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Supplementary Methods
Cell Culture

We collected protein abundance and ribosome occupancy data from Epstein-Barr virus (EBV)-transformed
lymphoblastoid cell lines (LCLs) derived from humans (YRI from Coriell, NIGMS Human Genetic Cell
Repository). The cells were donated by the Yoruba people of Ibadan, Nigeria. Cells were maintained at
identical conditions of 37° with 5% CO, in RPMI media with 15% FBS, supplemented with 2 mM L-glutamate,
100 IU/ml penicillin, and 100 pg/ml streptomycin. An internal standard LCL (Coriell YRI, NIGMS Human
Genetic Cell Repository, GM19238) was grown in RPMI minus L-Lysine and L-Arginine, 15% dialyzed FBS,
and L-"°Cg'°N,-arginine (Arg-10) and L-"Cg¢"°Ny-lysine (Lys-8) (Cambridge Isotopes, Andover, MA, USA)
supplemented with 2 mM L-glutamate, 100 IU/ml penicillin, and 100 pug/ml streptomycin under identical
conditions as the unlabeled LCLs. The internal standard LCL (GM19238) was grown for 6 doublings to ensure
complete SILAC label incorporation. Complete label incorporation was verified by analyzing the protein lysate
from the labeled LCL alone by high-resolution LC-MS/MS.

Genotype Data

Genotype information was obtained as described in (25): Genotypes were imputed with BimBam (26, 27) for
variants called in either HapMap (28) or 1000 Genomes (29). A reference panel of 210 YRI HapMap
individuals was used for imputation. Using this approach we obtained genotypes at approximately 15.8 million
variants -14.9M (94%) SNPs and 0.9M (6%) indels - for all individuals in our cohort. Genotypes can be
obtained from:

http://eqgtl.uchicago.edu/dsQTL data/GENOTYPES/.

RNA-Sequencing

RNA-sequencing data (already processed and mapped) for 75 YRI HapMap individuals were available from
Pickrell et al 2010a,b (19, 30), providing a median of 8.6M reads per individual uniquely mapped to Ensembl
genes. Both mapped and unmapped reads can be obtained directly from:

http://eqtl.uchicago.edu/RNA_Seq data/

Ribosome Profiling

Ribosome footprint profiling experiments were performed for 72 YRI HapMap individuals using ARTseq™
Ribosome Profiling kit for mammalian cells (RPHMR12126) following vendor’s instructions. Cell lysates were
prepared from flash frozen pellets of 30 to 50 million live cells by repeat pipetting in 1 ml cold lysis buffer.
Sephacryl S400 spin column (GE; 27-5140-01) was used for monosome isolation. For rRNA depletion, Ribo-
Zero Magnetic Kit (Epicentre; MRZH11124) was used. Ribosome footprint cDNA libraries were PCR amplified
(12 to 15 thermo-cycles) and barcoded using ScriptMiner Index PCR Primers (Epicentre; SMIP2124). Indexed
libraries were pooled to sequence on an lllumina HiSeq 2500. Sequence reads were processed and mapped to
the human genome following the procedure used by Ingolia et al 2012 (37). Only uniquely mapped reads were
used for downstream analysis. BEDTools (v2.8.0) was used to intersect (strand specific) mapped reads with
Ensembl gene annotation (downloaded on 06/06/13) to generate a count table. Ribosome profiling libraries
tend to contain large proportions of rRNA, tRNA and snoRNA reads (compared with the more standard RNA-



seq libraries). Yet, as we have shown, the gene-specific ribosome profiling read counts are highly consistent
across technical replicates (Figure S2). In our data, approximately 80% of reads were from rRNA, tRNA or
snoRNA, which is comparable to the previously reported levels of approximately 85% rRNA in other studies
(18). We removed these reads from all subsequent analyses. After this filtering, we obtained a median of
12.1M reads per individual uniquely mapped to the genome (with at least 95% of reads in each individual
passing Q30). We observed high correlations between sequencing runs for the same sample (Figure S2).
Correlations between replicate runs (as well as the degree of expected periodicity across codons) were high
regardless of the proportion of reads mapping to within coding regions (Figure S2, S3).

It should be noted that a certain degree of variation between RNA-seq and ribosomal profiling data is due to
the fact that RNA-seq samples undergo poly-A selection, which somewhat bias the resulting estimates of
expression levels. More recent RNA-seq protocols, which rely on effective ribosomal RNA exclusion rather
than poly-A selection, can provide data that are less biased and probably more highly correlated to the
ribosomal profiling data.

Quantitative, High-Resolution Mass Spectrometry

We measured protein abundance using mass spectrometry for 62 YRI HapMap individuals. We used the same
protocol as applied previously by Khan et al (2013) (74). Specifically, the LCLs were washed in PBS three
times and then lysed using the UPX Universal Protein Extraction Kit (Expedeon Inc., San Diego, CA, USA).
Protein quantitation was performed using the Qubit fluorometry assay (Invitrogen) and the reducing agent-
compatible (RAC) version of the BCA Protein Assay (Thermo Scientific Pierce). 12ug of each sample was
combined with 12ug of the SILAC labeled lysate from human LCL GM19238. Note that the SILAC lysate was
prepared once and used as an internal standard through the quantification of the cell lines. 24ug of each
combined sample was then processed by SDS-PAGE using a 4-12% Bis Tris NuPage mini-gel (Invitrogen).
Calibration was with Thermo PageRuler broad range markers. Each of 40 gel segments were processed by in-
gel digestion using a ProGest robot (DigiLab) with the following protocol: wash with 25mM ammonium
bicarbonate followed by acetonitrile, reduce with 10mM dithiothreitol at 60°C followed by alkylation with 50mM
iodoacetamide at room temperature, digest with trypsin (Promega) at 37°C for 4h, and quench with formic acid.
The supernatant was analyzed directly without further processing. Each gel digest was analyzed by nano-
LC/MS/MS with a Waters NanoAcquity HPLC system interfaced to a ThermoFisher LTQ-Orbitrap Velos Pro.
Peptides were loaded on a trapping column and eluted over a 75um analytical column at 350nL/min using a 1-
hour LC gradient. Both columns were packed with Jupiter Proteo resin (Phenomenex). The mass spectrometer
was operated in data-dependent mode, with MS performed in the Orbitrap at 60,000 FWHM resolution and
MS/MS performed in the LTQ. The fifteen most abundant ions were selected for MS/MS.

Computational Analysis of Mass Spectra

Low-level analysis was performed using the open-source proteomics software tool PVIEW (Release December
23, 2012; http://compbio.cs.princeton.edu/pview). As input to PVIEW, we generated in silico translations of
coding genes from the UCSC Genome Browser database based on gene models from the human genome.
Each protein sequence entry retained the corresponding Ensembl gene identifier and gene symbol. Database
searches were performed using 4 p.p.m. MS1 tolerance and an MS2 window tolerance of +0.5 Da. Up to 2
missed tryptic cleavages were allowed during search. Peptide spectrum matches were obtained at a stringent
false discovery rate (FDR) of 1%. As is standard practice, logz(sample/standard) peptide measurements were
centered so their median was zero to adjust for any differences in sample loading. For the protein-level
quantification, we used the median log,(sample/standard) ratio across all independent quantifications of a
protein in the same individual (distinct peptides including duplicate peptide measurements across fractions and
for differing charge states). We removed genes that were quantified at the protein level in fewer than half of the
individuals. A total of 4,381 genes were quantified in at least half of the cell lines and thus used for further
analysis.

Study design considerations

In our study, as in most other QTL studies of regulatory phenotypes, we chose to sacrifice quantitative
accuracy to obtain data from tens of individuals. An alternative would have been to collect data from technical



and/or biological replicates from the same individual. Including replicates in our study design would have
allowed us to account for much of the observed noise and ultimately obtain more accurate and precise
measurements for all phenotypes. However, across genotype classes, most of the variation is found between
individuals, not replicates. Thus, for equivalent size (total number of samples processed), studies that include
more individuals generally have more power to detect regulatory QTLs.

Regardless of power considerations, another possible concern is that inaccurate measurements may lead to
bias, especially when we compare patterns across phenotypes. The use of the SILAC ratio (with a common
reference) is expected to minimize systematic bias in the proteomics data. Across all phenotypes, we used
PCA to measure and account for general batch effects in the data, and in most of our analysis we used fold
changes within a data class, which cancels out potential systematic bias that could obscure the true correlation
between different data classes. Finally, we investigated an alternative approach to collect the transcript
expression data (microarrays; Figure S17), and find the same patterns we observed with the RNA sequencing
data, indicating that our approach is robust to noise properties of different technologies.

cis-QTL Mapping

To adjust for differences in sequencing depth, RNA-seq and ribosome profiling read counts were normalized
by the number of mapped reads: #(reads mapping to a gene) / #(total mapped reads). Prior to mapping QTLs,
we used the normalization and standardization approach developed previously by our group (25). Briefly, we
centered and scaled each protein, ribosome occupancy, and mRNA measurement by subtracting out the mean
value for the gene and dividing by the standard deviation. We then quantile-normalized the measurements of
each individual to fit a standard normal distribution. We used principal components analysis (PCA) to regress
out unidentified confounders from all three data sets. We regressed out 9 PCs from the protein abundance
measurements, 18 PCs from the ribosome profiling measurements, and 15 PCs from the mMRNA
measurements prior to mapping cis-QTLs for each phenotype. The numbers of PCs corrected were chosen to
maximize the number of detected QTLs in each data type. In order to apply PCA to the protein abundance
measurements, we imputed missing values using K Nearest Neighbors imputation (using impute.knn from R
package impute, with default settings). This was used only for the purposes of PC removal; values originally
missing were excluded from eQTL mapping. To map cis-QTLs for each gene and each of the three
phenotypes, we used the following procedure using a dense set of imputed SNPs obtained from HapMap3
data (25):

1. For every SNP within a £20kbp window of the gene with minor allele frequency (MAF) of 0.1 or greater,
record the Pearson correlation with the expression phenotype along with the corresponding p-value.

2. Take the minimum p-value pyest among all SNPs tested for the gene.

3. Repeat (1-2) for 10,000 permutations of the genotype sample labels, obtaining pperm(1)...Pperm(10000)

4. Estimate an empirical gene-level p-value for the most significant QTL based on the permutations as the
fraction of permutation p-values at least as significant as the original p-value: sum; (ppem(i) <
Poest)/10,000.

Alternative measures of QTL effect sizes

An alternative measure of QTL effect sizes would be to report the % variance within vs. between genotypes.
However, this statistic is affected by the amount of measurement error, which may differ among the three
phenotypes. Thus, we decided to present the estimated effect size measured as fold-change across genotypes
(this is unbiased with respect to measurement error), along with a p-value as a measure of significance. The p-
values are, in effect, a test of the relative variances within and between classes.

Replication of QTLs between phenotypes

Replication rates across data sets were estimated by taking only the SNP-gene pairs identified as QTLs in one
phenotype (e.g., transcript expression) and testing them in a second phenotype (e.g., protein expression). This
analysis is less sensitive to power limitations than genome-wide testing. Here, since only one SNP is tested
per gene, we simply recorded the nominal p-value for each QTL using a Pearson correlation test without



permutation analysis. Correction for multiple hypothesis testing was performed using gvalue (32, 33), and we
report the fraction of tests passing an FDR threshold of 10%.

Replication of pQTLs from previous studies

Previously detected pQTLs were obtained from Wu et al. (75). We used the set of QTLs identified in the
combined populations from their Supplementary Table 8. We considered the set of SNP-gene pairs for which
the SNP is present in our data with MAF>10%, and for which we have gene-level data for all phenotypes. This
analysis was based on the set of 60 individuals for which we measured all three phenotypes. Analysis was
performed on the raw data (i.e., no PCs removed, no quantile normalization), and we recorded the nominal p-
values from Pearson correlation tests.

QTL effect-size comparison

Comparing effect sizes across regulatory phenotypes is challenging because the initial identification of a QTL
will bias the comparison (effect sizes tend to be overestimated in discovery samples due to the Winner's
Curse). To address this challenge, we did not perform the initial QTL identification using our own data. Instead,
we obtained the eQTLs reported online by the GEUVADIS study (2), using the set of genes reported with an
eQTL in the CEU population at an FDR of 0.05 and available data in our study for all three phenotypes. Using
the provided coordinates of the best SNP for each eQTL gene, we identified eQTLs with sufficient SNP
frequency (MAF > 0.1) in our study, and recorded the reported direction of effect in GEUVADIS according to
the non-reference allele for each. For each applicable eQTL, using the recorded SNP and gene, we then
estimated the effect size in each of our three phenotypes, as follows. The RNA-seq and ribosome occupancy
data for each individual were normalized for total read depth only, and log,-transformed to make them
comparable to the protein data (which are measured on a log, scale as fold-change relative to the internal
standard). Our analysis proceeded without quantile normalization or PC removal, in order to avoid distortion of
the effect sizes. Regression coefficients were recorded from a standard linear model with genotypes coded as
0,1,2 and the sign was adjusted according to the direction of the effect reported in GEUVADIS (thus we would
expect replicating eQTLs to have positive effect sizes).

The effect sizes output from this model can be interpreted as measuring the average fold change (on log;
scale) per allele-copy of the higher expression allele. We chose this regression-based approach using raw
data, rather than measures of correlation such as percent variance explained or R? to avoid undesired
confounding influences such as different levels of technical noise for the three phenotypes, non-genetic
biological factors, and MAF of the SNP. Any eQTLs that were false positives in GEUVADIS should have an
expected effect size of zero in our data, and thus should slightly reduce the mean effect sizes that we estimate,
but should have the same proportional effect on all three phenotypes. Significance of observed differences in
the mean effects between phenotypes were assessed using a t-test.

Conditional model for finding phenotype-specific QTLs

We tested for phenotype-specific QTLs using a likelihood ratio test (LRT) to identify SNPs significantly
associated with the phenotype of interest while including other phenotypes as covariates to account for effects
fully mediated by another phenotype. Let P; represent the expression level of the phenotype t in individual i
and gene j, gis be the genotype for that individual at SNP s, and P,; be the expression level in another
phenotype u that we seek to control for. We compared two linear models
Pijj= py; + P8 + B, Puij + €
Pij = py;+ B, Puij + €

using a likelihood ratio test to determine the contribution of SNP s not mediated by phenotype P,. To identify
psQTLs, we applied this model with Py representing protein levels and the covariate P,; representing RNA.
Similarly, to detect esQTLs, RNA is captured by Py and protein levels by P,;. To assess the significance of
genes with protein-specific and expression-specific QTLs, we employed the permutation approach described
for standard QTL testing, with this test used in place of Pearson correlation. The conditional model was run
using normalized and PC-corrected data, exactly as specified for cis-QTL mapping above, and was applied to
all applicable SNPs in the cis-candidate region for each gene with the relevant data types.



Interaction Model for Comparison of Effect Sizes Across Phenotypes

To determine if there exists a significant difference between effect sizes across phenotypes (protein vs RNA),
we tested for an interaction between a variable encoding a phenotype identifier and genotype. To test for this
interaction, we compared the following two linear models:

Pij = my; + B8+ &)

Pij= m;+ B8+ &)
using a likelihood ratio test (LRT). Here Py is the phenotype value for phenotype t (t=protein or RNA),
individual i and gene j, and g;s is the genotype for individual i at SNP s. The likelihoods were calculated over all
individuals and both phenotypes for a given gene and SNP. In the full model, we allow for a phenotype-
specific effect size f,, for each phenotype ¢, in the reduced model we assume a single shared effect size ;. A
maximum likelihood fit of each of these models was obtained using generalized least squares to allow for
unequal variances across phenotypes, and significance was calculated assuming one degree of freedom. This
model was applied to the raw data (no normalization or PC correction) in order to more accurately reflect
biologically meaningful effect sizes. To identify protein-specific QTLs (psQTLs) with this approach, we tested
each of the best SNPs selected when mapping the 277 gene-level pQTLs quantified by all 3 methods for a
significant interaction between phenotype identifier and genotype. Similarly, to identify RNA-specific QTLs
(esQTLs), we tested the best SNPs chosen when mapping 902 gene-level eQTLs for a significant interaction
between phenotype identifier and genotype.

QTL enrichment analysis

The enrichment results shown in Figures S18-S21 and Table 2 were generated based on the conditional model
described above, used to identify psQTLs and esQTLs, in order to identify primarily functional effects not
shared between phenotypes. Nominal p-values were recorded for every SNP-gene pair tested in the defined
cis region of each gene, rather than a single best SNP per gene, with a relaxed MAF threshold of 0.05 for this
analysis. The HLA region of chromosome 6 was excluded from this analysis due to extensive LD structure and
strong associations that could dominate enrichment results. Note that some SNPs may be included in this
analysis due to linkage disequilibrium with a distinct causal site; on average this effect will tend to slightly
reduce the observed enrichments.

We evaluated the distribution of p-values for all SNP-gene pairs matching each of the annotations shown. We
generated qqg-plots using all recorded p-values. We evaluated significance of enrichment of each annotation
(Table 2, Figure S21) based on Spearman’s correlation between 1) the vector of recorded QTL p-values from
the model and 2) a binary vector where each entry indicates whether the corresponding SNP matches the
genomic annotation being tested. For many annotations, we restricted each of the tests to SNP-gene pairs
matching an appropriate “background” — for instance, when testing for enrichment of non-synonymous SNPs,
we considered only exonic SNPs when constructing the two vectors needed for the Spearman correlation test.
This avoids confounding the enrichment of exonic SNPs (the background) when testing for significance of non-
synonymous SNPs. Similarly, we generated p-values for all SNP-gene pairs from the interaction model testing
for differences in effect between RNA and protein. In this case, for visualization (Figure S17), we assigned a
sign to each p-value according to which phenotype displayed a larger absolute effect size (regression
coefficient): SNPs with a greater effect on protein than RNA were assigned a positive sign, and greater effects
on RNA were assigned a negative sign. In cases where the two regression coefficients indicated different
directions of effect in addition to different magnitude, we treated them as a protein-specific effect (positive sign)
as these SNPs are still indicated as candidates for post-transcriptional regulatory function.

Genomic annotations

Genomic annotations for use in the enrichment analysis were obtained from diverse public resources. Gene
annotations were obtained from GENCODE annotation version 3c, and used to classify each SNP as
belonging to intronic, exonic, 5 UTR, 3’ UTR, or the intergenic region with respect to each tested gene. SNPs
modifying, creating, or destroying an upstream ORF were obtained from Table S3 of Calvo et al. (34) SNPs
predicted to modify mRNA secondary structure (riboSNitches) were obtained from Wan et al. (35),
Supplementary Table 3. Nonsynonymous SNPs were obtained from the UCSC Genome Browser (36) variant
table on 2/10/2014. Genomic positions of Pfam domains (37) were also obtained from the UCSC Genome



Browser table/track ucscGenePfam.txt downloaded on 6/21/14. Post-translational modifications (PTMs) were
obtained from the 6/3/14 version of the PhosphositePlus Database (38). Regions of protein disorder were
predicted using IUPred (39). Predictions of the deleteriousness of a non-synonymous SNP were obtained from
PolyPhen-2 (40) column in the dbNSFP v2.5 database(47). For PTMs, disordered regions, and
deleteriousness predictions, genomic positions of these annotations were obtained by mapping peptides back
to protein sequences annotated with gene model coordinates. For each annotation considered, we restricted
our analysis to SNPs polymorphic in our sample with MAF =0.05.

Data Release
All experimental data have been made publicly available. The protein data have been deposited into

ProteomExchange (http://www.proteomexchange.org) under accession PXD001406 and the ribosome profiling
data have been deposited into GEO (http://www.ncbi.nIm.nih.gov/geo/) under accession GSE61742.




Supplementary Figures
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Figure S1. Global properties of ribo-seq data. (a) Read depth distribution across individuals, after filtering of
rRNA, snoRNA and tRNA reads. The blue line indicates the median level at 12.1 million uniquely mapped
reads. (b) Proportion of reads mapped to coding exons from uniquely mapped reads for each cell line. (c)
Scatter plot correlating sequencing-coverage and the proportion of coding reads by individual cell lines.



a correlation between sequencing runs b sequencing-coverage vs. technical replication
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Figure S2. Quality Control Analyses of Ribosome Profiling Data: technical replications. (a) Median
Spearman’s correlation for translation level estimates (read count per gene) between sequencing runs for each
cell line. (b) Scatter plot correlating sequencing-coverage and technical replication of ribosome occupancy
estimates by individual cell lines. (c) Scatter plot of the proportion of coding reads and correlation of ribosome
occupancy estimates across technical replicates of individual cell lines.



a aggregate plot of read start position b codon periodicity
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Figure S3. Quality Control Analyses of Ribosome Profiling Data: codon periodicity. (a) An aggregate plot
for 5’ position of all sequence reads from GM19116 that fall in 80 bp windows flanking all annotated start codon
on the plus strand. Notice the subcodon periodicity beginning at annotated start codon. (b) Proportion of reads
(5’ end) that fall in each reading frame of the start codon window described in (a) for all individuals, sorted by
percentage of reads mapped to coding exons (from low to high as indicated beneath the plot).

This plot (as well as figures S1 and S2), show that variation in the proportion of reads mapped to reading frame
(coding exons) is not associated with levels of sequencing depth, codon periodicity, or correlation between
technical replicates.



Protein quantification strategy.
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Figure S4. Protein quantification strategy. Proteins were quantified using a single stable-isotope labeled
protein sample obtained from a batch culture of human lymphoblastoid cell line (LCL) GM19238, which served
as a common internal standard. Protein samples from unlabeled analyzed cell lines were combined with
aliquots of the SILAC internal standard protein sample from GM19238. Denatured proteins were separated by
one-dimensional SDS-PAGE. A total of 40 gel fractions were manually excised and trypsin digested by robot.
Each gel fraction was analyzed by high-resolution LC-MS/MS using 1-hour long LC gradients. Computational
analysis of mass spectra provided log,(sample/standard) ratios for each detected tryptic peptide. Peptide ratios
were subsequently normalized to adjust for small differences in sample input for the analyzed LCL and the
internal standard protein sample. The median peptide ratio across a gene was used as the protein-level

quantification. Protein levels, relative to the common internal standard, were compared across individuals for
each detected protein.



Correlation of groups of distinct peptide quantifications b

from the same protein from cell line GM18916. Histogram of correlations from all LCLs.
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Figure S5. Assessment of protein identification accuracy and quantification precision. We assessed the
accuracy of peptide identifications and the precision of peptide quantifications, relative to the common internal
standard, by correlating logz(sample/standard) ratios from distinct peptides from the same protein. Distinct
peptide quantifications for proteins quantified by two or more peptides were randomly grouped into one of two
groups. The median quantification from group 1 was correlated with group 2. If the peptides are accurately
identified and quantified, the median quantifications of the randomly generated groups will be correlated. Off
diagonal points reflect a combination of technical and biological noise. (a) lllustrates the correlation of distinct
peptide quantifications from the same protein for LCL GM18916 for 3540 proteins that were quantified with 2
peptides or more. Each point corresponds to a protein. (b) provides a histogram of Spearman’s rank
correlations obtained for the LCLs analyzed in this study. (c) provides a histogram of R? values for simple
linear regression between the two group quantifications for all LCLs analyzed.
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Figure S6. Evaluation of peptide ratios for variant peptides overlapping non-synonymous SNPs
(nsSNPs) in comparisons between homozygotes and heterozygotes. (a) Variant peptides mapping to the
reference sequence were identified on the basis of their overlap of an nsSNP within a coding region. The two
possible variant peptide alleles are colored in green for matching the genome reference allele and purple for
alternative, above. (b) If a gene contains a single nsSNP, tryptic peptides that are shared (gray) as well as
those corresponding to the two alleles (green, reference, and purple, alternative) will be generated after tryptic
digestion. We identify only peptides mapping to the reference sequence. The purple peptides mapping to the
alternative allele will not be identified or quantified. Yet, in heterozygous versus homozygous quantifications,
the presence of the alternative allele will affect the median quantification of the corresponding reference
matching peptides. (c) illustrates comparisons at a specific nsSNP across peptides heterozygous in either the
internal standard or the analyzed cell line. Assuming that on average the two protein alleles are expressed at
the same level in a heterozygote, the expected median ratio should reflect the copy number of the variant
peptide in the heterozygote, as illustrated to the right.
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Figure S7. Analysis of variant peptides in heterozygous to homozygous comparisons at nsSNPs
shows no evidence of ratio compression. In total, we identified 10,782 variant peptide spectrum matches at
a highly stringent false discovery rate (FDR) of 0.1% that overlapped genotyped nsSNPs across the 62
individuals. Among these high confidence variant peptides, 1136 were homozygous in the labeled standard
and heterozygous in the analyzed cell line (quantifications in magenta). 1551 were homozygous in the sample
and heterozygous in the internal standard (quantifications in green). Quantifications of all remaining shared
peptides that also overlap known nsSNPs sites, homozygous in both the sample and the standard, are shown
in gray. Bold lines in the boxplots designate the median. Hinges correspond to the first and third quartiles.
Whiskers extend 1.5 times the corresponding quartile. Consistent with expectation, the overall median protein
levels, measured as logy(sample/standard) from primarily shared peptides, were centered at zero. The
expected median log,(sample/standard) measured from variant peptides that overlapped an nsSNP that was
homozygous in the sample and heterozygous were centered approximately at one as in the heterozygote both
protein alleles are expressed (42). Similarly, variant peptides that overlapped an nsSNP heterozygous in the
sample and homozygous in the standard were centered approximately at minus one.



peptide quantifications overlapping nsSNPs heterozygous in either the SILAC
internal standard or the analyzed sample, stratified by iBAQ protein intensity
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Figure S8. Variant peptide quantifications in heterozygous to homozygous comparisons at nsSNPs
stratified by iBAQ protein intensity. To evaluate whether effect sizes might display ratio compression at
some—but not all—iBAQ intensity levels, we repeated the analysis from Figure S5 after stratifying genes
according to intensity. Here, genes are grouped into 3 equally-sized buckets according to the median iBAQ
intensity across individuals.



a correlation of within-individual and across gene phenotypes
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Figure S9. Across-gene and within-individual correlation of phenotypes. To compare protein data with
sequencing-based phenotypes within each sample (across genes), an absolute rather than relative
quantification was required. Therefore, here, iBAQ protein intensity, an intensity weighted spectral counting
measure, was computed as previously described (22) using the unlabeled channel in the SILAC data sets. We
focused on 4,092 genes from 61 individuals where we could compute iBAQ protein intensity values, ribosome
profiling RPKM and RNA-seq RPKM. (a) Scatter plots for individual GM19140 correlating each phenotype. (b)
Boxplots of Spearman’s rank correlation values computed for each individual. (c) provides boxplots of simple
linear regression R? values computed for each individual across phenotypes. Ends of boxes designate
quartiles, and the thick line designates the median. Whiskers extend to 1.5 times each respective quartile.



Spearman’s correlations across individuals within genes

SILAC proteomics vs ribosome occupancy
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Figure S$10. Correlations across individual (within genes). For each gene, we computed Spearman’s
correlation between phenotypes across individuals. Here, it was appropriate to use SILAC log, ratios for
protein data. The left column shows scatter plot of individual expression values for SLFN5/ENSG00000166750
comparing each pair of phenotypes as well as comparing RNA-seq data from Pickrell et al 2010 (30) versus
RNA-seq data from the GEUVADIS study (2) for 52 lymphoblastoid cell lines shared between these two
studies. The right column shows the Spearman’s rank correlations for 4,322 genes quantified in all three
phenotypes. Note that there is only little regulatory variation between individuals. For most genes there is little
change in phenotype between individuals and thus the relationship between phenotypes is predominated by
error and no significant correlation is expected. For a subset of genes, there are differences in the phenotypes
across individuals resulting in significant correlations.




QQ-plot for Wu et al 2013 pQTL replication
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Phenotype Replication Replication  Replication
(FDR 0.05) (FDR 0.1) (FDR 0.2)

RNA 0.42 0.50 0.60
Ribosome occupancy 0.47 0.51 0.71
Protein level 0.70 0.88 1.00

Figure S11. Replication of pQTLs from Wu et al (2013) in protein, ribosome occupancy, and RNA-seq
measurements. Previously detected pQTLs were obtained from Wu et al. (15), using QTLs identified in the
combined populations, and filtered for MAF > 0.10 and expression in all three phenotypes in our population.
We tested each of the resulting 86 SNP-gene pairs in data from our three phenotypes, using raw data (no PCs
removed, no quantile normalization), recording the nominal p-values from Pearson correlation tests. (a) QQ-
plot of all p-values obtained in replication testing, displaying enrichment in all three phenotypes, with the
strongest replication in protein. (b) Replication rate of previously detected pQTLs in each of our three

phenotypes at varying FDR cutoffs.



a strict overlap between eQTLs, rQTLs, and pQTLs found in genes measured across all 3 phenotypes

ribosome
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b strict overlap between eQTLs and rQTLs across genes measured in RNA and ribosome occupancy
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Figure S12. Overlap between genes with cis-eQTLs, cis-rQTLs, and cis-pQTLs. Here, we define overlap
as detection of QTL for the same gene, without requiring the same SNP to be selected for different

phenotypes. (a) QTL overlap among 4,322 genes tested in all three phenotypes. (b) QTL overlap among
13,239 genes tested in mRNA and ribosome occupancy.



Replication rates of cis-eQTLs, cis-rQTLs for N=13,329 genes quantified
by ribosome profiling and RNA-seq
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Figure S13. cis-QTL replication rate between RNA and ribosome occupancy. Here, we consider the
13,239 genes expressed in both, without considering protein (thereby allowing us to consider a larger set of
genes). QTLs detected for the phenotype labeled on each row are tested in the phenotype listed for each
column. FDR is estimated across resulting p-values only for the specific SNP-gene pairs included in each
replication test.



N
[
N
[
N
i

L
L]
N
)

=
n

=

n
=
w

.
oo
=
.
=
.

©
U

o
.w
S

o
S

o
(0]
[ ]
..
(]
@'
"‘.
oo

Protein effect size
Protein effect size

Ribo effect size

(@]
T
°
)

Dt ‘ R%2=063 S R?=024 e ta at ‘ R?=0.19
0 0.5 1 1.5 ] 2 2.5 0 0.5 1 1.5 ] 2 2.5 0 O.E:; 1 1.5 ] 2 2.5
MRNA effect size MRNA effect size Ribo effect size

Figure S14. Effect sizes of GEUVADIS eQTLs compared in mRNA, ribosome occupancy, and protein.
Here, we compare effect sizes for each individual eQTL previously ascertained in the GEUVADIS study, with
comparisons between each pair of expression phenotypes (plots show fold change on log, scale). We
measured effect size as the regression coefficient obtained from linear regression using raw data for each of
our three phenotypes (no quantile normalization or PC-correction, but mMRNA and ribosome occupancy values
were log-transformed). One outlier data point is not shown on the protein scatter plots, with an effect size of 3.5
in protein, and 1.0 and 0.7 in mRNA and ribo respectively. Strong correlation and no effect size compression is
observed between mRNA and ribosome occupancy, whereas effect sizes appear compressed in protein data.



a effect size of eQTLs ascertained in the GEUVADIS study
stratified by number of transcripts per gene
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Figure S15. Mean effect sizes of eQTLs ascertained in the GEUVADIS study (a) stratified by number of
expressed transcripts per gene (as determined by the number of expressed transcripts quantified in the
GEUVADIS study itself) and (b) stratified by iBAQ protein intensity, where genes were grouped into three
equally sized buckets based on median intensity across measured individuals. Effect sizes are estimated using
standard linear regression on data without quantile normalization or PC correction. Error bars represent

standard error of the mean.



attenuated-QTL: SDHA, rs112089032 BT HGT BGG
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Figure S16. Example of a gene where the effect of an eQTL is attenuated at the protein level. Here, for
mRNA and ribosome occupancy, RPKM at each 15-bp window along the gene is shown, using the mean
among individuals with each genotype for the QTL SNP. SILAC log ratios at each detected peptide are shown
for protein data, using the median among individuals with each genotype. Effect sizes (B) are shown for each
phenotype derived from linear regression in data without quantile normalization or PC-correction.



a comparison of eQTL effect sizes estimated using microarray and RNA-seq data
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Figure S17. Comparison of eQTL effect sizes across technologies. (a) We used normalized microarray
data to identify eQTLs at FDR of 10% [untreated time point from (43)]. To allow comparison of cases where a
QTL effect could be detected by both technologies, we additionally required that these array-identified eQTLs
also have a nominal p-value of less than 0.2 in RNA-seq data. For these eQTLs present in both data sets, we
observed a Spearman’s correlation of 0.82 and an R? 0.47 across technologies and slope of 1.05. Gray shows
a line with slope 1. Red line is the line of best fit to the effect size data. (b) illustrates the overlap between
psQTLs identified across technologies using the conditional model. Out of 146 sequencing-based psQTLs
identified by the conditional model, 124 were among the genes tested using arrays, and of these, 96 (77%)
were among the array-based psQTLs at FDR 10%. Note that the array data were collected from independently
thawed cultures of the same LCLs. Thus, this analysis indicates that our results are robust with respect to cell
culturing, cell line passage numbers, RNA extractions, and the specific technology used to collect the transcript
expression data.




a QQ plot of expression-specific gene variant p-values
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Figure S18. Enrichment of genomic annotations of SNPs associated with expression-specific or
protein-specific QTLs. Using the conditional model of phenotype-specificity, nominal p-values were recorded
for every SNP-gene pair tested (MAF >= 0.05, excluding HLA region of chromosome 6) for both protein
specific and mRNA-specific QTLs. Subsequently, we evaluated the distribution of recorded p-values for all
SNP-gene pairs matching each of the annotations shown.



QQ-plot of interaction model p-values
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Figure S19. Enrichment analysis of genomic annotations of variants associated with differing effect
sizes between mRNA and protein. Nominal p-values were recorded for every SNP-gene pair tested (MAF >=
0.05, excluding HLA region of chromosome 6) using the interaction model to detect significantly different effect
sizes between mMRNA and protein. Sign (positive or negative) was assigned according to the phenotype with
larger magnitude of effect — cases with larger effect in protein are recorded as positive, and larger effect in
mRNA as negative.



QQ plot of protein specific associations
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Figure S20. Enrichment analysis of genomic annotations associated with protein-specific changes
excluding genes potentially biased by undetected peptides at non-synonymous sites. Genes for which
more than 5 individuals were quantified using fewer than three peptides were excluded from this analysis, in
order to reduce the chance that non-synonymous variants could bias protein quantification, which relies on a
median across detected peptides.



Non-significant genomic annotations among expression and protein specific QTLs

Annotation N Background psQTLs esQTLs
PolyPhen deleterious 505 Non-synonymous 5.7e1 8.9e-2
Disordered regions 586  Non-synonymous 1.5e-1 2.8e-1
Phosphorylation sites 211 Non-synonymous 8.5e-1 4.7e-1
Ubiquitination sites 61 Non-synonymous 6.5e-1 9.1e-1
Post-translational mod sites 267  Non-synonymous 8.7e-1 5.3e-1
Pfam domains 370  Non-synonymous 4.5e-1 3.1e-1
uORF 38 Transcript 2.1e1 7.5e-1
N-terminus 87 Non-synonymous 8.8e-1 4.6e-1

Figure S21. Additional enrichment analyses performed using conditional model p-values. Enrichment
for expression-specific and protein-specific QTLs according to genomic annotation, based on QTL results from
the conditional model. Columns in order describe: the name of the tested annotation, the number of SNPs
matching this annotation, the set of SNPs used as background control for the corresponding enrichment test,
the enrichment p-value for protein-specific QTLs, and the enrichment p-value for expression-specific QTLs.



Sample Total Reads Uniquely Filtered reads | Sample Total Reads Uniquely Filtered
Number of | mapping to | mapped mapping to Number of | mapping to | mapped reads | reads
Reads rRNA, tRNA, | reads after | coding Reads rRNA, tRNA, | after filtering mapping to
Collected and snoRNA | filtering regions Collected and snoRNA coding
regions
GM18486 114849676 95870594 15149205 13665725 GM19108 62493733 47201512 12108455 10859786
GM18498 108354773 89811996 9568928 8472492 GM19114 99694179 78387573 12595765 11219777
GM18499 97711371 58554141 15841149 13472359 GM19116 106004041 84782231 12047102 10217929
GM18501 117867014 90640652 14883115 13179159 GM19119 70884831 54877585 8347070 7345633
GM18502 87589080 53986775 13622030 11244210 GM19127 59469673 47628158 6029934 5369655
GM18504 117650230 85940870 12816442 11182798 GM19128 90142213 79809359 5335942 4634869
GM18505 110993723 72859933 11662850 | 9899988 GM19130 95905734 77907252 10107057 8803403
GM18507 70862603 48428696 8498245 7750134 GM19131 81415181 62776198 10389168 9107523
GM18508 79497338 45627550 15309194 13739557 GM19137 67313591 54179691 6751387 5770633
GM18510 94734968 85006651 7022039 6107812 GM19138 81424910 64812465 9833272 8469830
GM18511 87102615 72935936 9925784 8945070 GM19140 118901192 92905578 15409363 13095012
GM18516 70754219 52745035 4884145 4316681 GM19141 98866261 87029213 5351023 4757622
GM18517 120662231 90834551 17446164 15706403 GM19143 96997074 80173987 9717545 8494974
GM18519 63271895 51454381 6489051 5440274 GM19144 67112164 49685014 8566627 7561704
GM18520 34300235 26896376 3219692 2647057 GM19147 78446248 59853977 9976432 8944314
GM18522 88476111 57632090 10305027 | 8401217 GM19152 56397052 50389500 2253707 1954417
GM18523 99732920 78171783 18584382 16606148 GM19153 83053311 65613921 10842200 9379727
GM18852 127377957 95313202 17198446 14980214 GM19159 115668557 91211119 20276984 17770932
GM18853 116487029 96882898 16074475 14454285 GM19160 68430182 55253623 7492201 6533224
GM18855 91568161 74662954 8038673 7160668 GM19171 102890455 75210939 23663605 21144721
GM18856 88402910 77586558 8844436 8049358 GM19172 122558606 101256936 17110575 15326023
GM18858 128130772 94371404 20123552 17897079 GM19190 101063259 88863471 9039899 7673884
GM18861 102275229 77648081 14757463 12797893 GM19192 80871130 69094795 6868160 6050863
GM18862 125693244 97082633 16389881 14398950 GM19193 75791434 47293898 9747870 8506471
GM18870 111445793 88891169 18738947 17305453 GM19200 48673370 38874114 6196680 5371588
GM18907 98179931 82597710 13458930 11875594 GM19201 116680175 89859034 22310111 19566118
GM18909 98438571 74825478 13654499 12020903 GM19204 115848739 85527209 17105214 15153312
GM18912 100576982 79804970 11481320 | 9954180 GM19207 104820602 84050629 18090266 16446813
GM18913 101583481 73580311 16389513 14427004 GM19209 60944423 46907141 7129643 6390912
GM18916 130144045 102452968 14914501 11557128 GM19210 86032295 67247537 16353653 14191205
GM19092 114308515 | 92815559 18645907 16619712 GM19222 114396231 95294203 15526067 13779240
GM19093 102326488 83531712 10405480 | 8964584 GM19223 107528516 91856999 12585714 11279977
GM19098 127674251 100491923 15896845 13313218 GM19225 74918709 57385775 14890125 13765614
GM19099 108056102 82334557 15193312 13333467 GM19238 107922509 91092210 13844684 12107124
GM19101 80114177 66702659 7364753 6562651 GM19239 107600409 81935336 22812808 20596330
GM19102 85178108 74529690 8527635 7127863 GM19257 95685320 82720501 6870258 6006713

Table S1. Total number of reads collected using ribosome profiling, before and after filtering of reads mapping

to rRNA, tRNA, and snoRNA. Data were collected using an lllumina HiSeq 2500.




Sample MS1 Spectra MS2 Spectra Sample MS1 Spectra MS2 Spectra
GM18486 79641 406135 GM19093 77666 401160
GM18498 82156 360025 GM19098 94825 430867
GM18499 82665 397846 GM19099 78158 405295
GM18501 76419 416852 GM19101 82097 383419
GM18502 78810 418257 GM19108 79505 387955
GM18504 77981 413280 GM19114 86912 367480
GM18505 62497 473147 GM19116 88452 371406
GM18507 91999 422500 GM19119 79117 397599
GM18508 78615 410975 GM19127 80729 377168
GM18510 83102 384761 GM19128 91685 400370
GM18511 83716 372522 GM19130 87111 358985
GM18516 110208 405340 GM19131 84555 375284
GM18517 81348 385496 GM19137 75884 395996
GM18519 78710 392546 GM19138 79146 384863
GM18520 80456 379870 GM19140 82386 395242
GM18522 76100 403298 GM19143 85758 332275
GM18523 80074 379407 GM19144 82333 366447
GM18852 86952 360181 GM19147 76623 430195
GM18855 83532 387870 GM19152 80940 403950
GM18858 80586 393731 GM19153 80990 381426
GM18861 78838 415000 GM19160 83937 397055
GM18862 79315 413004 GM19172 96629 341215
GM18870 76820 423566 GM19192 83069 373635
GM18871 85244 378408 GM19193 72124 382871
GM18907 78646 384382 GM19200 97266 339044
GM18909 81281 378786 GM19203 79353 437706
GM18912 85516 385926 GM19204 70686 447980
GM18913 78426 392084 GM19207 76317 400830
GM18916 78402 384338 GM19209 83676 386591
GM19102 83476 362698 GM19222 86711 390913
GM19092 83221 364612 GM19257 79493 423819
GM19138 run2 | 82586 363808 GM19114 run2 | 80185 404282
GM18855 run2 | 79353 437706 - -

Table S2. Raw protein mass spectrometry data. Total number of high-resolution MS1 spectra and MS2
fragmentation spectra collected using an LTQ-Orbitrap Velos instrument. Spectra were collected using a 1-
hour LC gradient where the fifteen most abundant ions were selected for fragmentation.



Sample Events | Peptides | Proteins | Sample Events | Peptides | Proteins
GM18486 73785 | 46500 5163 GM19093 66681 @ 44315 4992
GM18498 54942 | 36665 4596 GM19098 77520 | 45441 4882
GM18499 71667 45319 5013 GM19099 66752 @ 43598 4929
GM18501 69763 | 46412 4964 GM19101 62859 | 40543 4740
GM18502 76046 @ 49914 5286 GM19108 60831 | 40330 4692
GM18504 73184 | 48263 5027 GM19114 | 60402 | 40635 4779
GM18505 81596 @ 47755 5021 GM19116 63588 @ 39341 4651
GM18507 | 72836 | 44737 4863 GM19119 68839 | 43792 4894
GM18508 76934 @ 48204 5100 GM19127 67693 | 42482 4825
GM18510 67716 | 42571 5031 GM19128 63811 | 40067 4793
GM18511 65073 | 40999 4923 GM19130 60296 @ 38074 4549
GM18516 64492 | 38810 4728 GM19131 56263 | 36954 4601
GM18517 59146 | 39040 4805 GM19137 64600 @ 41479 4953
GM18519 60890 | 40917 4795 GM19138 65020 | 39867 4602
GM18520 63443 | 42322 4948 GM19140 66568 @ 43814 4946
GM18522 57648 | 38531 4671 GM19143 59370 | 36690 4510
GM18523 63404 40339 4693 GM19144 58209 @ 36466 4441
GM18852 59645 | 38107 4694 GM19147 | 78452 | 46417 4972
GM18855 52655 @ 36050 4603 GM19152 64853 41436 4763
GM18858 60317 | 39792 4679 GM19153 67665 | 40682 4851
GM18861 | 74539 | 47119 5097 GM19160 72656 @ 43289 5099
GM18862 68326 | 44469 4893 GM19172 54113 | 37388 4684
GM18870 73122 | 46000 5062 GM19192 53097 @ 33128 4674
GM18871 | 52245 | 31175 3985 GM19193 62661 | 41012 4650
GM18907 58743 | 39189 4771 GM19200 56703 @ 38073 4676
GM18909 63256 | 41418 4828 GM19203 74613 | 46538 4989
GM18912 68487 | 43192 4785 GM19204 76908 @ 46565 5052
GM18913 64458 | 41856 4753 GM19207 67086 | 41311 4895
GM18916 62296 @ 41596 4785 GM19209 60033 @ 36390 4808
GM19012 67048 | 40593 4822 GM19222 | 71263 | 42620 5011
GM19092 59946 @ 39892 4744 GM19257 | 71362 | 41377 4808

GM19138

run2 65154 | 41812 4981

GM18855 GM19114

run2 76585 | 46721 5057 run2 72305 | 45130 4906

Table S3. Quantified peptide and protein levels. Peptide spectrum matches were assigned at a false
discovery rate of 1% and the number of quantification events, distinct quantified peptides, and distinct
quantified proteins per sample were tabulated above. See methods for low-level peptide and protein
quantification parameters.



Supplementary Data Table Descriptions

Supplementary Data Table 1. cis-QTL mapping results.

ENSG: Ensembl gene identifier.

chr: chromosome identifier.

perm.p.value: empirical gene-level p-value for the most significant SNP based on 10,000 permutations of
genotype sample labels

snp.pvalue: Pearson correlation p-value between the expression phenotype and genotype at the most
significant SNP for the gene

snp.R.value: Pearson correlation between the expression phenotype and the genotype at the most significant
SNP for the gene

hg18.pos: position of the most significant SNP

eQTLs tab: Permutation p-values obtained for normalized and PC-corrected RNA-seq data.
rQTLs tab: Same as above, but for ribosome profiling data.
PQTLs tab: Same as above, but for quantitative proteomics data.

Supplementary Data Table 2. Significant psQTLs and esQTLs identified by the conditional model

ENSG: Ensembl gene identifier.

chr: chromosome identifier.

perm.p.value: empirical gene-level p-value for the most significant SNP based on 10,000 permutations of
genotype sample labels

hg18.pos: position of the most significant SNP

esQTLs_protein tab: expression-specific QTLs identified by conditioning on protein level

psQTLs_rna tab: protein-specific QTLs identified by conditioning on RNA level

psQTLs_ribo_rna tab: protein-specific QTLs identified by conditioning both on RNA and ribosome profiling
data

Supplementary Data Table 3. psQTLs and esQTLs identified by the interaction model
pQTLs and eQTLs where a significant difference between effect sizes across phenotypes was detected.

ENSG: Ensembl gene identifier.

snp.hg18.position: hg18 position of the SNP.

p-inter.rna.pro: interaction model p-value

beta.pro: Estimated regression effect size from quantitative proteomics data.

beta.rna: Same as above, but for RNA-seq data.

beta.ribo: Same as above, but for ribosome profiling data.

beta.pro.low.95, beta.pro.high.95: 95% confidence interval for regression beta, proteomics data
beta.rna.low.95, beta.rna.high.95: Same as above, but for RNA-seq.

beta.ribo.low.95, beta.ribo.high.95: Same as above, but for ribosome profiling data.



Supplementary Data Table 4. Quantitation for each gene in each individual for protein, RNA-seq and
ribosome profiling data.

ENSG: Ensembl gene identifier.

GMxxxxx: designates HapMap LCL identifier

txStart: hg18 position of transcription start site

txEnd: hg18 position of transcription end site

chr: chromosome identifier

gene.len: length of the transcribed region of the gene for canonical Ensembl transcript in base pairs

RNA-seq and ribosome profiling quantifications are expressed as log,(counts per million mapped reads). They
can be converted to logy(reads per kilobase transcript per million mapped reads) by subtracting
logz(gene.len/10°). For both RNA-seq and ribosome profiling data genes where the median row counts equal to
zero were removed. Protein level quantifications are expressed as the logz(sample/standard) SILAC ratio for
the gene.
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