blood to
eQTLs from two separate studies of whole blood samples: the Westra et. al. study of 5,311
samples (7), and a study of 911 blood samples taken from the Estonian Biobank, that were
analyzed in house. In both studies the expression levels were measured using microarrays and
~30,800 genes that had unique probe mapping were tested. For our replication analyses, we
removed microarray probes that measured expression of more than one gene (e.g., due to genes
that physically overlap on the chromosome). Out of 1984 GTEx blood eGenes only 1202 were
tested for eQTLs in the Westra et. al. (7) and Estonia Biobank studies.

The cis-eQTLs from the Westra et. al. study were download from:
http://genenetwork.nl/bloodeqtlbrowser/. A window of 250 kb was used around the transcript
start sties (TSS), and the FDR correction was done at the probe-level (7). We used the Westra et.
al. eQTLs at FDR<5% to assess the replication rate of eGenes discovered in GTEx at FDR<5%.
We did not assess the replication rate of SNP-gene pair eQTLs due to only partial overlap in
variants tested between the two studies (in GTEx the genotypes were imputed using the 1000
genomes project as a reference and in Westra et. al. (7) HapMap 2 was used as reference), and
since we did not have complete knowledge of the fraction of variants in GTEx also tested in
Westra et. al. after variant filtering (QC).

To evaluate the goodness of discovery of our GTEx cis-eQTL SNP-gene pairs, we used a
study of 911 blood samples taken from the Estonian Biobank, for which we had access to both
genotype and expression data, and hence could apply a similar eQTL analysis pipeline to that
used in GTEx. This study was one of nine studies included in the Westra et. al. eQTL meta-
analysis, however for our purposes we applied a modified eQTL pipeline to Estonian samples.
Cis-eQTL mapping was performed on the 911 samples from unrelated living individuals, with
gene expression data measured from whole peripheral blood (Illumina HT12v3), using a +1Mb
window around the genes’ TSS. Genotypes were cleaned as described before (7), data was
imputed using the 1000 Genomes Phase I cosmopolitan haplotypes (version March 2012) as a
reference, and imputation dosage values were used as genotypes for the eQTL analysis. The gene
expression normalization procedure and eQTL-mapping framework is extensively described in
(7). In short, gene expression data were quantile normalized to the median distribution and were
subsequently log?2 transformed. Probe and sample means were centered to zero. Gene expression
data were then corrected for possible population structure and adjusted for technical artifacts.
After normalization of the gene expression data, we correlated genotype dosages of SNPs
(Hardy-Weinberg p-value > 0.001, minor allele frequency > 5%) with gene expression values,
where the distance between SNP and the midpoint of the probe was smaller than 1 megabase
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(according to hgl19 (genome build 37)). We then permuted the sample labels and repeated this
analysis 10 times, in order to obtain the p-value distribution used to control the FDR at 5%, both
at the probe- (N=33,280) and gene-level (N=18,904) (described in 7). The gene-level correction
was used for replication analyses as it is more similar to the correction applied in GTEX.

The replication rate of the GTEx eGenes in the Estonian study at FDR<5% was 56% for
eGenes and 18% for SNP-gene pair eQTLs. Given that the GTEx study is much smaller than the
Estonia study, we also tested for consistency in allelic direction and found that 98% of GTEx-
significant eQTLs at FDR<5% showed consistent allelic direction with the Estonia study eQTLs.
For the consistency test, we verified that the eQTLs’ effect directions in the two studies were
measured relative to the same effect allele.

Finally, to evaluate the potential of the GTEx study, we also evaluated the extent to
which the GTEx eQTLs replicated the significant SNP-gene pair eQTLs found in the larger
Estonia study (at FDR<5%). For this we used the m; statistic that provides an estimate of the
fraction of true positive eQTLs (m;=1-m, where my=estimated fraction of null eQTLs, estimated
from the full distribution of p-values) (see Storey and Tibshirani g-value approach (26)). The m;
statistic considers also sub-threshold GTEx eQTL p-values below the FDR<5% cutoff. About
97% of SNPs with significant eQTLs in the Estonian study were tested in GTEx. Despite the 6-
fold difference in sample size, the overall estimated replication rate of the Estonia SNP-gene pair
eQTLs in GTEx was m,-0.51, 1.e. the GTEx eQTL study captured about half the eQTLs detected
in the Estonia study (Fig. S11). Furthermore, ~78% of the Estonia significant eQTLs showed
consistent allelic direction with GTEx eQTLs that is significantly more than would be expected
by chance (Binomial test P <1*10>°°). This demonstrates that a substantial fraction of sub-
threshold GTEx eQTLs are likely true but do not reach significance here due to our small sample
sizes.

S5.2 Multi-tissue eQTL analyses

For permutation-based multi-tissue cis-eQTL analysis, the average expression level was
first subtracted from each gene in each of the nine tissues used for multi-tissue modeling, and
then combined in a single dataset. The 19 covariates (15 PEER factors, 3 genotype PC's, and
gender) were removed from the expression and genotype data via residualization by linear
regression prior to permutation. Permutation was performed on sample labels of the underlying
genotype data compared to expression, and thus all of the linkage disequilibrium structure in the
genotype data was preserved, as well as cross tissue expression correlations. For each gene,
genotypes were permuted 10,000 times and the test statistic computed for each SNP, recording
the most significant result for each gene in each permutation. The final (gene-level) empirical p-
value was then computed by comparing the statistic of the most significant SNP in the original
data to these 10,000 values. This approach is essentially the same as performed for single-tissue
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analysis described above. However, the multi-tissue version enabled more powerful permutation
testing for combined evidence of activity in at least one tissue by computing the most significant
statistic for all nine tissues in each permutation. After obtaining per-gene empirical p-values for
individual tissues and for the joint set of nine tissues, the p-values were subjected to false
discovery rate control using a MATLAB v 7.9.0.529 implementation of the R gvalue() function,
and genes with g<0.05 were declared significant. Following the approach of Nica et al. (22),
pairwise comparisons of multiple tissues were performed by identifying significant genes within
each tissue, and for each such gene calculating the m, value (estimated proportion of null
hypotheses) for the gene in the second tissue, using the gvalue() implementation. The procedure
is not symmetric, so for the nine tissues a total of 9X8=72 m, values were computed.

To more fully utilize the wide range of tissues represented, the Bayesian multi-tissue
model of Flutre et al. (24) was fit to the data, modified to accommodate the large number of
tissues (9) and specifics of our study design. The model explicitly considers, for each gene-SNP
pair, the probability for each of the 2°=512 binary configuration vectors of eQTL activity. The
hierarchical model then borrows information across genes, using maximum likelithood (empirical
Bayes) fitting to the model to then compute the probability of each configuration. The support in
the data for each configuration is then assessed using a Bayes Factor which borrows information
across tissues in which the eQTL is active. For the GTEx design, expression is available for
each tissue from only a subset of the individuals, which creates complications in handling the
correlation patterns. In the multivariate linear regression model of Flutre et al. (24), the residuals
are allowed to be correlated, thereby inducing correlations between the estimated effect sizes of
the genotype in each tissue. In order to handle residual correlation for individuals with missing
data, we applied a missing-at-random assumption, such that the residuals correlations are
estimated from the individuals for which both tissues are represented.

To compute gene-level posterior probabilities, the Bayesian model requires an estimate of
the gene-level null prior my, 1.e. the probability that the gene does not contain any local eQTL in
any tissue. As the permutation approach of Flutre et al. (24) is too computationally intensive for
this setting, we developed a simple procedure using the fact that, under the gene-level null and
assuming only one truly causal SNP per gene, the expectation of the Bayes Factor is equal to 1.
This gene-level controlling procedure can be shown to conservatively estimate wy. With the
estimates in hand, for each gene posterior probabilities and Bayes Factors were computed for the
SNP achieving the lowest posterior for the null hypothesis at the level of the gene-SNP pair. The
conservativeness of this procedure in estimating gene-level mp was confirmed by performing
direct permutation analysis on a subset of 4 tissues.

Finally, a streamlined Bayesian approach was implemented, which is based on

multivariate normal mixture modeling for multi-tissue eQTL effects. The model considers gene-
SNP pairs as the unit of analysis, and directly uses z-statistics from Fisher’s transformation of the
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expression-genotype correlation (corrected for covariates) as the input to the model (25).
Correlation of effects due to tissue similarity or due to overlapping individuals is handled in a
common covariance framework. Like the Bayesian model of Flutre et al. (24), the streamlined
model considers the 2° configuration profiles, and provides estimated posterior probabilities for
each of the configurations. By working directly with gene-SNP pairs, the null probability is
expressed at the gene-SNP level, and testing for gene-SNP pairs can be performed using the local
false-discovery rate.

S6 Allele specific expression analysis

For heterozygous sites, we retrieved the counts of the two alleles in RNA-seq data by
Samtools and custom scripts, separately for each individual. We excluded sites with potential
allelic mapping bias: 1) 50bp mapability < 1 in the UCSC mapability track, and 2) simulations of
RNA-seq reads show >5% allelic mapping bias (67,68). We used only uniquely mapping reads
(MAPQ 225), and required base quality >10. In order to confirm the heterozygous genotype, we
included only sites with RN A-seq reference allele ratio [0.02, 0.98].

We used a simple binomial test to estimate whether the allele counts deviate significantly
from the expected. For the expected allelic ratio of the binomial test, instead of using 0.5, we
used the expected allele ratio for each individual, for each base combination. This was calculated
by summing up reads across all sites with down-sampling of the highest covered sites so that
they would not have disproportionally large effect on the ratios. These ratios, generally only a
few percentage points from 0.5, correct for subtle genome-wide mapping bias as well as GC bias.
For further discussion of the data processing steps, see Lappalainen et al. (67).

For all the sites with >=8 reads, we performed a binomial test of the REF/NONREF allele
counts in each individual, using the expected ratio as above. The master files available in dbGap
include all these data — these files contain genotype data of heterozygous sites, and can thus
require authorized access. In most analyses, unless otherwise specified, we used only sites with
>=30 reads to ensure sufficient power and replicability of allelic ratios (67). Furthermore, since
different coverage of sites — which depends on gene expression levels and is highly tissue-
specific — affects the power to detect significant ASE and the variance of the allelic ratios in a
manner that is difficult to account for perfectly, in most analyses we downsampled the reads to
exactly 30 to avoid any confounding effects of differing read coverage.

In ASE quality control analyses, we detected slightly lower DNA-RNA genotype
concordance for 3 individuals (GTEX-N7MT, GTEX-NPJ8, GTEX-PLZS). Because ASE
analysis is much more sensitive to this, we removed all samples from these individuals from
subsequent analyses. Furthermore, 19 samples had slightly lower RNAseq coverage, which leads
to a smaller number of sites left for ASE analysis, and we removed these samples from ASE
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analysis as well. Altogether, the ASE results are based on 1563 remaining samples. Figure S18
and Table S8A,B show basic statistics of the data used in ASE analysis.

S7 Analysis of isoform and splice-QTLs

We have developed two independent methods to identify SNPs associated with alternative
splicing - Altrans (35) and sQLTseekeR (36).

S7.1 Altrans

Altrans (35) utilizes the paired end nature of the RNA-seq experimental design. It uses
the mate pairs, where one mate maps to one exon and the other mate to a different exon, and split
reads to count “links” between two exons. The first exon in a link is referred to as the “primary
exon”. We used exons from protein coding and long non coding RNAs (IncRNA) genes in the
GENCODE v12 annotation (/5). Overlapping exons are grouped into “exon groups” and unique
portions of each exon, where there is no other overlapping exon is present, are identified. These
unique portions are subsequently used to assign RNA-seq reads to an exon and count links
between exons. The raw link counts are used to calculate 15 peer factors which are then
subsequently used to normalize the raw link counts with linear regression. The normalized link
counts ascertained from unique regions of exons, which can be derived from parts of the linked
exons rather than the whole exons, are divided by the probability of observing such a link given
the empirically determined insert size distribution for each sample and unique portions of the
exons in question, which is referred to as “link coverage”. Finally the quantitative metric
produced is the fraction of one link’s coverage over the sum of the coverages of all the links that
the primary exon makes, which is between 0 and 1 representing the proportion of a given link
among all the links the primary exon makes. We calculated this metric in 5’-to-3” (forward) and
3’-to-5’ (reverse) directions to capture splice acceptor and donor effects respectively. We only
included primary exons that made >10 links in 40% of the samples originating from exon groups
that made > 15 links in 90% of the samples. We ran Altrans independently in each of the nine
tissues using a cis region for the associations of one megabase (£1Mb) flanking the transcription
start site, the same distance as used for the eQTL analyses. In order to identify sQTLs we ran a
Spearman's rank correlation test with imputed genotype dosages that were corrected for
population structure with the first 3 eigenvectors, and Altrans quantifications. The p-values
attained were corrected for multiple testing using the Benjamini—Hochberg method (64) and final
results have an FDR < 0.05. The software, manual, and more in depth description of the Altrans
algorithm are available at http://sourceforge.net/p/altrans/wiki/Home/.

S7.2 sQTLseekeR

SQTLseekeR (36) identifies SNPs that are associated with changes in the relative
abundances of a gene transcript isoforms, which we refer to as splicing ratios. This is a
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multivariate phenotype—with as many values as there are transcript isoforms annotated for a
given gene. We used a non-parametrical approach inspired from MANOVA theory and
introduced by Anderson (69) to detect association between a given SNP and a gene splicing
ratios. We used the Hellinger distance to compute the variability of splicing ratios across samples
We compare the variability within genotypes with the variability between genotypes to compute
an F score using the Anderson’s method. To estimate the significance of these scores and obtain
P-values, we compute a null distribution from permutations for each gene, and compare it with
the distribution of the true scores. We used the Vegan R package (70) to compute the true and
permuted F scores. Finally, we correct the P-values for multiple-testing using gvalue R Package
(71). The characteristics of this approach, more precisely the distance-based scores and
permutation support, are critical here to robustly integrate genes with different splicing profiles
(e.g. number of isoform) without the need for complex or reductive models. The software,
manual, and more in depth description of sQTLseekeR are available at http://
http://big.crg.cat/bioinformatics and genomics/sQTLseekeR.

We used the isoform quantification by the Flux Capacitor on GENCODE v12 (see
above). We considered, only genes expressing at least two isoforms (>=0.01 RPKM), and since
we were searching for direct effects on splicing, we used a smaller cis-window and tested for
association with a gene using only SNPs within the gene body plus 5Kb upstream and
downstream (£5Kb) from the gene.

To characterize the alternative splicing event resulting from a variant effect, we first
identify the two transcripts whose relative expression changes the most between the genotype
groups. The exon structure of these two transcripts was then compared using the AStalavista
software (72). AStalavista provide an extensive characterisation of the splicing event
differentiating the two transcripts. We investigated the presence of some simple events in this
comprehensive characterization. Skipped exon, intron retention, alternative 5' or 3' splice site,
mutually exclusive exon. We also identified event affecting transcription initiation or termination
as alternative first or last exons and alternative 5' or 3' UTR. It is noteworthy that mixed and
complex events are identified by AStalavista and, occasionally, no simple events or several ones
are attributed to a variant.

To assess what fraction of sSQTLs were also detected by eQTL analysis (i.e. also
associated with the same gene target’s overall expression changes), we estimated the proportion
of true positive eQTLs at g<0.05 amongst the best sQTL per gene (FDR<0.05) detected by either
Altrans or sQTLseekeR, for each of the 9 tissues (w;=1-m), using the Storey and Tibshirani g-
value approach (26). On average 20% of sQTLs associated with changes in exon junction
abundance detected by Altrans, were predicted to be eQTLs, with a range of 14-27% across the 9
tissues (72,=0.20, m1=0.14-0.27; Table S10). An even larger fraction of sQTLs detected by
sQTLseekeR, associated with changes in relative abundances of gene transcript isoforms, were
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predicted to be eQTLs (48% on average), (77,=0.48, 1;=0.13-0.70; Table S10). While the
enrichment of eQTLs amongst sQTLs is much larger than the expected 5% at FDR<0.05, a
substantial fraction of sQTLs do not appear to be detected by standard eQTL analysis. This
highlights the added value of searching for QTLs associated with other types of molecular
phenotypes, in addition to expression variation. Lists of significant sQTLs detected by both
methods can be found on the GTEx Portal (http://www.gtexportal.org/).

S7.3 Enrichment of biologically relevant features

The Ensemble regulatory build was used to determine locations of biologically annotated
functional elements and all the variants were overlapped with these coordinates to obtain
functional annotation per variant. The variant effect predictor was used to find the functional
impacts (missense, splice region, etc.) of each variant. All sQTLs were then assigned to
functional groups according to these annotations. A null distribution of variants, which were
distance to TSS and allele frequency matched to sQTLs (margin of error was for distance Skb
and for allele frequency 2%), was created. This was repeated for the 1%, 2", 5™, and 10™ most
significant variant for each sQTL gene. The enrichment was calculated as the ratio of the
frequency of a certain annotation group in the sQTLs to the frequency of the same group in the
null distribution. The significance of each enrichment was calculated by a Fisher test.

S7.4 Splice site strength analysis

For every variant located in splice sites regions, we estimated the strength of the site
using standard Position Weight Matrices. For each SNP, two scores were computed: for the
reference and the alternative allele. Then, we measured the change in strength between the two.
The change is considered consistent if the increase in the strength of the site is paired with an
increase in site usage. We measured the usage of a given splice site as the sum of the relative
abundances of all the transcripts including site. We regressed the transcript relative abundance
across the three genotype groups and required a minimum regression slope (minimum 5%
change in the site usage from one genotype group to another) along with a minimum strength
score change (0.1) in the relevant direction to declare the changes consistent. Splice sites used by
all or none of the expressed transcripts were not included here because they could not show any
informative variation.

S8 Functional annotation of eQTLs

S8.1 Selection of functional annotations

Enhancers and promoters were defined using the chromatin state segmentation of (73).
Specifically, promoters were defined as any region that in any of the assayed cell types was
assigned to states 1 or 10. Similarly, enhancers were defined as the union of all regions in all cell
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types assigned to states 6, 7, or 12. Open chromatin regions were defined by taking the union of
all DNase I hypersensitive sites from the Roadmap data, using the narrowPeak method.
Regulatory protein-bound regions were defined by taking the union of all ChIP-Seq peaks from
the ENCODE data (/0). The final regions included regulator-bound locations from 472 ChIP Seq
experiments of general and sequence specific transcription factors, open chromatin regions from
DNasel hypersensitivity experiments in 53 cell types, and maps of histone modifications across
126 Roadmap and ENCODE cell types resulting in chromatin state annotations (9) for proximal
regulatory regions (promoters characterized primarily by H3K4me3 and H3K9ac) and distal
regulatory regions (enhancers characterized by H3K4mel and H3K27ac).

S8.2 Functional element enrichment analysis

To ask whether the eQTLs discovered across all tissues were enriched in regulatory
regions, we chose a top significant SNP per gene from the single tissue eQTL analysis for each
tissue (including multiple SNPs when there was a tie). We assembled a set of 14,431 eQTL
SNPs. We discarded all SNPs that were within annotated genes, and in order to exclude SNPs
that may potentially act post-transcriptionally, we only considered intergenic SNPs. This
resulted in 4,085 intergenic eQTL SNPs that we compared to our regulatory annotations. For
each tested eQTL subset (as described in the main text), a window 5kb in size (2.5kb on each
side) was defined around each of the eQTLs, and these windows were merged if overlapping.
The density of functional elements across the union of those windows was then calculated and
used as the background frequency to determine the fold enrichment and hypergeometric p-value
for functional annotation overlaps with the eQTL set. These operations on genomic intervals
were performed using BEDTools (74). To estimate the enrichment signal for specific expression
Quantitative Trait Nucleotides (eQTNs) that are more likely to be unambiguous, we also
calculated our regulatory enrichments specifically for a subset of 91 intergenic eQTLs for which
a single SNP is the best-associated with expression of a gene in cis and the second-best eQTL
has a P-value at least 60-fold less significant (-log;o P value 1.5 higher).

To ask whether the specific SNP-gene links ('genetic links') predicted by our eQTL
analysis were supported by enhancer-gene links based on functional correlation (‘functional
links"), we computed functional links as the Pearson correlation between open chromatin and
gene expression at neighboring genes across 110 ENCODE and Epigenomics Roadmap datasets
(73). We compared open chromatin regions containing an eQTL SNP to those without an eQTL.

S9 Co-expression network analysis and systems biology of eQTLs

S9.1 Constructing co-expression networks

For each of the 9 tissues used in the eQTL analysis above (those with > 80 samples), a
co-expression network was constructed using Pearson correlation coefficient to measure pairwise
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similarities between genes expression levels. Each network was then sparsified to only include
the top 1% strongest co-expressed links. This analysis only considered genes that were expressed
(RPKM > 0.1 in 80% of samples) in all 9 tissues, and was performed on “residual” expression
data where, as done for the eQTL analysis, the effect of 15 PEER factors, gender, and 3 genotype
PCs were removed for each tissue.

As described in the multi-tissue eQTL analyses, following the approach of Nica et al.
(22), quantification of sharing of gene-gene “co-expression links (or edges)” among pairs of
tissues were performed using the m; statistic. In this approach, given a “discovery” co-expression
network A and a “validation” co-expression network B, p-values for all links discovered in A
were computed in B (as the p-value associated with correlation coefficient for each link). These
p-values were then used to compute Storey’s m; value, quantifying the proportion of links in A
that are replicable in B. Note that this procedure is not symmetric, so for the nine tissues a total
of 9X8=72 m; values were computed.

S9.2 WGCNA co-expression networks and module annotation

For each of the 9 tissues used in the eQTL analysis above (those with > 80 samples), the
effect of top 3 PEER factors, gender, and 3 genotype PCs were removed. Weighted Gene Co-
Expression Network (WGCNA) was then applied to each individual tissue to obtain co-
expression network structures (47,75). The WGCNA assigns genes into different modules based
on the correlation among genes. The weighted network analysis begins with a matrix of the
Pearson correlations between all gene pairs, then converts the correlation matrix into an
adjacency matrix using a power function f(x)=x"p. To explore the modular structures of the co-
expression network, the adjacency matrix is further transformed into a topological overlap matrix
(41). As the topological overlap between two genes reflects not only their direct interaction, but
also their indirect interactions through all the other genes in the network, previous studies (76)
have shown that topological overlap leads to more cohesive and biologically meaningful
modules. To identify modules of highly co-regulated genes, we used average linkage hierarchical
clustering to group genes based on the topological overlap of their connectivity, followed by a
dynamic cut-tree algorithm to dynamically cut clustering dendrogram branches into gene
modules (77). To distinguish between modules, each module was assigned a unique color
identifier, with the remaining, poorly connected genes colored grey.

ENCODE ChIP-seq data was accessed in September 2012, and we used peak calls based
on spp peak calling program. We merged all ChIP-seq data which contained information
covering 135 unique TFs across 90 cell lines. In optimal files, default FDR gscore cut-off (107)
was used, and UCSC refseq 2012 was used to annotate gene-TF binding information. Given a
significant peak was centered within 10kb of the transcription start position, we established a
“regulation” between the TF and the corresponding gene. For a module of genes as output from
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WGCNA, we then used Fisher exact test to evaluate the significance of the enrichment of certain
TF-gene interactions (FDR <0.1%). We used Fisher Exact Test to annotate the GO function
enrichment of module genes.

To identify cross tissue module interactions, we considered both cross-tissue module
overlap and PC correlation. We tested whether modules from different tissues shared
significantly more genes than by random chance using Fisher exact test. In addition, an overlap

score S(Q,,Q,) was defined between modules 2, and €2, from two tissues as
S(Q,,2,) =R, 1 Q,|/min(|Q, |,| 2, |) to measure the fraction of overlap. We claimed two
modules were significantly overlapping with each other if S(Q,,Q,) > 0.2 and Bonferroni

corrected Fisher exact test p-value < 0.001.

For module PC correlation calculation, samples from two tissues (7;,7,) were first paired
based on donor IDs and samples only available in one of the tissues were excluded. The first
principal components PC' of module M in tissue 7;and M in T, were calculated using R

princomp. Pearson correlation coefficient p between the two PCs was then calculated. The two

1

modules were considered to be correlated if | o(PC; ,,,

PC;, ) [=0.58. These two measurements

enabled us to quantify the cross tissue module interactions and estimate how many of them could
simply result from membership sharing.

S9.3 Module-Switching QTLs

Within each gene and using the complete set of normalized RPKM expression values
available, we used a variation of inverse distance weighting to impute all the missing expression
values, obtaining a cross-validation correlation of 0.98 after 1,000 random deletions and re-
imputations of the observed expression values (Fig. S31A). Our imputation technique was
particularly tailored to capture multi-tissue bimodal distributions in expression, which lie at the
heart of systematic multi-tissue expression variation, and generally detected even small changes
in expression as in HLA-G. This allowed us to discover 688 genes whose expression depends
highly on gender, which we discarded from the rest of the analysis.

To impute expression, we considered per gene the 45 tissues x 175 individuals matrix of
observed expression and for each missing entry (i,j) of this matrix, we computed the mean
squared distance d;ow(i,k) between row i1 and all other rows k for which entry (k,j) was available,
and analogously the mean squared distance d.(j,k) of column j and all other columns k for
which entry (i,k) was available, averaging based on the number of common observed entries
between each pair of rows and columns. We calculated an initial value for entry (i,j) as a
weighted sum of the observed entries in row 1 and column j, where observed entries (k,j) were
weighted with d;ow(i,k)/S and observed entries (i,k) with dcoi(j,k)/S, S chosen so that the sum of
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all weights was 1. This process was repeated 200 times, at each step recalculating the missing
entries from the information available from the previous step and using a damping factor of 0.9.

Using imputed data, we grouped the remaining 19k protein-coding genes into 117
modules based on their average cross-tissue expression patterns. To discover modules, we first
projected the average expression patterns of genes onto low-dimensional space and then learned
extremal points or vertices of this simplified expression space using a convex hull
approximation, further requiring that vertices were supported by at least other 15 genes by
correlation-similarity to handle outliers. This procedure gave us 117 characteristic patterns of
expression, and then global module membership was decided after finding the closest
characteristic pattern to each gene’s mean pattern. Notably, since our modules and their
characteristic patterns were constructed from absolute mean expression across individuals, both
are robust to global non-genetic confounders of gene expression. Modules varied in size from 25
to 400 genes each, and were strongly enriched (Storey Q < 3e-3 after permutation
randomization) for common gene functions highly relevant to the corresponding tissues.

To measure coordinated multi-tissue variation across individuals, we used the 117
characteristic patterns as fixed pinpoints in the multi-dimensional expression space, and then
computed proximity scores of the imputed cross-tissue patterns of expression of each gene and
individual to these points, at each step narrowing the calculation of scores only to the most
relevant and independent characteristic patterns of each gene.

To find modules, we considered the imputed 45x175 matrices of each gene and
calculated the mean expression across rows. We then standardized these vectors, giving us a list
of 19k mean correlation-patterns of expression across tissues, each corresponding to a protein-
coding gene. We called these set of 19k points in 45-dimensional space the space of expression.
We then mapped these vectors onto 20-dimensional space after taking their projection onto the
first 20 Principal Components of the space of expression, curating the signal from possible
Gaussian noise. Within each of these 20-dimensional vectors, we over-expressed entries with
values > 2 and down-expressed entries with values < -2, multiplying them times a large positive
factor, and then re-standardized the vectors. Lastly, we used a combination of affinity
propagation and k-means on our modified vectors to discover vertices and re-mapped those to
45-dimensional space, producing the list of 117 characteristic patterns of expression. Modules
where decided by selecting, for each of the 19k mean patterns of expression of genes, the closest
characteristic vector among the 117 exemplars. Characteristic patterns with less than 15
associated genes where discarded. Notably, the traditional routine of clustering for centroid-
discovery was modified into a vertex-discovery framework by considering correlation space and
an over-representation of the signal on each gene.
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Gene ontology (GO) enrichment was evaluated using only Biological Process (BP) terms
which had at least 10 and at most 1000 annotations among our 19k genes, for a total of 4,206 BP
terms used, and then using only those genes annotated in at least one of these terms, for a total of
13,013 genes. Electronic annotations were also considered as they added important validation
information to patterns. Results were assessed after considering 200 random permutations of the
module-membership list to compute the null p-value distribution.

To discover module-switching we calculated, per gene and individual, probabilities of
membership to each of the 117 modules based on the Euclidean distance between the gene and
each characteristic pattern. Then, the rows of the 117x175 matrix of probabilities of each gene
were each projected onto the first 5 first principal components of the 45x175 expression matrix
of the gene, and only the top scoring rows (i.e. the rows whose projection had the highest
Euclidean norm along each PC) for each PC were selected as quantitative traits for modQTLs
(module-switching QTLs) discovery. This gave at most 5 modules to consider for each gene,
which clearly represented the most relevant and independent module-switching signals of the
gene. We then performed the modQTLs discovery running Matrix eQTL (2/) in cis,
simultaneously permuting 1,000 times the entries of the module-switching vectors of genes to
calculate Storey Q-values from the null p-value distribution.

S10 Personal transcriptomics and implications for human disease

S10.1 Analysis of Protein Truncating Variants (PTV’s)

Annotation of all coding variants was first performed using Variant Effect Predictor
(VEP) and PLINK/SEQ (v0.09, http://atgu.mgh.harvard.edu/plinkseq/) using the GENCODE
V12 reference transcript set data set. Rare functional variants were identified based on stop,
frameshift indel, nonsynonymous (SNV or 3n indel) or splice predictions. An additional layer of
annotation for high confidence loss of function mutations used the methods described in
MacArthur et al. (43). The Variant Effect Predictor (VEP v2.5) tool from Ensembl was modified
to produce custom annotation tags and additional protein truncating variant (PTV) annotations.
The additional PTV annotation was applied to variants which were annotated as
STOP_GAINED, SPLICE_DONOR_VARIANT, SPLICE_ ACCEPTOR_VARIANT, and
FRAME SHIFT and flagged if any filters failed. Filters included: PTV is the ancestral allele;
exon is surrounded by non- canonical splice site (that is not AG/GT); PTV removes less than 5%
of remaining protein; PTV is rescued by nearby start codon which results in less than 5% of
protein truncated; transcript only has one coding exon; splice-site mutation within intron smaller
than 15 bp; splice site is non-canonical OR other splice site within same intron is non-canonical;
unable to determine exon/intron boundaries surrounding variant. A PTV variant is predicted as
high confidence if there is one transcript that passes all filters, otherwise it is predicted as low
confidence. We used PLINK/SEQ to generate predictions of nonsense-mediated decay based on
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Magquat et al. (78) and Nagy and Maquat (79). RNA-seq isoform informed annotation and
visualization of variants were performed using MAMBA
(http://www.well.ox.ac.uk/~rivas/mamba/) (80). Additional methods for PTV analyses are
presented in a companion manuscript (317).

S10.2 GWAS and eQTL integration analyses

We combined NCBI’s Phenotype-Genotype Integrator (PheGenl) (downloaded March
2013, and publicly available from http://www.ncbi.nlm.nih.gov/gap/phegeni) (48), and the
NHGRI Catalog of curated GWAS results (downloaded on November 2013 and publicly
available from https://www.genome.gov/26525384) (49). The resulting catalog of SNP-trait
associations included 10,129 genome-wide significant associations (defined as p<5x10®) and
about 630 distinct phenotypes. This set formed the basis of the eQTL analyses of GWAS-
identified associations.

Because most of the GWAS-identified variants were identified in samples of European
ancestry, we used LD information from the 1000 Genomes Project samples of European descent
(CEU) to arrive at a subset of independent variants. To this end, we pruned the full set of 10,129
genome-wide significant SNPs collectively using a r>>0.80 LD cutoff, counting pleiotropic loci
(all SNPs within r>>0.8 associated with more than one complex trait) as a single instance. We
also annotated each GWAS SNP with eQTLs (defined as FDR<0.05) in strong LD (r>>0.80) with
the GWAS SNP, considering the “best eQTL per gene” derived from the single-tissue and/or
multi-tissue analyses in at least one of the 9 tissues examined. To assess the importance of
regulatory effects (vs coding effects), we annotated each GWAS SNP with putative deleterious
coding variants (non-synonymous or splice variant) in LD (r>>0.80) with the GWAS SNP, using
NCBI’s dbSNP version 137 (http://www.ncbi.nlm.nih.gov/SNP/). We quantified the proportion
of eQTLs in LD with GWAS SNPs that had been detected using only the single-tissue analyses
or only the multi-tissue eQTL methods or the union of both. The frequencies of various genomic
contexts of the GWAS SNPs in LD with a GTEx eQTL were estimated using genomic context
annotations from the PheGenl database (listed in Table S13).

We compared proximity-based and eQTL-based gene assignment for GWAS SNPs and
generated a list of GWAS SNPs in LD with an eQTL, for which the eQTL target gene and the
physically nearest or host gene are discordant. We considered the distribution of the distance to
the target gene of trait-associated GTEx eQTLs, including the case where the target genes are
restricted to protein-coding genes (Table S14).

We evaluated the relevance of the identified eQTLs in disease mapping studies by

analyzing the Wellcome Trust Case Control Consortium (WTCCC) studies of seven complex
diseases (45). We evaluated enrichment for association with each of the 7 disease phenotypes
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among the eQTLs identified in each of the tissues as well as those from the multi-tissue eQTLs.
Separately, we also considered enrichment for association with the autoimmune disorders
(defined here as Crohn’s disease, Rheumatoid arthritis, and Type 1 diabetes) among the eQTLs
from the single-tissue and multi-tissue analyses. We generated a quantile-quantile (Q-Q) plot
showing the associations of the single-tissue eQTLs, by tissue, with each of the disease traits. For
each tissue, an enrichment p-value was derived from an application of the Kolmogorov-Smirnov
(KS) test and reflects an enrichment of low p-values in association with the trait under
investigation comparing the GWAS p-values of the eQTLs to the rest of the GWAS SNPs.

S11 Online Resources

All protected data including sequencing BAMs and clinical data are available through dbGaP by
application (http://www.ncbi.nlm.nih.gov/gap).

All eQTL results are browseable on the GTEX portal, and analysis files, including significant
single and multi-tissue eQTLs, and s-QTLs are available for download on the GTEx portal
(www.gtexportal.org).

MAMBA software is available at http://www.well.ox.ec.uk/~rivas/mamba.

32



Box S1. Glossary of terms

Expression quantitative trait locus (eQTL): A genetic locus where the genotype of a variant is
significantly associated with gene expression levels of one or more genes. Due to linkage disequilibrium
(see below), an eQTL usually contains multiple DNA variants that tag the actual causal variant, which is
responsible for the genotype-dependent gene expression. While in this study we use single-nucleotide
polymorphisms (SNPs) as markers for eQTL discovery, the causal variant may be any type of DNA
variant, including SNPs (eQTNs), indels or copy number variants. There are two types of eQTLs: (i) Cis-
eQTL: A genetic variant that influences the expression levels of a proximal gene on the same
chromosome in an allele-specific manner. (ii) Trans-eQTL: A genetic variants that affects gene
expression through an intermediate trans factor, such as a protein or RNA regulator. Trans-eQTLs usually
lie far away from the target gene or on a separate chromosome.

eGene: Genes with at least one significant cis-eQTL. In the current study, we considered only the most
significant eQTL per gene due to power limitations. Multiple independent eQTLs per gene have been
shown to exist.

Tissue-significant eQTLs: All eQTLs that are significant in a given tissue (here at FDR<5%) irrespective
of their activity in other tissues tested.

Tissue-specific eQTLs: Subset of eQTLs active solely in one tissue out of n tissues tested, assessed
using joint eQTL discovery methods that consider the association of a given variant across multiple
tissues simultaneously.

Ubiquitous eQTLs: eQTLs that are significant in all tissues tested.

Splicing quantitative trait locus (sQTL): A genetic locus where the genotype of a variant is associated
with differential alternative splicing activity or differential isoform abundance. We distinguish here between
two different types of sQTLs that are examined in this paper: (a) Splice-junction quantitative trait locus
(sjQTL): A genetic variant associated with changes in exon junction abundance (detected in this study
using Altrans, 35). (b) Splicing-isoform ratio quantitative trait locus (srQTL): A genetic variant
associated with changes in the relative abundances of gene transcript isoforms (detected here using
sQTLseeker, 36). This is distinct from a transcript QTL (trQTL), which is a genetic variant associated
with the absolute abundance of a single isoform of a gene.

Module-switching QTL (modQTL): A genetic variant associated with membership switching of genes
among dissimilar gene co-expression networks (modules) between different individuals. Co-expression
modules were inferred from gene expression variation across tissues within individuals.

Allele-specific expression (ASE): Also known as Allelic imbalance of gene expression, ASE refers to
significant differential expression between two allelic transcripts within a given heterozygous individual. A
notable strength of ASE analysis compared to eQTL analysis is that it can be applied to a single sample
versus a set of samples that are needed to detect eQTLs. ASE can be used as an independent replication
of eQTL effects.

Genome-wide association studies (GWAS): Population- or case-control-based studies aimed at
identifying in an unbiased manner, DNA variants (i.e., genomic loci) associated with complex disease risk
or quantitative trait variation. Hundreds of thousands to millions of SNPs (>1% frequency in the
population) are genotyped in these studies. To increase genomic coverage, missing genotypes are
imputed into the study using a reference panel (e.g., HapMap or 1000 genomes project). To increase
power, meta-analyses are often performed across multiple GWAS for a given disease or trait (individual
GWAS typically contain hundreds to thousands of individuals).

Linkage disequilibrium (LD): The non-random association of alleles at two neighboring loci that
descend from a single, ancestral chromosome. LD is disproportionately correlated with recombination rate
between the two loci and is affected by other factors, such as selection and genetic drift. The correlation
coefficient, 7 between two alleles at two loci is a common measure of LD, and is dependent on the
population frequencies of these alleles.
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Fig. S1. Summary of tissues collected, sequenced, and analyzed during the GTEXx pilot. (A) Distribution of
the number of tissues collected per donor during the pilot phase. 52 tissue sites were represented (plus two cell
line samples for a total of 54), but on average only 28.3 (median=26) tissues were collected for any given donor.
The bimodal distribution is due to the subset of donors on whom brains were collected, adding an additional 9—11
samples for those donors. (B) The distribution of the number of RNA sequenced tissues per donor represented in
in the final pilot analysis freeze (analyzed in this paper). (C) The distribution of samples received per tissue during
the pilot phase. Tissue site abbreviations are described in Table 1. Tissues such as blood (WHLBLD), skeletal
muscle (MSCLSK), and skin (SKINS) were collected on almost all donors, whereas brains (BRNxxx) and
transplanted organs, such as kidneys (KDNxxx) and liver (LIVER) were obtained less frequently. The gender-
specific tissues are also less frequent. Several tissues were preserved poorly overall and collection of those was
ceased during the pilot (e.g., bladder [BLDDER)] and fallopian tube [FLLPNT]). All samples that are included in the
final analysis data set are shown in dark blue and samples that were sequenced, but excluded from analysis, are
shown in pale blue. Sequenced samples were excluded from the final pilot analysis freeze for QC reasons
(samples were excluded due to low tissue identity or donor issues, e.g., two Kleinfelter’s syndrome donors were
excluded), if they were duplicate samples, or due to data lag (e.g., no matching DNA sample was available at the
time of analysis; these latter samples will be included in subsequent analysis freezes when DNA samples become
available). Samples in pale green represent samples that were collected during the period, but for whom
processing was either ongoing, or if processed, failed to meet RNA QC criteria.
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Fig. S2. RNA quality is influenced by tissue site and ischemic time. Using a best subset generalized linear
model, ischemic time and tissue site had the largest effect on RNA quality, followed by autolysis score, which
collectively accounted for ~40% of the variance of RNA quality (p < 1 x 107’ for correlations between each
significant predictor variable and RNA quality or its residual). The remaining variables tested, such as cause of
death or PAXgene fixative time, showed very small contributions to RNA quality (<1% each). (A) Shows box plots
of RNA quality as measured by RIN for all the PAXgene preserved tissues sampled during the pilot phase. A RIN
value of 6.0 was the cutoff used for inclusion in RNA sequencing. Some tissues, such as muscle, lung, and
esophagus, have well-preserved RNA. Other tissues, such as kidney, colon, and spleen, generally have poorly
preserved RNA and few samples that meet the cutoff for inclusion. (B) Shows that the effect of ischemic time on
RNA degradation is tissue specific. RNA quality in a tissue, such as the skin, is well preserved over a long
ischemic time interval, whereas in pancreas RNA degrades very rapidly with increasing ischemic time.
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Fig. S3. RNA sequencing summary statistics. (A) The number of mapped reads obtained for each sample
ranges from 12-200 million (average 80 million). Tissues sequenced early in the project had more variable read
depths, while those sequenced later have higher numbers of mapped reads. A lower cutoff for inclusion was
placed at 10 million mapped reads. (B) The number of genes detected based on all transcript encoding entries in
GENCODE, which total ~55,000. Across tissues, we detect expression (RPKM > 0.1) for almost half of the genes.
Notable outliers include testis, which expresses an average of 32,604 gene transcripts, and whole blood, muscle
and kidney, which are dominated by a few highly expressed species resulting in fewer detectable gene
transcripts. Tissue site abbreviations are described in Table 1.
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Fig. S4. Hierarchical clustering of brain region samples (A) Clustering of the 324 brain samples shows that
the cerebellum region (represented by duplicate samples ‘Cerebellum’=PAXgene preserved, and ‘Cerebellar
hemisphere’=Fresh Frozen) is the most differentiated among the brain region sub-samples. This is a close up of
the same region as shown in Figure 1A. (B) Hierarchical clustering of the 76 cerebellum and cortex duplicate-
sample pairs taken from the same donor brains (cerebellar hemisphere/cerebellum and cortex/frontal cortex) (714).
Redundancy is observed for 11 of the 21 cerebellum pairs which cluster tightly together by donor, and 5 of the 17
cortex sample pairs which cluster by donor. The incomplete concordance among the remaining sample pairs
might be due to the differing post-mortem ischemic intervals among the pairs or to slight location differences in the
repeated sampling of the duplicate regions. The dendrogram overall reiterates the clear separation between the
cortex and cerebellar regions, but little impact (clustering) of preservation method (PAXgene in black, Fresh

Frozen in red).
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Fig. S5. Principal component analysis (PCA) of the 185 GTEx DNA samples (A) with 1 HapMap, and 455
HapMap2 samples genotyped on the lllumina Omni 5M array. (B) PCA of 185 GTEx samples and 1 HapMap
sample genotyped on the lllumina Omni 5M array and 1184 HapMap3 samples with 1.65M SNPs. x-

axis = principal component 1; y-axis = principal component 2.
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Fig. S6. Distribution of imputed SNPs by allele frequency (AF) and imputation quality score (INFO). The
imputation was performed for 185 GTEXx individuals genotyped on lllumina’s Omni 5M array using the 1000
Genomes Project Phase | as the reference panel.
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Fig. S7. Evaluation of imputation accuracy. Comparison of imputed calls on lllumina’s OMNI 5M array to direct
genotype calls on the Exome Chip using 184 GTEx samples. (A) Mean 7 of imputed dosage of the minor allele
refers to the correlation coefficient (r2) between the imputed calls on the 5M array and the direct calls on the
exome chip per SNP across all individuals, averaged across all SNPs and computed in each IMPUTE2 INFO and
MAF bin, separately. (B—D) Concordance rate refers to the fraction of all SNPs whose imputed genotype call at a
posterior probability above 0.9 is concordant with the direct calls on Exome Chip, computed separately for each
INFO cutoff and MAF bin. IMPUTEZ info = a measure of confidence of imputation; af = allele frequency.
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Fig. S8. Analysis of PEER factors. (A) An assessment of correlations between inferred PEER factors and
known covariates in adipose tissue as a representative example. The color signifies significance of the

association. For significant associations (g value < 0.05), the 7 value is reported in the cell. (B) The meaning of
each covariate abbreviation is given in the table.

A Associations between known and hidden factors

1 1 1 1 L 1 L L 1 L

InferredCov15 0.1}
InferredCov14 - 0.1 0.1 r 12
InferredCov13 - 0.6 r
InferredCov12 r 10
InferredCov11 - r
# InferredCov10 A 0.1+
S 8
g InferredCov9 - 0.5 0.1
L. InferredCov8 4 0.5 r
o 6
H InferredCov7 4 0.5 r
O InferredCov6 0.1
InferredCov5 - 0.1 0.2 0.2 0.2 L4
InferredCov4 1 0.4 0.1 0.1 0.1 r
InferredCov3 02 0.1 01 Flr2
InferredCov2 —- r
InferredCov1 0.5 0.1 0.1 0.1 0.2 0.2 r -0
RAA RO L L F &R ool
<O é\Q/QgS) \G)O%OQ* voqyo %Q?",\Qg’ Q,}O @QBQOQ’ log10(g-value)
FFLE L SR T
%® O 5 =) «“O “O®
I
)
Known Covariates
B code Meaning
SMGEBTCH Expression batch ID
SMCENTER Collection center
DTHHRDY Hardy scale
SMTSISCH Ischemic time for sample
TRISCHD Ischemic time for individual
AGE Age of individual
RACE Self reported race
SMTPAX Time spent in fixative
SMTSTPTREF Procurement reference point
SMNABTCH Nucleic acid isolation batch
SMRIN RNA quality score (RIN)
GENDER Gender of individual

41



Fig. S9. Density and p-value distributions of best cis-eQTL per gene relative to transcript start site (TSS).
(A) The fraction of most significant eQTLs per gene is plotted as a function of distance from the TSS, measured in
kilobases (kb), for the significant eGenes at FDR < 5% (blue line), the non-significant genes at FDR > 5% (red
line), and all SNP—gene pairs tested for eQTL association (black line), shown in whole blood. Negative distance
refers to eQTLs upstream of the TSS and positive distance refers to eQTLs downstream of TSS, taking into
consideration the strand orientation of the gene. eQTLs were plotted within a + 1-Mb window around the TSS
using 10-kb bins. (B) The density distribution of the most significant eQTL per gene for the significant eGenes

(FDR < 5%) as a function of distance from the TSS is overlaid for all 9 tissues tested. The density plot is based on
10-kb bins.
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Fig. S10. Density and p-value distributions of best cis-eQTLs per gene relative to TSS for 9 tissues. This is
an expansion of Figure S10A,B for all 9 tissues tested in the pilot phase of GTEx. (A) The panels display the
fraction of the most significant eQTLs per gene plotted as a function of distance from the TSS, measured in
kilobases (kb), for the significant eGenes at FDR < 5% (blue line), the non-significant genes at FDR > 5% (red
line), and all SNP-gene pairs tested for association (black line) for all 9 tissues analyzed. Negative and positive
distances refer to eQTLs upstream or downstream of the TSS, respectively, taking into consideration the strand
orientation of the gene. cis-eQTLs were plotted within a + 1-Mb window around the TSS, using a 10-kb bin. (B)
The panels contain scatter plots of the negative log10 of eQTL p-values of the most significant SNP per gene for
the significant eGenes at FDR < 5% as a function of distance of the associated SNP to the TSS (in kilobases).
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Fig. S11. Replication rate of whole blood cis-eQTLs in GTEx. The histogram represents the distribution of
GTEx whole blood eQTL p-values for 644,043 significant SNP-gene pair cis-eQTLs (FDR < 0.05) discovered in a
separate study of 911 whole blood samples from unrelated individuals in Estonia (74). We used the GTEx P-value
distribution of the Estonia eQTLs to estimate the i1 statistic, which is the proportion of replicated significant cis-
eQTLs in the GTEXx study (see Storey and Tishirani g-value method (26)). The mi1 statistic is computed from 10
(m1=1-m0) that is the estimated overall proportion of true null hypotheses among all tests performed. The GTEx
replication rate of the Estonia eQTLs was: m1=51%. The histogram bin size used was p = 0.01.
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Fig. S12. Heatmaps for expression and eQTL sharing (A) Mean expression dendrogram and correlation heat
map showing the pairwise similarities between mean gene-expression profiles of different tissues. The heatmap
was constructed by computing the pairwise Spearman correlation coefficient between vectors of mean gene
expression levels for each pair of tissues, and shows approximate correspondence with Fig. 2B. (B) Dendrogram
and heatmap of eQTL sharing obtained from pairwise sharing of eQTLs inferred by appropriate marginalizing from
the gene-based Bayesian multi-tissue eQTL model (24). Each element (i,j) is the probability that a gene has an
eQTL in tissue j, given that the gene has an eQTL in tissue i.
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Fig. S13. Pairwise sharing of eQTLs (A) The x-axis shows the pairwise sharing for each pair of tissues

(9 x 8 = 72 points) using the permutation-based method of Nica et al. (22), as shown in Fig. 2B. The y-axis shows
the results from marginalization of the 9-tissue gene-based Bayesian model (24) to all tissue pairs, as shown in
Figure S12B (r = 0.63 for the comparison). (B) The analogous plot for the SNP-based Bayesian model (25)
(r=0.72).
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Fig. S14. Patterns of eQTL tissue-specificity and potential disease relevance. (A) Chromosome plot

of NDRG4 expression-genotype association in heart tissue, highlighting the SNP rs37062 in intron 40 of CNOT1,
which is significantly associated with QT interval duration (30), and is in strong linkage disequilibrium with rs37055
(r2=0.93), the GTEXx cis eQTL identified with highest posterior probability for expression levels of NDRG4. (B) The
G/A SNP rs37055 on chr169g21 is highly tissue specific as a local eQTL for NDRG4 in Heart (left ventricle, P =
0.32 for expression vs. genotype), with Bayesian model consensus posterior probability 0.98 for heart.
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Fig. S15. Correlation between eQTL significance and the gene target’s mean expression across 9 tissues.
eQTL significance depends modestly on levels of expression. (A) For the 10,030 genes with a significant eQTL,
marginal posterior probabilities from the nine-tissue Bayesian gene-based model are plotted vs. the expression
level in the tissue. Loess curves (red) show very modest dependence, with most R? values <0.01. Beyond an
initial rising relationship seen in all tissues, and only blood shows a consistently positive relationship across the
range of expression. (B) The similar plots using the SNP-based Bayesian multi-tissue model, reaching the same
conclusion. (C) For each gene, the rank correlation was computed between the nine tissue posteriors (both gene-
based and SNP-based models) and the nine average expression levels per tissue, and the two sets of
correlations (rgene and rsyp) and compared to each other. The average gene-based posterior vs. expression
correlation was mean(rgene) = 0.32, with 421 significantly correlated genes (FDR < 0.05, threshold shown as
vertical dashed line). For the SNP-based posterior, the association was less strong, mean(rsyr) = 0.19 and 49
significant genes (threshold shown as horizontal dashed line). No gene showed a significant negative correlation
for either Bayesian multi-tissue model. (D—N) Linear correlation was computed between eQTL posterior
probabilities (an average between two multi-tissue eQTL analysis methods used in this paper) and the mean
expression of the eQTL’s target gene across 9 tissues for 9875 genes that had a significant eQTL at FDR < 5% in
at least one of 9 tissues tested. Only the most significant eQTL per gene were considered here. In all panels the
mean gene expression values are on a log10 scale. Pearson’s correlation coefficient (blue line in D-G) and
Spearman’s rank correlation coefficient (red line in D—E) were computed. (D) The density plot of the squared
correlation coefficient (F) represents the fraction of variance of eQTL significance that can be explained by the
mean expression profile of the eQTL’s target gene across the 9 tissues. Based on this distribution, only a small
fraction of eGenes (area under the curve) have a high 7, i.e., for most eGenes it is not trivial to predict the eQTL
tissue pattern solely from the target’s mean expression profile (e.g., at FDR < 0.05, ~17% of eQTLs have a
Pearson’s r%> 0.6). (E) The density plot of the correlation coefficient (r) shows that there are many more positive
correlations (~73%) between eQTL posterior probabilities and the gene target’'s mean expression levels than
negative ones (~27%). (F) The distribution of Pearson’s correlation p-values shows an excess of nominal p-values
compared to an expected uniform distribution under the null (5.6-fold enrichment at p < 0.05). (G) Estimated g-
values based on Storey and Tibshirani’s method (26), are plotted as a function of Pearson’s correlation p-values
(Pearson’s p-value cutoff at FDR < 0.05 is p < 0.0186; see insert). (G—N) We provided several representative
examples (though not exhaustive) that demonstrate the different types of correlations observed between eQTL
posterior probabilities and their target’'s mean expression levels: (H) strong positive correlation, 1) strong negative
correlation, (J) weak positive correlation, (K) weak negative correlation, (L) tissue-specific in lowest expressed
tissue, (M) tissue-specific in highest expressed tissue, (N) constitutive eQTL irrespective of its target’s expression
levels (no correlation). This analysis is based on the assumption that a linear relationship exists between eQTL
probabilities and their target gene expression levels, however in certain cases a nonlinear correlation may better
capture the relationship between eQTLs and their target expression levels.
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Fig. S16. Bayesian model analysis of tissue sharing of eQTLs. lllustration of the Bayesian models applied to
pairwise analysis of whole blood vs. skeletal muscle. (A) For each gene, the SNP declared by the Bayesian gene-
based model as most likely to be “causal’ is displayed in terms of the z-statistic for association of expression to
genotype in each of the two tissues. Only SNPs for genes with posterior probability >0.95 of having an eQTL are
shown, producing the open region near the origin for genes non-significant by this criterion. Using ly0s=1 @s an
indicator to represent eQTL status in blood (= 0 otherwise), and similarly for the indicator /,,usce, the model
provides explicit probabilities for the four possible outcomes of {/pioq, Imuscie}- GENES are declared tissue-specific
(i.e., the SNP is an eQTL for one tissue and not the other), if the posterior probability for either of the outcomes
{0,1} (musce-specific) or {1,0} (blood-specific) is greater than for the other possibilities, and tissue-common if the
posterior for {1,1} is greatest. The color scheme in the figure shows the results among significant eQTLs. (B) The
analogous Bayesian inference using the SNP-based model. The model uses a slight modification of the z-
statistics (25) and has many more plotted values, because each significant SNP is shown. However, otherwise
the statistics and the resulting inference are highly concordant between the models. Note, for both models, the
inference regarding “opposite-effect” eQTLs, many of which may be artifactual results of regional linkage
disequilibrium patterns, as illustrated in more detail in Fig. S17. However, the overall trend for both gene-based
inference and SNP-based inference is a strong positive correlation of findings between tissues, and examination
of the estimated model parameters indicates the correlation is largely due to underlying commonality of eQTLs
rather than overlapping subjects.
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Fig. S17. Opposite effect eQTLs. Example of how multiple eQTLs may produce spurious signals of apparent
““opposite effects” in SNP-by-SNP analyses. (A) Results from Bayesian multi-SNP analysis of gene
ENSG00000167528 for two tissues (whole blood and skeletal muscle) indicate two different tissue-specific eQTLs
in this region, one in each tissue. The x-axis labels the positions of interrogated SNPs relative to TSS; the y-axis
shows the posterior probability assigned to each SNP being a casual eQTN, color-coded according to tissue
specificity. (Due to LD, there is uncertainty about which SNP is the causal eQTN in each tissue — no posterior
probability is close to 1, but the sums of the posterior probabilities from the blood-specific eQTLs and the skeletal
muscle-specific eQTLs are both very close to 1.) (B) Plot of pairwise LD (,2) shows two blocks of SNPs: the SNPs
showing strong signal in blood are in high LD, and the SNPs showing strong signal in skeletal muscle are in high
LD. The two clusters are also moderately correlated (r2 ~0.4). (C) Estimated effect sizes in each tissue from a
SNP-by-SNP analysis for the top SNP in each tissue in results from top panel. The SNPs show a significant effect
in both tissues, but with effects in the opposite direction because the allele increasing expression in blood is
positively correlated with the allele decreasing expression in skeletal muscle. (D) Effect size estimates from a
standard linear regression of expression in each tissue on the two top SNPs. This joint analysis accounts for the
modest LD between the two SNPs, and the apparent opposite effects from the SNP-by-SNP analysis disappear.
Taken together, the results suggest that this region contains two eQTLs, one active in blood and the other active
in skeletal muscle, and that LD between the two eQTLs produces a spurious pattern of opposite effects in the
SNP-by-SNP analysis.
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Fig. S18. Basic statistics for the allele-specific expression data. The number of measured sites per sample in
ASE analysis for =8 reads as in the master data (A, C) and for = 30 reads as in most ASE analyses (B, D) as
histograms of total site count (A, B) and as scatterplots showing also the number of sites with significant ASE
(p<0.005; C, D).
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Fig. S19. Tissue relatedness in ASE. From the pairwise Spearman rank correlations between all the samples
using allelic ratios over sites sampled to exactly 30 reads each (A), and total read counts over the same sites (B),
we calculated median correlation between tissues. These statistics capture similarity in allelic expression and total
gene expression levels, respectively. The two matrices are highly correlated (Mantel test, r = 0.766), which shows
that while tissue-specific patterns in allelic expression are weaker, it captures similar, biologically sound tissue
relationships as gene expression levels.
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Fig. S20. eQTL replication by ASE analysis across tissues. The plots show the activity of eQTLs discovered
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Fig. S21. eQTL replication by ASE analysis across tissues. This figure shows the same statistic as in Figure

S20, plotted here as a heat map using (A) all estimated and (B) those that are significantly different from 1

(p < 0.05 with Bonferroni correction).
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Fig. $S22. Quantifying sharing of regulatory effects between tissues by ASE analysis. Each row shows how
significant ASE sites (p < 0.005) discovered in each of the tissues are detected in other tissues of the same
individual. (A) Shows the proportion of ASE sites in one tissue which are nominally significant (p < 0.05) in the
second tissue, for only the sites that are measured in both tissues as a result of the gene being expressed in both.
The relatively high degree of sharing is consistent with eQTL results. (B) Shows the proportion of ASE sites that
are nominally significant (p < 0.05) in the second tissue, out of all the sites in the first tissue that were measured in
the second tissue. This captures the total probability of detecting a regulatory effect in another tissue, and the
difference between A and B shows that while regulatory variants can have tissue-specific effects even in
ubiquitously expressed genes, being unable to find an effect of a regulatory variant in another tissue is dominated
by the gene simply not being expressed in the other tissue.

A

ADPSBQ
_ ARTTBL
BRNAMY
BRNCDT
BRNCHA
BRNCHB
BRNCTXA
BRNCTXB
BRNHPP
BRNHPT
BRNNCC
BRNPTM
BRNSNG
~ HRTLY
LUNG
MSCLSK
NERVET
PTTARY

THYROID
WHLBLD

LUNG

MSCLSK
LUNG

BRNCDT
BRNCHA
BRNCHB
BRNCTXA
BRNCTXB
BRNHPP
BRNHPT
BRNNCC
BRNPTM
BRNSNG
HRTLV
NERVET
PTTARY
SKINS
THYROID
WHLBLD
ADPSBQ
ARTTBL
BRNAMY
BRNCDT
BRNCHA
BRNCHB
BRNCTXA
BRNCTXB
BRNHPP
BRNHPT
BRNNCC
BRNPTM
BRNSNG
HRTLV
MSCLSK
NERVET
PTTARY
SKINS
THYROID
WHLBLD

—
Ea
wnHE
PE
% o
Q=

BRNAMY

1

o
w
o
a
o
(6]

61

Il

0.1 02 03



Fig. S23. Cartoon definitions of splicing events analyzed.
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Fig. S24. Expression profiles of significant (FDR 5%) sQTLs identified by Altrans and sQTLseekeR. Plotted
are the density functions of log10 (RPKM) distributions of different classes of genes. The genes that are
significant in Altrans (orange line) (35) are significantly more expressed (Mann Whitney U P < 2.2 x 10_16) than
those that are found to be significant in sQTLseekeR (magenta line) (36). This reflects the fact that Altrans
quantifications are filtered for highly expressed links specifically to filter out noise in quantifications, whereas
sQTLseekeR quantifications are not filtered (74), which is one of the main differences between the two methods.
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Fig. S25. Concordance between Altrans and sQTLseekeR. i1 estimates of the concordance between Altrans
and sQTLseekeR considering only exon-skipping events. We examined cases where there was a significant
variant for an exon-skipping event in sQTLseekeR and compared the p-value achieved for the same exon—variant
pair in Altrans. We find a significant enrichment of low p-values indicating strong agreement between methods
when overlapping types of splicing events are considered.
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Fig. S26. Examples of sQTLSs. In the left panels we represent as box-plots the distribution of the splicing ratios of
the candidate gene in a selected population. The distributions are given separately for each genotype and the
number of tested individuals in each genotype is given in parenthesis next to the genotype. Each splicing isoform
is represented by a different color. When there are more than six transcripts, those with low expression levels are
merged into a single transcript for the sake of clarity. The right panels show the exonic structure of the transcripts
along with the location of the sQTL SNP (shown as the dotted line). (A) In blood, we found the SNP rs3865444
associated with a change of the major isoform of CD33 gene. This gene has four annotated isoforms. In the
individuals with the CC genotype, the green isoform dominates, while the blue isoform is the dominant one in the
individuals with the AA genotype. Heterozygotes use the two isoforms with similar frequency. SNP rs3865444 has
been previously associated with Alzheimer disease but no eQTLs have been found. The SNP, however, has been
recently found to be a sQLT in Battle et al. (39) (B) Shows an example in adipose tissue. The SNP rs116179804
is associated with changes in the relative usage of isoforms of the gene MICA, which has seven annotated
isoforms. The same association was observed in 6 other tissues. This SNP is also associated with changes in
gene expression in the GTEx data, but had not previously been described as an eQTL.
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Fig. S27. m1 estimates of tissue sharing for Altrans sQTLs. Each pairwise estimate is plotted as a heat map,
with the numbers in the boxes showing the actual i1 estimate. The tree represents a hierarchical clustering of the
samples based on these estimates. The 11 estimates are based on the p-value distributions obtained by testing
the significance of originating tissues' significant SNP-link pairs in the test tissue.

Value
0.1 0.2 0.3 0.4

NA 0.23 Whole blood
0.33 NA0.23 0.26 0.23 0.24 Lung
Nerve, tibial

0.31 0.33 NA 0.23.0.30 0.33

Heart, ventricle

.0.30 0.28 NA0.36/0:890.27 0',,2@%0.36

0.250.340.320.24 NA0.27 0.34/0:890.36 Thyroid

BuneublO

0.34 0.29 0.28.0.27 NA 0.28 028 0.36  Artery, tibial

0.3410:241 0.30 02241 0.33 0.30 NA 0.31 0.28 Adipose, subcutaneous

0.33 [ 0.23.0.28 032030 NAOGZS  Skin, sun exposed

0.350.300.24 0.29 0.31/0:880.29 0.30 NA Muscle, skeletal

T O § © T w ¢ T ®
e ¢ 8 = = 8 35 g
& 3 & 2 2 &8 ©0 o ©
E_I-l—'-c—->n-l—'0.)0®
-~ & < -~ C Q9
2 g 2F PS8 §0
[e) QO > -
E g2 ¢ £ 35¢
= 8 <:w8
T 7 I |
SRR =
8;:
o 0
2
©
<
Test

66



Fig. S28. Scatter plot of sQTL variant distance to the transcription start site (TSS) vs. FDR corrected —
log10(P). The points are colored based on the number of tissues a variant is significant in. There is a strong
enrichment for sQTLs that are closer to the TSS. Further, sQTLs that are observed in multiple tissues are closer
to the TSS than those that are tissue specific.
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Fig. S29. Enrichment of regulatory element annotations for eQTLs. Each group of bars represents a
regulatory annotation (in decreasing genomic prevalence: Enhancer, union of all enhancer regions defined by
histone modification ChIP in the Roadmap cell types; DNase, union of all open chromatin regions defined by
DNasel hypersensitive peaks in the Roadmap cell types; ChlP, union of all protein binding sites identified by ChIP
peaks in the ENCODE experiments; Enh+DNase, regions that are both identified as an enhancer by histone
modification and open chromatin by DNase in the same cell type; Promoter, union of all promoter regions defined
by histone modification ChIP in the Roadmap cell types). Each group of four bars represents the frequency of the
regulatory annotation in four sets, from left to right: (a) 91 unambiguous (putatively causal) intergenic eQTLs from
the single-tissue analysis; (b) 4085 intergenic eQTLs (best per genef/tissue) from the single-tissue analysis; (c)
14.7 Mb of intergenic sequence within 2.5 kb of the intergenic eQTLs; (d) 1.2 Gb of the total intergenic genome. In
each case, the unambiguous eQTLs are strongly enriched relative to the set of all eQTLs, the local genomic
context, and the intergenic genome.
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Fig. S30. WGCNA co-expression networks and module annotation (A) Transcription Factor TF-Module
connectivity map in heart tissue. Each green circle node is a TF measured by ENCODE, and each orange
hexagon node is a heart co-expression module. The edge between a TF and a module indicates that the TF is
significantly enriched for binding to the transcription start sites of the genes in the module (BH corrected p<0.01).
Some modules are potentially regulated by a large number of TFs (those in the center). (B) Correspondence of
modules, based on weighted gene co-expression network analysis (WGCNA), learned independently in each
tissue based on cross-individual expression similarity. Each slice in the circos plot is one module within a tissue.
Edges between modules learned in different tissues represent the overlap in genes (green edges,
overlap/enrichment approach, proportion overlap > 20% and Bonferroni corrected p<0.001), and the similarity in
expression vectors across individuals (red edges, module PC correlation approach, FDR cutoff=0.1%). The thick
blue edges indicate interactions identified by both methods. Only modules with at least one cross tissue
interaction are shown.
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Fig. S31. Module switching QTLs (A) Scatter plot of imputed vs. real values in cross-validation of imputation
methodology. A total number of 1000 random observed samples were deleted and then re-imputed. A Pearson
correlation of 0.98 was found between the vectors of real and imputed data. (B) A total of 65,000 module-
switching instances were called genome-wide based on gene expression variation. These varied on the strength
of their effects on gene expression (measured as the correlation distance between the pair of characteristic
patterns involved at each case). The red curve shows the fraction of all these module switches that have strength
above a given threshold. The green curve shows the fraction of module switches above a certain given threshold
of strength that are associated with a modQTL at g < 0.05. An increase in effect sizes is clearly positively
correlated with an increase in the rate of modQTL discoveries. (C) Direct comparison between strong-effect
modQTLs at g <0.05 that cause module switches of strength >0.5 (in set A), all modQTLs at g <0.05 (in set B),
single tissue eQTLs (in set C), and multi-tissue eQTLs (in set D), discovered within the pilot release and analyses
of GTEx. Only sufficiently significant discoveries of each group were considered for the comparison, but measures
of statistical significance varied between different analyses.
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Fig. S32. Use of transcriptome data to improve clinical variant annotation. Tissue-specific isoform
annotation from RNA-seq can impact the clinical interpretation of putative novel alleles in the gene SGCB which is
associated with limb girdle muscular dystrophy type 2E (87). Four annotated transcript isoforms are reported for
this gene in GENCODE v12 (15). In skeletal muscle ENST00000381431 is the dominant isoform expressed, with
the other protein-coding isoforms only minimally expressed. SNP1 is predicted to be a stop-gain variant across all
four protein-coding transcript isoforms, whereas SNP2 is predicted to be a nonsense variant across only two
protein-coding transcript isoforms and an intronic variant across the remaining isoforms.
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RPKM

Fig. S33. Cross-tissue expression pattern of two candidate genes in a blood pressure GWAS locus. A-B)
Expression box plots for (A) ARHGAP42 and (B) TMEM133 across all 45 tissues that have RNA sequencing data
in GTEx. The box plots display the median and upper and lower quartiles of the expression values in each tissue.
Circles denote outliers. The GWAS SNP rs633185 associated with systolic blood pressure (p=1.2 x 107'’) and
diastolic blood pressure (p =2 x 10_15) lies in an intron of ARHGAP42 and is a significant Tibial Artery eQTL
acting on ARHGAP42 and on the neighboring gene, TMEM133, based on single tissue eQTL analysis and

FDR < 0.05 (see Fig. 9). The different sample sizes per tissue are listed in Table 1. RPKM refers to reads per
kilobase per million. (C) Comparison of the expression box plots of ARHGAP42 and TMEM133 across the subset
of 9 tissues with sufficient sample size for eQTL detection. ARHGAP42 and TMEM133 show similar expression
patterns across the 9 tissues tested. In all panels, tissues are ordered according to median expression values in
descending order.
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Fig. S34. Blood-specific cis-eQTL indicates two IncRNAs as putative causal genes in a pleiotropic GWAS
locus. (A) The intergenic GWAS SNP, rs2836878, associated with inflammatory bowel disease (p =5x10"%) (82),

pediatric-onset inflammatory bowel disease (p =4x107'?) (83), and ulcerative colitis (p =2x107%%) (84) is in high LD
(12 = 0.90) with a whole blood eQTL, rs71184661, acting on the lincRNAs AF064858.11 (single-tissue eQTL

p =1.1x107°) and AF064858.8 (single-tissue eQTL p =2x107°). The SNP rs71184661 is the most significant whole
blood cis eQTL for AF064858.11 and AF064858.8 based on the single tissue eQTL analysis at FDR < 0.05. The
start site of AF064858.11 (on the reverse strand) is 83.5 kb upstream of the GWAS SNP, rs2836878, and the start
site of AF064858.8 (also on the reverse strand) is 87.5 kb upstream of the GWAS SNP. (B) An average eQTL
posterior probability between two multi-tissue eQTL detection methods used in this paper is presented for
AF064858.11 and AF064858.8 across the 9 tissues tested for eQTLs, ordered based on the gene’s median
expression values in descending order (same order as in panel C). This GWAS-eQTL is highly whole blood-
specific based on the multi-tissue eQTL analyses (AF064858.11: mean posterior probability of whole blood eQTL,
P =0.96, and mean posterior probability of blood-specific configuration, P = 0.84; AF064858.8: mean posterior
probability of whole blood eQTL, P = 0.90, and mean posterior probability of blood-specific configuration,

P =0.59). The eQTL tissue-specificity is a bit stronger for AF064858.11 compared to AF064858.8. The most
significant cis eQTL for the lincRNA AF064858.11 based on the multi-tissue eQTL analysis was rs2836883

(# = 0.99 with GWAS SNP, rs2836878), and for AF064858.8 was rs71184661 (= 0.90 with GWAS SNP). (C)
Box plot expression profiles are presented for AF064858.11 and AF064858.8 across the 9 tissues analyzed for
eQTLs. Tissues were ordered in descending order based on the gene’s median expression values. (D) Box plot
expression profile of AF064858.11 and AF064858.8 across all tissues collected in GTEx that have RNA-
sequencing data. Tissues were ordered in descending order according to the gene’s median expression values.
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Table S1. Demographic summary of the 175 donors in the pilot analysis freeze. BMI = body mass
index, SD = standard deviation, Al = American Indian, AA = African American, EA = European American.
Donor ischemic time is calculated as the number of minutes since the donors’ tissues were last perfused
(i.e., onset of ischemia) until the first tissue is put in the PAXgene stabilizer.

Donor
ischemic time
Age BMI (min) Race Ethnicity
Not Not
Gender n Mean SD Mean SD Mean SD Al Asian AA EA Hispanic Hispanic reported Unknown
Female 64 49.4 14.3 26.2 43 3943 399 0 1 8 55 0 35 8 21
Male 111 50 12.6 275 3.8 3652 392.5 1 1 16 93 1 59 14 37
All 175 49.8 13.2 27 4 375.8 394 1 2 24 148 1 94 22 58

Table S2. Cause of death categories for donors. Coding for the Hardy scale (85,86) score is as
follows: O = subject as on a ventilator when death was pronounced (note: not part of the original Hardy
Scale), 1 = deaths due to accident, blunt force trauma or suicide, terminal phase estimated at <10
minutes, 2 = sudden unexpected deaths of people who had been reasonably healthy, after a terminal
phase estimated at < 1 hour, 3 = death after a terminal phase of 1-24 hours (not classifiable as 2 or 4),
4 = death after a long illness, with a terminal phase longer than 1 day. 4 surgical donors are not included
in the table.

Donor ischemic

Age time Gender Hardy score

Cause of death n Mean SD Mean SD Female Male 0 1 2 3 14
Asphyxiation 10 406 125 3822 264.8 3 7 7 3 0 0 o0
Blunt injury 25 402 165 344 2723 9 16 20 3 0 1 0
Burn 1 62 NA 270 NA 0 1 1 0o O 0
Cardiovascular disease 39 529 11.1  608.2 438.6 14 25 20 0 13 4 1
Cerebrovascular

accident 52 53 9.3 298.5 275.4 20 32 45 0 0 3 3
Drug overdose 7 38.3 165 404.6 241 3 4 3 1 2 1 0
Gun shot wound 6 415 103 364 4511 0 6 5 1 0O 0 ©
Liver disease 5 47 13.7 6124 330.1 2 3 0 0O 0O 0 5
Neurological disorder 4 535 219 643 328.6 3 1 1 0 0 0 3
Renal failure 5 60 8.6 773.4 413.2 4 1 1 o 0 0 4
Respiratory disease 5 58 7.4 800 414 2 3 3 1 1 0 0
Traumatic brain injury 10 52.8 9.8 501.6 290.8 3 7 6 0 2
Viral infection 2 625 2.1 898 455.4 1 1 1 0O 0 o 1
All 171 49.8 13.2 4429 364.2 64 111 113 10 16 10 19
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Table S3. Sample and SNP QC summary for the lllumina Omni 5M genotyping. A total of 191 DNA
samples were submitted for genotyping, consisting of 185 unique GTEXx individuals. All 191 samples were
released to dbGaP. Imputation was run on only the 185 unique samples, after excluding the duplicates
and the HapMap individual, but not the Klinefelter samples. Of those, only 175 were included in the final
eQTL and transcriptome analysis freeze, since donors required both genotype and RNA sequence data to
be included in the freeze. None of the 8 flagged samples were included in the final analysis freeze. Flags
for potentially bad SNPs were set at Hardy—Weinberg equilibrium (HWE) P<1 x1078, genotype
missingness P<1x10°, and batch association P<1x10™°.

QC steps # unique GTEXx # flagged # SNPs # SNPs
P individuals samples kept removed
Original data 191 4,276,680
1. Exclude monomorphic SNPs and SNPs with < 90% 191 4,276,680 671,702
genotyping rate
2. Exclude individuals with call rate < 95% 191 3,604,978
3. Sex check 191 2 Klinefelter 3,604,978
individuals
(represented by
3 samples)
4. Heterozygosity test 191 3,604,978
5. Genome identity-by-descent (IBD) 191 3,604,978
Sample contamination 191 3,604,978
Cryptic relationships 191 3,604,978
Sample duplicates 191 5 3,604,978
6. HapMap individual 186 1 3,604,978
7. SNPs test statistics 185 3,604,978
Testing HWE using 156 Europeans 185 3,604,978 312
(p<1 % 107)
Genotype missingness predicted using 185 3,604,978 1431
surrounding haplotypes (p<1 % 107
Testing for association with plates (p<1 x 1079 185 3,604,978 75
Subtotal 185 3,604,978 1757
8. SNP call rate < 95% 185 3,603,221 24,797
9. SNPs with heterozygous haploid genotypes on sex 185 3,578,424 2,547
chromosomes
Total 185 8 3,575,877 700,803
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Table S4. Sample and SNP QC summary for the lllumina HumanExome genotyping. Thresholds for
potentially bad SNPs were set at Hardy—Weinberg equilibrium (HWE) P< 1x107°, genotype missingness
P< 1x10°%, and batch association P< 1x107%. All 8 flagged samples were not included in the final analysis
freeze, which included data for only 175 donors (see legend to Table S3). All 190 samples were released
to dbGaP.

# unique
GTEXx # flagged # SNPs # SNPs
QC steps individuals samples kept removed
Original data 190 242,040
1. Exclude SNPs with autocall call rate <80% 190 242,040 536
1. Exclude monomorphic SNPs and SNPs with < 99%
genotyping rate 190 242,040 163,005
2. Exclude Individuals with call rate < 95% 190 78,499
3. Sex check 190 2 Klinefelters
4. Heterozygosity 190
5. Genome IBD 190
Contamination 190 78,499
Sample duplicates 190 5 78,499
6. HapMap individual 185 1 78,499
7. SNP filter 184 78,499
Testing HWE (p<1 X 107 with 155 Europeans 347
Genotype missingness predicted using surrounding
haplotypes (p<1 x 107%) 184
Testing for association with plates (p<1 x 1079 184 ]
Subtotal 184 78,499 348
8. SNP call rate <99% 184 78,151 0
9. SNPs with heterozygous haploid 184 78,151 21
Total 184 8 78,130 163,910
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Table S5.Evaluation of imputation accuracy. Evaluation of accuracy of imputed data on lllumina’s
OMNI 5M array by comparison with direct genotype calls on Exome Chip from the same overlapping 184
GTEx samples.

Minor Complete
Minor allele Counts allele Counts Counts # Mean Median pair #
MAF Info concordance (equal/all) hom (equal/all) Het (equal/all) CNPs 7 / CNP
0 =0 0.0000 0/10301 NaN 0/0 NaN 0/0 69913 NA NA 0
0 =0.1 0.0000 0/9573 NaN 0/0 NaN 0/0 15790 NA NA 0
0 =0.2 0.0000 0/9573 NaN 0/0 NaN 0/0 11835 NA NA 0
0 =0.3 0.0000 0/9572 NaN 0/0 NaN 0/0 9550 NA NA 0
0 =0.4 0.0000 0/9564 NaN 0/0 NaN 0/0 7982 NA NA 0
0 =0.5 0.0000 0/9513 NaN 0/0 NaN 0/0 6629 NA NA 0
0 =0.6 0.0000 0/9186 NaN 0/0 NaN 0/0 5664 NA NA 0
0 =0.7 0.0000 0/8066 NaN 0/0 NaN 0/0 4619 NA NA 0
0 =0.8 0.0000 0/6432 NaN 0/0 NaN 0/0 3387 NA NA 0
0 =0.9 0.0000 0/4890 NaN 0/0 NaN 0/0 2058 NA NA 0
O0<as0.01 =0 0.3654 7345/20104 0.2841 50/176 0.4173 7295/17482 14991 0.5121 0.4996 12686
0<as0.01 =0.1 0.5414 7345/13566 0.4386 50/114 0.6628 7295/11006 9473 0.6272 0.8065 9463
0<as0.01 =0.2 0.5712 7345/12859 0.4717 50/106 0.7078 7295/10307 8707 0.6578 0.8802 8700
O0<a=s0.01 =0.3 0.5933 7345/12380 0.5000 50/100 0.7418 7295/9834 8101 0.6821 0.9206 8094
0<a=s0.01 =0.4 0.6101 7345/12039 0.5000 50/100 0.7685 7295/9493 7636 0.7015 0.9500 7629
O0<as0.01 =0.5 0.6257 7344111737 0.5051 50/99 0.7924 7294/9205 7168 0.7186 0.9668 7161
0<as0.01 =0.6 0.6411 7301/11388 0.5263 50/95 0.8119 7251/8931 6734 0.7339 0.9782 6728
0<as0.01 =0.7 0.6786 7113/10482 0.5495 50/91 0.8378 7063/8430 6110 0.7611 0.9916 6105
O0<a=s0.01 =0.8 0.7152 6548/9155 0.5765 49/85 0.8666 6499/7499 5181 0.8000 0.9989 5177
0<a=s0.01 =0.9 0.7589 5273/6948 0.5921 45/76 0.8984 5228/5819 3837 0.8515 1.0000 3834
0.01<a=<0.05 =0 0.7474 11203/14989 0.4869 335/688 0.8113 10868/13395 2379 0.7259 0.8408 2351
0.01<a=<0.05 =0.1 0.7738 11203/14477 0.5007 335/669 0.8424 10868/12902 2273 0.7482 0.8548 2272
0.01<a=<0.05 =0.2 0.7786 11203/14389 0.5030 335/666 0.8479 10868/12817 2252 0.7542 0.8595 2251
0.01<a=<0.05 =0.3 0.7847 11203/14276 0.5030 335/666 0.8555 10868/12704 2225 0.7612 0.8639 2224
0.01<a<0.05 =0.4 0.7904 11203/14174 0.5045 335/664 0.8623 10868/12604 2198 0.7679 0.8684 2197
0.01<a=<0.05 =0.5 0.7976 11200/14042 0.5060 335/662 0.8708 10865/12477 2163 0.7770 0.8766 2162
0.01<a=<0.05 =0.6 0.8094 11157/13784 0.5146 335/651 0.8834 10822/12251 2091 0.7929 0.8869 2090
0.01<a=<0.05 =0.7 0.8249 11023/13363 0.5187 333/642 0.8982 10690/11901 1986 0.8131 0.9031 1985
0.01<a=<0.05 =0.8 0.8472 10626/12543 0.5304 332/626 0.9158 10294/11240 1816 0.8427 0.9304 1815
0.01<a<0.05 =0.9 0.8821 9252/10489 0.5777 305/528 0.9405 8947/9513 1433 0.8882 0.9841 1432
0.05<a<05 =0 0.9387 197757/210678 0.9720 39716/40861 0.9478 158041/166745 2874 0.9327 0.9866 2867
0.05<a<05 =0.1 0.9455 197757/209150 0.9721 39716/40857 0.9565 158041/165221 2863 0.9344 0.9867 2862
0.05<a<05 =0.2 0.9473 197757/208769 0.9721 39716/40854 0.9587 158041/164843 2859 0.9353 0.9867 2859
0.05<a=<05 =0.3 0.9474 197757/208737 0.9722 39716/40853 0.9589 158041/164815 2857 0.9360 0.9867 2857
0.05<a<05 =0.4 0.9476 197757/208688 0.9722 39716/40850 0.9592 158041/164769 2856 0.9362 0.9867 2856
0.05<a<05 =0.5 0.9480 197733/208570 0.9723 39716/40849 0.9596 158017/164669 2851 0.9378 0.9868 2851
0.05<a<05 =0.6 0.9497 197627/208103 0.9725 39670/40791 0.9609 157957/164388 2841 0.9405 0.9870 2841
0.05<a<05 =0.7 0.9520 197453/207409 0.9733 39648/40735 0.9629 157805/163878 2823 0.9452 0.9871 2823
0.05<a<05 =0.8 0.9538 196612/206143 0.9742 39508/40553 0.9643 157104/162916 2788 0.9504 0.9877 2788
0.05<a<05 =0.9 0.9588 192715/201001 0.9761 38849/39801 0.9685 153866/158869 2680 0.9596 0.9888 2680
Column Detail
MAF Minor allele frequency stratified by direct calls on the Exome Chip.
Info IMPUTEZ info score; measure of imputation confidence.

Minor allele concordance  Minor allele concordance of all SNPs.

Counts (equal/all) All: the number of complete obs, equal: the number of equal obs,
equal/all = minor allele concordance.

Minor allele hom Minor allele homozygotes concordance.

Counts (equal/all) All: the number of complete obs, equal: the number of equal obs,
equal/all=minor allele homozygotes concordance.

het Heterozygotes concordance.

Counts (equal/all) All: the number of complete obs, equal: the number of equal obs,
equal/all=heterozygote concordance.

#CNPs The number of CNPs that are in each category by MAF and INFO, regardless of
how many calls are missing.

Mean Correlation coefficient 7 is calculated per SNP, and then the s of all SNPs are
averaged.

Median 7 Correlation coefficient 7 is first calculated per SNP, and then the median of r’s
of all SNPs is taken.

Complete pair #CNP For mean 7 and median rz, the # of SNPs whose 7 can be calculated, sd!=0.
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Table S6. Distribution of cis-eQTLs around the TSS. Distribution of the most significant cis-eQTLs per
gene around the gene target's transcript start site.

% of cis-EQTLs % of cis-eQTLs # of cis-EQTLs
% of cis-eQTLs* downstream of within £100 kb within £100 kb
Tissue upstream of TSS TSS from TSS from TSS
Subcutaneous adipose 59 41 83 966
Tibial artery 62 38 80 1408
Whole blood 59 41 83 1648
Heart. left ventricle 61 39 82 753
Lung 59 41 80 1480
Skeletal muscle 62 39 81 1250
Tibial nerve 61 39 81 1268
Skin, sun exposed 60 40 79 1079
Thyroid 60 40 81 1812
Average 60 40 81 1296

*Fraction of eQTLs were computed out of all significant cis-eQTLs in a + 1-Mb window around the gene
target's transcript start site (TSS), considering only the most significant cis-eQTL per gene at FDR < 5%.
On average about 50% of all the SNPs tested for eQTLs lie upstream and 50% downstream the target
genes' TSS, for each of the 9 tissues tested.
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Table S7. Distance of significant cis-eQTLs from their target TSS. Distance of the most significant
cis-eQTL per gene from their target transcript start site at different percentiles of the distance distribution.

A. Distance was computed for the different percentiles, considering both upstream and downstream
eQTLs in the percentile ranking based on absolute distance.

(Distance boundaries are symmetrical around transcript start site)

Percentiles:

Tissue 25th 50th 75th 90th 95th 99th

Subcutaneous Adipose 6,190 21,862 66,253 183,560 435,790 860,370
Tibial Artery 7,012 26,028 77,507 242,320 483,700 820,290
Whole Blood 6,424 22,104 65,978 191,700 401,960 861,200
Heart Left Ventricle 5,597 21,247 65,414 168,590 368,360 872,180
Lung 7,078 24,446 72,257 235,100 500,070 880,680
Skeletal Muscle 5,969 23,170 68,100 194,480 405,420 850,160
Tibial Nerve 7,862 25,863 73,712 217,000 432,160 871,140
Skin, sun exposed lower limb 6,670 24,350 78,303 251,480 515,110 950,740
Thyroid 7,048 25,360 73,382 215,690 432,710 878,560
Average: 6,650 23,826 71,212 211,102 441,698 871,702

B. Distance was computed considering only the upstream eQTLs in the percentile ranking.

Percentiles:

Tissue 25th 50th 75th 90th 95th 99th

Subcutaneous Adipose 6,054 21,453 63,078 177,440 369,380 885,280
Tibial Artery 7,697 26,222 69,722 209,980 383,130 762,550
Whole Blood 6,309 22,876 68,586 184,520 361,440 845,890
Heart Left Ventricle 5,107 21,159 58,851 152,900 343,690 916,440
Lung 7,138 24,725 69,847 207,990 461,710 858,030
Skeletal Muscle 6,142 24,051 65,957 171,340 329,570 850,010
Tibial Nerve 7,806 25,560 67,976 175,350 334,770 866,200
Skin, sun exposed lower limb 6,880 24,118 74,454 233,310 502,840 937,910
Thyroid 7,481 25,250 74,816 202,590 404,080 847,180
Average: 6,735 23,935 68,143 190,602 387,846 863,277

C. Distance was computed considering only the downstream eQTLs in the percentile ranking.

Percentiles:

Tissue 25th 50th 75th 90th 95th 99th

Subcutaneous Adipose 6,534 22,279 72,478 229,280 468,980 803,230
Tibial Artery 5,896 25,664 93,665 292,130 583,820 869,020
Whole Blood 6,714 20,317 61,260 213,270 448,540 869,030
Heart Left Ventricle 5,754 21,911 73,124 203,540 441,710 836,000
Lung 7,064 23,401 79,245 288,640 558,830 902,070
Skeletal Muscle 5,638 22,441 72,671 231,060 462,700 856,160
Tibial Nerve 8,097 27,067 90,002 298,180 611,020 878,250
Skin, sun exposed lower limb 6,051 24,814 83,115 296,820 543,530 956,170
Thyroid 6,523 25,649 70,387 243,480 487,820 901,990
Average: 6,475 23,727 77,327 255,156 511,883 874,658

(A—C) Distance is in base pair units. A cutoff of FDR < 0.05 was used her for calling a cis-eQTLs significant.
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Table S8. ASE QC statistics. (A) Basic statistics of ASE analysis. (B) Partitioning of the variance of
pairwise correlation matrices based on allelic ratios, or total read counts per site, according to whether the
sample pairs come from same or different individuals or tissues.

A
Total sites Sites 30 reads ASE Sites 30 reads ASE
=30 reads p <0.005 p < 0.005 (%)
Minimum 221 8 1.59%
Median 6383.5 389.5 5.99%
Maximum 16422 1349 15.0%
B
Tissue Subject Residual
Allelic ratio 0.08625 0.17871 0.73504
Expression level 0.85577 0.09979 0.14444

Table S9. Splice-QTLs identified. The number of splice-QTLs (sQTLs) detected by Altrans and
sQTLseekeR.

Altrans sQTLseekeR

Tissue (+/- 1 MB from TSS) (gene +/— 5 kb from TSS)

Genes tested sQTLs Genes tested sQTLs
Adipose, subcutaneous 8883 1869 14,615 335
Artery, tibial 8407 2347 14,583 435
Heart, left ventricle 7288 656 14,094 242
Lung 9010 2877 15,262 289
Muscle, skeletal 6770 1557 13,720 200
Nerve, tibial 9104 2083 14,534 234
Skin, sun-exposed 8495 1494 15,124 315
Thyroid 8902 1885 14,900 226
Whole blood 5098 2735 13,751 153
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Table S10. Proportion of splice-QTLs also detected as significant eQTLs. The estimated fraction of
true positive eQTLs amongst the significant sQTLs () for each of the nine pilot tissues was computed at
a false discovery rate (FDR) cutoff of 0.05, using the Storey and Tibshirani g-value method (26). Only the
most significant sSQTL per gene, among multiple significant sQTLs per gene at FDR < 0.05 was
considered, to satisfy the independence assumption of the 1y calculation. This was computed for both the
Altrans splice QTL method (which identifies SNPs associated with differences in expression levels of
exon junctions), and the sQTLseekeR method (that identifies SNPs associated with differences in relative
abundances of gene transcript isoforms). To estimate 1y, we extracted the nominal eQTL p-values from
Matrix eQTL for each of the significant sQTLs considered at FDR < 0.05 for a given tissue, and estimated
o that is the proportion of true null eQTL associations amongst all sQTLs tested. m, is defined as 1 — 1y,
with values between [0—1]. *Number of genes with at least one significant sQTL at FDR < 0.05, whose
most significant sSQTL SNP had a matching eQTL p-value from Matrix eQTL. Hence, the sQTL gene
numbers here might be slightly smaller than those in Table S9. TSS, transcript start site.

Altrans (+/- 1 Mb from TSS) sQTLseekeR (gene +/~5 kb))

Tissue # sQTL genes* m # sQTL genes* m
Adipose, subcutaneous 1806 0.14 332 0.50
Artery, tibial 2254 0.19 417 0.70
Heart, left ventricle 629 0.18 238 0.13
Lung 2793 0.27 265 0.43
Muscle, skeletal 1505 0.27 198 0.57
Nerve, tibial 2008 0.16 231 0.55
Skin, sun-exposed 1432 0.16 309 0.40
Thyroid 1807 0.24 223 0.40
Whole blood 2625 0.18 151 0.66
Average [range]: 1873 [629-2793] | 0.20 [0.14-0.27] 263 [151-417] 0.48 [0.13-0.70]
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Table S11. Enrichment of regulatory annotations among eQTLs. Two sets of eQTLs (unambiguous
intergenic, and all top intergenic) and two background genomic regions (genome within 2.5 kb of all top
intergenic, and entire intergenic genome) were intersected with five regulatory annotations (see Fig. S29).
Hypergeometric p-values were calculated for enrichment of each regulatory annotation among
unambiguous vs. all eQTLs, and all eQTLs vs. genome within 2.5 kb.

Base pairs (bp)

Percent of all (%)
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All 91 4085 14,673,356 1,208,196,281

ChiP 29 690 1,796,918 84,244,717 31.9 16.9 12.2 7.0 0.0002902 4.98 x 1078
DNase 45 1463 4,662,689 264,353,648 49.5 35.8 31.8 21.9 0.0047993 2.88 x 108
Enh+DNase 28 774 2,486,138 127,579,086 30.8 18.9 16.9 10.6 0.0041887 0.00045102
Promoter 23 592 1,469,856 | 47,769,552 | 253 | 145 | 100 40 | 00042916 | {ggx 107"
Enhancer 58 2261 7,797,839 459,415,816 63.7 55.3 53.1 38.0 0.0632879 0.00302844
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Table S12. GWAS SNPs in LD with eQTLs. The number of genome-wide significant GWAS SNPs in
linkage disequilibrium (LD) with at least one eQTL among the 9 tissues tested in GTEXx.

# GWAS SNPs
not in LD with
SNP category # (%) pgﬂ‘:ﬂ GWAS non-synonymous % Coding % Non-coding
S or splice
variants™
Total # pruned
SNP
- 5,195 (100%) 4,562 (87.8%) 4.6% 95.4%
associations
with ~630 traits

# GWAS SNPs in LD with best-eQTL-per-gene in at least one GTEx tissue":

Union of single
and multi-tissue 308 (6.0%) 211 11.0% 89.0%
eQTL methods

Single tissue

SQTL methodt 214 (4.1%) 146 9.0% 91.0%
anUITtll_ t:::‘heo 4s® 208 (4.0%) 144 12.1% 87.9%
Overlap

between single- 114 (2.8%) 79 8.8% 91.2%

and multi-tissue
methods

* GWAS SNP associations at genome-wide significance (p<5x10®) from PheGenl and the NHGRI GWAS catalog
were collectively pruned using a linkage disequilibrium (LD) cutoff of r°20.8. Percentages (%) were computed relative
to the 5,195 pruned SNPs.

** Functional annotations were taken from dbSNP version 137.
¥ GWAS SNPs in LD with eQTLs significant in more than one tissue were counted as a single instance.

5The single tissue eQTL method refers to Matrix eQTL analysis. The significance threshold used was a permutation-
based FDR<0.05.

® The multi-tissue eQTL probabilities were computed as the average posterior probabilities between the two methods
used in this paper, for eQTLs that passed an FDR<0.05 cutoff.
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Table S13. Integration of GWAS SNPs with GTEx eQTLs. Genomic context of all genome-wide
significant GWAS SNPs compared to those in LD to a GTEx eQTL.

Subset of pruned GWAS SNPs in LD with GTEx eQTL*

All pruned GWAS SNPs

# pruned GWAS SNPs
in LD with GTEx % pruned GWAS SNPs in LD All pruned GWAS % pruned GWAS
Genomic Region Genomic context eQTL* with GTEx eQTL SNPs SNPs
Noncoding Intron 155 50.8% 2221 43.5%
Noncoding Intergenic 76 24.9% 2372 46.5%
Noncoding Near Gene 5' 22 7.2% 142 2.8%
Coding Missense 18 5.9% 170 3.3%
Coding CDs-synonymous 16 5.2% 61 1.2%
Noncoding 3'UTR 14 4.6% 82 1.6%
Noncoding Near Gene 3' 3 1.0% 31 0.6%
Noncoding 5'UTR 1 0.3% 13 0.3%
Coding frameshift 0 0% 2 0.04%
Noncoding ncRNA 0 0% 7 0.14%
Coding STOP-GAIN 0 0% 5 0.10%
Total number**: 305 100% 5106 100%

*LD pruning was performed on all GWAS SNPs from PheGenl and the NHGRI GWAS catalog, collectively, using an
7 > 0.8 cutoff, to generate a rough set of independent SNPs. The genomic context refers to the GWAS SNPs.
Significant eQTLs refer to a union of results from the single- and multi-tissue detection methods at FDR < 0.05. **A
small number of SNPs did not have a genomic context annotation in these databases. “CDs” refers to coding

sequence.
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Table S14. Proximity-based versus eQTL-based gene assignment for GWAS SNPs. The tables
below report the number of GWAS loci at genome-wide significance (p<5x10'8) that show disconcordance
between the candidate causal genes in GWAS loci proposed based on eQTL annotation or physical
proximity to the GWAS SNP. The discordant counts where computed excluding (A-B) or including non-
protein coding genes (C-D), and using eQTLs either from only the single tissue Matrix eQTL method (A,
C) or from a union of both the single and multi-tissue eQTL analysis methods (B, D). For the analysis we
used all genome-wide significant GWAS SNPs collated from the NHGRI catalog and the PheGenl
database for >600 complex diseases and traits, that we found to be in high linkage disequilibrium (LD)
(r220.80) with =1 significant eQTL (at FDR<0.05) across the 9 GTEXx pilot tissues. The numbers in the row
headers, x (gray), corresponding to each column, refer to the number of target genes regulated by eQTLs
from =1 of 9 pilot tissues that are in LD (r°=0.80) with a GWAS SNP. The numbers in the column labels, y
(gray), corresponding to each row, refer to the number of eQTL targets that lie in a GWAS locus whose
transcript start sites (TSS) are not the closest TSS to the GWAS SNP or any SNPs in LD to it (r°=0.80;
called proxy SNPs). Hence, the numbers in the table cells refer to the number of GWAS loci for which y
out of the x eQTL target genes in its locus are not the most proximal gene to the GWAS SNP (distance
was computed between the TSS of the target genes to any SNP in LD to the GWAS SNP). The pink cells
refer to the number of GWAS loci with a subset of novel targets suggested by GTEx eQTLs and the
yellow cells refer to number of GWAS loci with totally novel targets suggested by eQTLs.

A

Single-tissue analysis, protein-coding target genes

# gene targets regulated by eQTLs in LD to GWAS SNP (x)
#eQTL target genes whose TSS are not the most

proximal to GWAS SNPs or proxy SNPs (y) 1 2 3 4 5 6
0 132 6 0 0 0 0
1 55 11 0 0 0 0
2 6 3 1 0 0
3 1 2 1 0
4 1 4 0
5 0 6
6 0

B

Single-tissue analysis, protein-coding target genes

# gene targets regulated by eQTLs in LD to GWAS SNP (x)

# eQTL target genes whose TSS are not the most

proximal to GWAS SNPs or proxy SNPs (y) 1 2 3 4 5 6
0 132 6 0 0 0 0
1 55 11 0 0 0 0
2 6 3 1 0 0
3 1 2 1 0
4 1 4 0
5 0 6
6 0
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C

Single-tissue analysis, all target genes (including non-protein coding)

O ONOOOOoOOo
OO0 OoOkFr OO0OO0OOoOo

D

Union of eQTLs from single-tissue analysis and multi-tissue analysis, all target genes (including non-protein coding)

ONOOOOOOoO

0
0
0
0
0
0
0
0
0
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Table S15. Fraction of gene biotypes implicated by eQTLs in LD to GWAS SNPs.

Biotype Gene type # candidate % # candidate % # of all %
genes Biotypes | genes Biotypes | eGenes Biotypes
proposed by proposed by across 9
single tissue multi-tissue tissues
eQTLs in eQTLs in
GWAS loci* GWAS loci*
Protein 112 77.6% 114 79.4% 4422 70.5%
coding
Protein coding Polymorphic 0.5 0 11
pseudogene
lincRNA 10 13.4% 6 12.2% 531 18.4%
Antisense 6 9 446
Long Processed 3 2 173
3prime 1 1 6
overlapping
ncrna
Pseudogene Pseudogene 13 9% 12 8.4% 697 11.1%
Total: 146 144 6,286

* The number of gene types of the target genes of eQTLs in linkage disequilibrium (LD) to genome-wide significant
GWAS SNPs were normalized to the number of eQTL target genes per GWAS locus, rounded to nearest one. 211
genome-wide significant GWAS SNPs taken from the NHGRI GWAS catalog and NCBI's PheGenl database that
were in LD (r2>0.8) with at least one best eQTL per gene (at FDR<5%) from either the single tissue analysis or multi-
tissue analyses across the 9 tissues (in Table S12) were analyzed. The full list of significant eGenes from all 9 tissues
contains additional gene types, however, only gene types of eQTL target genes in GWAS loci were included here
(total unique number of eGenes is 6,486). For the full list of gene types in GENCODE v12 see:

http://useast.ensembl.org/Help/Glossary?id=275.
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