
UvA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)

UvA-DARE (Digital Academic Repository)

The genetic architecture of neuropsychiatric traits: mechanism, polygenicity, and
genome function

Gamazon, E.R.

Publication date
2016
Document Version
Final published version

Link to publication

Citation for published version (APA):
Gamazon, E. R. (2016). The genetic architecture of neuropsychiatric traits: mechanism,
polygenicity, and genome function. [Thesis, fully internal, Universiteit van Amsterdam].

General rights
It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).

Disclaimer/Complaints regulations
If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, Singel 425, 1012 WP Amsterdam, The Netherlands. You
will be contacted as soon as possible.

Download date:26 May 2023

https://dare.uva.nl/personal/pure/en/publications/the-genetic-architecture-of-neuropsychiatric-traits-mechanism-polygenicity-and-genome-function(5ffe3576-0247-47e2-ae45-4993e477a809).html


295 
Chapter 11 

The Genotype-Tissue Expression (GTEx) pilot 
analysis: multi-tissue gene regulation in 

humans 
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

This chapter is a highly condensed version of the paper that has been published as: The 
Genotype-Tissue Expression (GTEx) pilot analysis: Multitissue gene regulation in 
humans. Science. PMID: 25954001. (We retained the original labels for the 
Supplementary Figures and Tables, which are downloadable from the journal’s website.) 
This study is the work of the entire consortium whose members are listed in the 
published article. As co-chair of the GWAS Working Group of the consortium, I led the 
GWAS analysis and was one of the main authors “who contributed substantially to 
analyses presented here.” 
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One Sentence Summary: We used a large collection of post-mortem tissues from 

multiple individuals to investigate the genetic causes of variability in gene expression 

across the human body, and establish a comprehensive collection of eQTLs across 

tissues. 

 

Abstract: Understanding the cellular and functional consequences of genetic 

variation, and how it impacts complex human disease and quantitative traits, remains a 

critical challenge for biomedicine. We present an analysis of RNA sequencing data from 

1,641 post-mortem tissue samples collected from 175 individuals, generated as part of 

the pilot phase of the Genotype Tissue Expression (GTEx) project. We describe the 

landscape of transcriptome variability across tissues and individuals, catalog thousands 

of tissue-specific and shared regulatory expression quantitative trait loci (eQTL) variants, 

describe complex network relationships, and identify signals from genome-wide 

association studies explained by eQTLs. These findings provide a systematic 

understanding of the cellular and biological consequences of human genetic variation 

and of the heterogeneity of such effects among a diverse set of human tissues. 

 

Main Text: Over the last decade we have increased our understanding of the 

role of genetic variation in complex traits and human disease, especially via genome-

wide association studies (GWAS) that have catalogued thousands of common genetic 

variants affecting human diseases and other traits[4, 362, 363]. However, the molecular 
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mechanisms by which this genetic variation predisposes individuals to disease are still 

poorly characterized, impeding the development of therapeutic interventions. 

 

The majority of GWAS variants are non-coding, likely manifesting their effects via 

the regulation of gene expression[364, 365].  Thus, characterization of the regulatory 

architecture of the human genome is essential, not only for understanding basic biology 

but also for interpreting GWAS loci. The most common approach used to dissect the 

effects of genetic variation on gene expression is ‘expression Quantitative Trait Locus’ 

(eQTL) analysis[58, 280, 366]. However, the lack of comprehensive eQTL data across 

human tissues has resulted in eQTL databases that are biased towards the  most 

accessible. Additionally, while many regulatory regions act in a tissue-specific 

manner[81, 337], it is unknown whether genetic variants in regulatory regions have 

tissue-specific effects as well. Complex diseases are often caused by the dysfunction of 

multiple tissues or cell types, such as pancreatic islets, adipose, and skeletal muscle for 

type 2 diabetes[367, 368], so it is not obvious a priori what the causal tissue(s) are for 

any given GWAS locus or disease. Hence, understanding the role of regulatory variants, 

and the tissues in which they act, is essential for the functional interpretation of GWAS 

loci and insights in to disease etiology.  

 

The Genotype-Tissue Expression (GTEx) Project was designed to address this 

limitation by establishing a sample and data resource to enable studies of the 

relationship between genetic variation, gene expression, and other molecular 
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phenotypes, in multiple human tissues[31]. To facilitate the collection of multiple 

different tissues per donor, the project obtains recently deceased donors through 

consented next-of-kin donation, from organ donation and rapid autopsy settings. The 

results described here were generated as part of the project’s Pilot phase, prior to 

scaling up collection and data generation. All project data are made available at regular 

intervals to qualified researchers through dbGAP.  Summary data are available on the 

GTEx Portal (http://gtexportal.org/).     

 

Study design 

We recruited 237 postmortem donors, collecting an average of 28 tissue samples 

per donor from 54 distinct body sites (Fig. S1, Tables S1, S2). From each donor, a blood 

DNA sample was genotyped at approximately 4.3 million sites, with additional variants 

imputed using the 1000 Genomes phase I, resulting in ~6.8 million single nucleotide 

polymorphisms (SNPs) with minor allele frequency (MAF) ≥5% after quality control 

(Tables S3-S5 and 19). RNA was extracted from all tissues, but quality varied widely with 

tissue site and sample specific ischemic time accounting for ~40% of the variance in RNA 

quality (Fig. S2). To maximize statistical power and data quality, we prioritized RNA 

sequencing of samples from 9 tissues that were most frequently collected and that 

routinely met minimum RNA quality criteria [adipose (subcutaneous), tibial artery, heart 

(left ventricle), lung, muscle (skeletal), tibial nerve, skin (sun-exposed), thyroid, and 

whole blood] (Table 1 and 19). 

 



299 
We performed 76bp, paired-end mRNA sequencing on a total of 1,749 samples 

of which 1,641 samples from 175 donors comprised our final pilot analysis data 

freeze[369]. Median sequencing depth was 82.1 million mapped reads per sample (Fig. 

S3A). The final data freeze  included samples from 43 body sites: 29 solid organ tissues, 

11 brain sub-regions (with two duplicated regions), a whole blood sample, and two cell 

lines derived from donor blood (EBV-transformed Lymphoblastoid Cell Lines - LCLs) and 

skin samples (cultured fibroblasts) (Tables 1, S1, S2). Median sample size for the 9 high 

priority tissues was 105; median sample size for the other 34 sampled sites was 18.5. 

 

Transcriptome variation across tissues 

We investigated the patterns of expression of 53,934 transcribed genes across 

tissues and individuals [on the basis of Gencode V12 annotations][105, 369]. The 

number of biotypes [protein coding genes, pseudogenes, and long, non-coding RNAs 

(lncRNAs)] that were transcribed above a minimal threshold (RPKM > 0.1) was similar for 

most tissues (average of 20,940) (Fig. S3B). Testis was an outlier, with substantially more 

transcribed regions detected than other tissues (31,240 on average), many of which are 

lncRNAs. Whole blood was also an outlier, exhibiting the fewest detected transcribed 

regions (17,160, on average), and lower overall complexity, due to the predominance of 

globin gene transcripts. 
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Fig. 1. Sample clustering based on gene expression and exon splicing profiles. (A) 
Clustering performed on the basis of gene expression values for all genes from Gencode 
v12 annotation. Tissue type is the primary driver of expression differences, with the 
non-solid tissues (blood and LCL cell lines) clustering separately from solid tissues. 
Hierarchical clustering was performed using as distance = 1 – Pearson correlation, and 
average method. (B) Sample clustering based on the ‘Percent Spliced In’ (PSI) values for 
exons across samples. Tissue differentiation is less clearly a driver, and brain is now the 
main outgroup, driven largely by a cluster comprised predominantly of cerebellum and 
cortex samples.  

 

Hierarchical clustering (HC) demonstrated that the expression profiles accurately 

recapitulate tissue type, with blood samples forming the primary out-group (Fig. 1A). 
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The multiple brain regions cluster strongly together as a single unit, but among those 

the 11 brain sub-sampled regions are less distinct (Fig. 1A). The most distinct brain 

region is the cerebellum (Fig S4A), as observed[370], with preservation method and 

ischemic time having little impact on that signal[371]. Overall, the distribution of gene 

expression across tissues followed a U-shaped pattern, with genes either expressed 

ubiquitously or privately to one or a few tissues[371]. 

 

 We quantified splicing events (splice junctions, exons, transcripts) by estimating 

exon inclusion levels, measured as ‘percent spliced-in’ (PSI) scores[369, 372]. Clustering 

samples by PSI scores also largely, although less clearly, recapitulates tissue type. 

Samples from the brain, not blood, form the primary out-group (Fig. 1B) which is divided 

in two groups - a group of 227 samples (mostly from the cerebellum and cortex) forms 

an independent sub-cluster (Cluster 1) and a smaller group of 97 samples (Cluster 2 - 

dominated by the remaining sub-regions) clusters closer to samples from the rest of the 

tissues. This is consistent with isoform regulation playing a comparatively larger role in 

defining cellular specificity in the brain, as reported previously[372, 373]. More detailed 

analyses of transcriptome variation across tissues and individuals are presented in Mele 

et al.[371]. 

 

eQTL Analyses - Single tissue eQTL analysis 

A primary goal of the GTEx project is to identify eQTLs for all genes for a range of 

human tissues. Past studies, hampered by the difficulties of obtaining human tissue 
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samples, have typically examined no more than 3 tissues[366, 374].  While our pilot 

sample sizes are modest for eQTL discovery, the breadth of tissues provides an 

opportunity to assess differential eQTL discovery among tissues. Due to our small 

sample sizes, we primarily examined eQTLs that act in cis to the gene (cis-eQTLs, see 

BoxS1), since the expected effect size of trans-eQTLs is too low to be efficiently detected 

at this time.   We calculated cis-eQTLs separately for each of the nine tissues with 

sufficient sample sizes (>80 donors) for all SNPs within ±1Mb of the transcriptional start 

site (TSS) of each gene[369]. Significance correlations between genotypes and gene 

expression levels were determined by linear regression on quantile normalized gene-

level expression values, after correction for known and inferred technical covariates 

(Fig. S9 and 14), using Matrix eQTL[71] To obtain gene-specific significance levels while 

correcting for testing multiple SNPs per gene, we computed permutation-adjusted p-

values for each gene for the most significant SNP per gene[369]. We defined ‘eGenes’ as 

genes with at least one SNP in cis significantly associated, at FDR≤0.05, with expression 

differences of that gene (Box S1 and 14). A list of the significant SNP-gene pairs detected 

per eGene can be found on the GTEx Portal (http://gtexportal.org/).    
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Fig. 2. Number and sharing of significant cis-eQTLs per tissue. (A). The number of 
significant cis-eQTL genes (eGenes) per tissue using single tissue analysis. For each gene, 
the minimum nominal p-value was used as the test statistic, and an empirical p-value 
was computed to correct for number of tests per gene, either based on permutation 
analysis of genotype sample labels, applied to the full set of samples per tissue (♦) or 
Bonferroni correction, used for downsampling (line) to reduce computational burden 
(14). In the range of sample sizes tested, the number of identified eGenes increases 
linearly with sample size. (B) Dendrogram and heatmap of pairwise eQTL sharing using 
the method of Nica et al. (24). Values are not symmetrical, since each entry in row i and 
column j is an estimate of π1 = Pr(eQTL in tissue i | eQTL in tissue j). Blood has the 
lowest levels of eQTL sharing with other tissues while adipose shows higher levels of 
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sharing, which may reflect adipose contamination. (C) Activity probabilities for both 
multi-tissue modeling approaches, applied to all nine tissues, indicate that the most 
likely configurations are for eQTLs that are active in only a few tissues or in many 
tissues. (D) For eQTLs in each tissue considered separately, analyzing multiple tissues 
jointly increases the number of discovered eQTL associations (FDR < 0.05), as assessed 
by the SNP-based multi-tissue model. 

 

The number of eGenes ranged from 919 in heart to 2,244 in thyroid, with a total 

of 6,486 unique eGenes across the 9 tissues (Fig 2A). Rerunning the analysis on 

successively down-sampled donor subsets from each tissue showed an approximately 

linear relationship between eGenes and sample size (slope ~21 eGenes/sample; Fig. 2A). 

Interestingly, thyroid and nerve share a steeper slope with ~29 significant 

eGenes/sample, whereas muscle and blood share a shallower trajectory with ~15 

eGenes/sample, which may reflect the lower transcript complexity observed for these 

two tissues[371], and indicating a strong tissue specific component. The number of 

eGenes identified showed no signs of plateauing at current sample sizes in any of the 

tissues. 

 

Consistent with previous work[326, 374], the majority of the significant cis-

eQTLs, clustered around the transcription start site (TSS) of target genes in all 9 tissues 

(Figs. S10A, S10B, S11). The eQTL signals also tended to show an upstream bias (Tables 

S6, S7, Fig. S11) - an average of ~80% of significant eQTLs fell within ±100 kb around the 

TSS and ~60% of all eQTLs were upstream despite testing a similar fraction of SNPs 

upstream and downstream of the TSS (Table S6, S7)[113]. A slight but distinct over-
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representation of the non-significant eQTLs around the TSS (compared to the other 

SNPs near the gene; red versus black line in Figs. S10A, S11A) supports the existence of 

additional eGenes, which did not meet significance with current sample sizes. 

 

To investigate the sensitivity and validity of our study, in particular since we used 

tissues from deceased donors, we compared the GTEx blood eQTLs to a previously 

reported eQTL study of whole blood samples in ~5,300 individuals[280]. While many 

experimental and processing differences exist between these studies, a considerable 

fraction of GTEx eGenes replicated in this study at FDR<5% (68%)[369]. Given the 

incomplete overlap in variants tested, we also compared our eQTLs against a smaller 

study of 911 blood samples taken from the Estonian Biobank, where we were able to 

apply a similar eQTL analysis pipeline to that used in GTEx and hence get better SNP 

coverage ([369], Fig. S12). Notably, 98% of GTEx blood eQTLs at FDR<5% showed 

consistent allelic direction with the eQTLs from [369] (Binomial test P <10−200). 

 

Multi-tissue joint discovery of eQTLs - tissue specificity and sharing of eQTLs 

The sharing of eQTLs among different tissues and cell types is of considerable 

biological interest[326, 366, 375] to yield insights into differential genetic regulation 

among tissues. Furthermore, cross-referencing those with genetic associations for 

disease could help identify tissues most relevant to the biology of a given disease. The 
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GTEx pilot data examines sharing of eQTLs across multiple tissues and uses the power of 

the large range of tissues to discover weak but constitutively active eQTLs.   

 

We investigated patterns of eQTL sharing using 22286 genes (with RPKM>0.1 in 

at least 10 samples) for each of the nine tissues with both a simple non-model-based 

analysis of every pair of tissues[326], and a more sophisticated Bayesian model-based 

analysis methods for joint analysis of all nine tissues[287, 375]. All analyses focused on a 

±100 Kb window surrounding the TSS for each gene, which is smaller than we used for 

the single tissue analysis, since this is where we observe the highest density of eQTLs.   

 

The non-model-based pairwise analysis method identifies significant gene-SNP 

pairs in a first tissue, and then uses the distribution of the p-values for these pairs in the 

second tissue to estimate π1, the proportion of non-null associations in the second 

tissue[326, 334]. Estimated values of π1 ranged from 0.54-0.90 (Fig. 2B). For every pair 

of tissues, we observe a high level of sharing of eQTLs, and this pair-wise sharing of 

eQTL among tissues largely mirrors the tissue-tissue gene expression and co-expression 

correlations (Fig. S13). 

 

To assess patterns of sharing beyond tissue pairs, we applied two Bayesian 

methods which assess, for each gene-SNP pair, the evidence for each of the 512 (29) 

possible null/alternative eQTL configurations. The first method[375] is “gene-based”, 
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and assumes a single causal eQTL per gene. We extended the model to: (i) support the 

fact that not all tissues were sampled across all donors in GTEx; (ii) calculate a gene-level 

FDR without requiring permutations[376]; and (iii) include a fine mapping approach 

across multiple tissues[377]. We also used a “SNP-based” approach[287], which 

assesses association of each gene-SNP pair independently, working directly with the z-

statistics for each gene-SNP pair within each tissue (see also[378]). We applied both 

methods to the GTEx data, and summarized the estimates of tissue-specificity using the 

marginal posterior probabilities for the number of tissues in which a randomly selected 

gene (gene-based model) or SNP-gene pair (SNP-based model) is active (Fig. 2C). Both 

approaches show a U-shaped pattern, with high tissue-specificity (activity in a single 

tissue) or tissue-ubiquity (activity in all 9 tissues) more common than profiles involving 

only a few tissues, despite many more possible combinatorial patterns for profiles with 

intermediate specificity. Notably, estimates from both methods indicate that over 50% 

of all eQTLs detected here are common to all nine tissues. Reassuringly, both Bayesian 

methods produce pairwise tissue sharing probabilities that show agreement with the 

non-model-based pairwise analysis (Fig. S14). 

 

We also examined effect size estimates for eQTLs that are shared between 

tissues. The vast majority of shared eQTLs show consistent effect directions in different 

tissues. However, some SNPs showed apparent opposite effect directions in different 

tissues (Fig. S15). Although we did not carefully analyze all such cases, examples that we 

investigated using multi-SNP multi-tissue analyses[377] appeared to be due to pairs of 
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SNPs, in LD with one another, that were eQTLs in different tissues (Fig S16), rather than 

being a single eQTL with opposite effects. 

 

Beyond the biological interest of eQTL sharing among tissues, the availability of 

multiple tissues can also increase the power to detect eQTLs active in multiple tissues, 

due to combining information across tissues[375]. To investigate this, a permutation 

analysis was conducted by holding the expression data as fixed and permuting the 

genotypes. In this manner we identified the number of significant eGenes per tissue (as 

in the single-tissue analysis above, but for a smaller window near the TSS), or jointly for 

any combination of tissues by considering the minimum p-value across tissues under 

each permutation. With this approach, the number of eGenes identified for individual 

tissues is similar to that described for the single-tissue eQTL analysis (Fig. 2A). Next, the 

minimum P-value for each gene across all 9 tissues was used to test for eQTL evidence, 

and subjected to false discovery control at the gene level, identifying a total of 7,425 

eGenes with FDR<0.05. This represents a three-fold increase compared to the maximum 

number of significant eGenes for any single tissue. The Bayesian models, which can 

leverage the high proportion of tissue-common eQTLs, increase the power to detect 

eQTLs for an individual tissue by borrowing strength from the remaining tissues. Thus, 

of the original 22,286 expressed genes, 10,030 show a significant eQTL (FDR<0.05) with 

the gene-based Bayesian multi-tissue model, approximately 35% more than identified 

by the joint permutation approach. Using the SNP-based Bayesian model, we selected 

four of the tissues with the largest sample sizes, and computed the marginal eQTL 
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probability for each tissue alone after adding 1-8 additional tissues in a fixed sequence.  

This resulted in a marked increase in the number of significant gene-SNP pairs 

(FDR<0.05) (Fig. 2D). 

 

For downstream analyses utilizing the multi-tissue results, a single SNP with 

highest posterior probability was chosen as representative across all tissues, recognizing 

that multiple causal SNPs would be difficult to resolve with the current sample size. 

Posterior probability profiles for both Bayesian models, as well as marginal posterior 

probabilities that an eQTL is active in each tissue, based on summing the probabilities 

across all configurations, are available for these genes (http://gtexportal.org/).   

The GWAS SNP rs37062, in intron 40 of CNOT1, has been significantly associated 

with the duration of the QT interval in the heart[379], and is in strong LD with a 

significant eQTL SNP rs37055 (r2=0.93) identified with highest posterior probability for 

expression levels of NDRG4. In our data, the expression of NDRG4 is significantly 

associated with rs37055 genotype (chr16q21) in heart, left ventricle (Fig. S17A). The 

association is much stronger for heart (r2 = 0.32) than for other tissues (Fig. S17B), and 

the consensus posterior probability that the SNP is a heart eQTL is 0.98.  In this case the 

tissue-specificity of the rs37055-NDRG4 eQTL might have been indicated from NDRG4’s 

cross-tissue expression profile, However, in only a small fraction (17%) of the ~10,030 

genes with significant cis eQTLs from the multi-tissue methods, is the eQTL tissue 

pattern significantly positively correlated with the expression profile of the eQTL gene 

across the 9 tissues (correlation between eQTL posterior probabilities and log of mean 
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expression values across 9 tissues, Pearson’s r2>0.58, at FDR<0.05; Fig. S18). While 

results may change with increased population sampling and number of tissues, this 

suggests that conclusions based merely on gene expression patterns of the target gene 

alone are not fully informative for the consequences of the genetic effects on gene 

regulation, possibly due to variation in expression levels of a target gene’s regulator(s), 

to chromatin properties, or to the regulatory element underlying an eQTL’s function 

being inactive in some tissues where the gene is expressed. 

 

Personal transcriptomics and implications for human disease 

The in-depth analysis of multi-tissue transcriptomes enables both an 

understanding of the population level properties of the transcriptome as well as 

individual level properties inferred from analyses of single transcriptomes or the 

transcriptomes of multiple tissues from a single individual. As is the case for 

personalized genomics, this individual level transcriptome analysis is likely to become a 

crucial addition to the personalized assessment of an individual’s biology and likely 

disease status. 

 

Impact of individual gene-disrupting variants on splicing and expression 

Assessing the functional impact of DNA sequence variants identified in whole-

genome and exome sequencing studies remains a major challenge. Variants predicted to 

result in the truncation of proteins (splice, stop-gain SNVs, or frame-shift indels) may 
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have large effects on biochemical function, but are also highly enriched for annotation 

artifacts[96]. Errors in predicting the true functional impact of these and other variants 

can substantially reduce discovery power in common complex diseases and, more 

importantly, can impact disease diagnosis in clinical settings[380]. 

 

The GTEx multi-tissue expression data provides an opportunity to assess the real 

impact of protein-truncating variants (PTVs) on the human transcriptome (and see [95]). 

We combined exome sequencing and RNA-seq data from 173 GTEx individuals to assess 

the global properties of predicted high confidence PTVs[369]. PTVs are enriched in 

alternatively spliced exons, with just 38.4% of high confidence PTVs having annotation 

support across all reported transcripts, and only 51-55% supported by the major 

transcript of at least one tissue (for all tissues with at least 10 samples). These numbers 

highlight the need for careful transcript-specific assessment of functional annotation for 

all classes of variation. Furthermore, if we require that a fixed percentage of the 

dominant isoforms across all sequenced tissues support this annotation, we find that 

the percentage of predicted PTVs with annotation support of PTV decreases as we 

increase the threshold for the proportion of tissues with major transcript isoform 

support for PTV prediction. This highlights the need for empirically derived reference 

transcript sets for a broad array of tissues to enhance clinical interpretation for personal 

genome sequencing and disease studies. 

 

GWAS and eQTLs 
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Fig. 3. Tissue-dependent GWAS eQTL enrichment Q-Q plots (A) eQTLs are enriched for 
trait associations with an important class of complex diseases. eQTLs discovered in 
whole blood (plotted in red) show significant enrichment for SNPs associated with 
autoimmune disorders from the WTCCC study (type 1 diabetes, Crohn's disease, and 
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rheumatoid arthritis) relative to null expectation (shown in grey) defined by non-eQTLs. 
(B) Enrichment of eQTLs for disease associations is tissue-dependent. Single-tissue eQTL 
annotation can be used to increase power to detect associations with hypertension, a 
disease for which the WTCCC study failed to yield significant associations. Notably, 
eQTLs discovered in adipose are enriched, relative to muscle, lung, thyroid, skin, heart 
and tibial artery [K–S test p < 0.05], for known SNP associations with the hypertension. 

 

The ultimate goal of the GTEx project is to provide a framework for biological 

interpretation of disease related variants. To evaluate the relevance of the discovered 

eQTLs in disease mapping studies, we tested the eQTLs identified in each tissue for 

association with disease using the Wellcome Trust Case Control Consortium (WTCCC) 

studies of seven complex disorders ([50] see Fig 8A). Using eQTLs identified in whole 

blood, we found an enrichment for top associations with autoimmune diseases (shown 

as a leftward shift from the null distribution in the Q-Q plot in (Fig. 3A), for Crohn’s 

disease, Rheumatoid Arthritis, and Type 1 Diabetes among eQTLs (P< 2.2x10-16 for each 

disease), consistent with the utility of blood and lymphoblastoid cell lines (LCLs) in trait 

mapping for autoimmune disorders[15, 195]. In contrast to the autoimmune disorders, 

we found no enrichment for association (no shift in p-value distribution) with Bipolar 

Disorder or Type 2 Diabetes among the blood eQTLs (P>0.05) (Fig. 3A). This tissue 

specificity of autoimmune enrichment results suggests they are not due to the 

confounding effects that result from similar underlying genomic properties between 

eQTL and disease association regions. More generally, we observed trait-specific level of 

enrichment for the WTCCC disease traits among the nine different single-tissue eQTL 

sets.  
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Remarkably, the use of eQTLs increased power to detect associations with 

hypertension (Fig. 3B). In particular, eQTLs in subcutaneous adipose were significantly 

enriched for multiple associations with hypertension relative to muscle, lung, thyroid, 

skin, heart and tibial artery (Kolmogorov-Smirnov test P<0.05) (Fig. 3B). This is 

particularly noteworthy since the WTCCC GWAS of this disease did not yield any 

genome-wide significant associations suggesting that larger sample sizes were required 

to identify highly significant SNP associations in the absence of functional data. 

 

Since the majority of GWAS-identified variants (~95%) lie in noncoding regions of 

the genome, we determined which genome-wide significant trait associations (p<5x10-8) 

reported to date are in LD with at least one GTEx-identified eQTL. We merged NCBI’s 

Phenotype-Genotype Integrator (PheGenI)[381] and the NHGRI GWAS catalog[3], 

yielding 10,129 genome-wide significant SNP associations with nearly 630 distinct 

complex traits.  In total, 5,195 ‘independent’ SNPs were identified after LD pruning at 

r2≥0.8 and counting SNPs only once (14).  Of these, 308 (~6%) are in strong LD (r2≥0.8) 

with a ‘best eQTL per gene’ (at FDR<0.05) from either the single-tissue or multi-tissue 

eQTL discovery analysis (Table 2), in at least one of the 9 tissues tested. For two thirds of 

these cases (211 SNPs), no putative deleterious coding variants (non-synonymous or 

splice variant) in the target gene product lie in LD (r2≥0.8) with the GWAS SNP, 

suggesting regulatory effects may underlie the causal mechanism, though additional 

work is needed to prove causality. GWAS SNPs in LD with an eQTL show a 2-fold higher 
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representation in coding regions compared to all GWAS SNPs (11% versus 4.6%;  Table 

S12). Notably, about a third of the eQTLs in LD with GWAS SNPs were detected only with 

methods that leverage the multi-tissue nature of GTEx data. Increasing both sample 

sizes and the range of tissues will likely increase the number of detected GWAS-eQTL 

loci. 

 

Annotating a GWAS SNP with an eQTL can help highlight candidate causal genes 

within a locus, i.e. the eQTL target gene. We found that proximity-based and eQTL-

based gene assignment for GWAS SNPs were often discordant, as previously 

suggested[326].  A surprising proportion of trait-associated SNPs in LD (r2≥0.80) with a 

GTEx eQTL showed disagreement between the strongest eQTL-derived target gene and 

the genes that were physically proximal to the GWAS SNP (Table S13). Out of 190 GWAS 

loci (p<5x10-8) where the lead SNP is an eQTL from the single-tissue analysis (FDR<0.05) 

with only a single target gene, in 65 cases (~34%) this eQTL target gene differs from any 

of the genes that were closest to the SNPs in LD.  These results are also observed when 

we restrict the target genes to protein-coding genes, when we prune the GWAS SNPs for 

each trait examined (r2≥0.80), and when we utilize the eQTLs identified from the multi-

tissue joint eQTL analysis. 
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Fig. 4. A systolic and diastolic blood pressure-associated SNP is a significant eQTL in 
tibial artery, for ARHGAP42 and TMEM133. (A) The GWAS SNP, rs633185 in the intron 
of ARHGAP42 is associated with systolic blood pressure (p = 1.2 × 10–17) and diastolic 
blood pressure (p = 2 × 10–15). Genes in an LD region (r2 ≥ 0.8) around rs633185 are 
shown. This GWAS SNP is in tight LD (r2 = 0.93) with the most significant eQTL for 
ARHGAP42 in tibial artery, rs604723 (p = 1 × 10–8), and is the most significant eQTL for 
TMEM133 in tibial artery (p=2.7x10-8). Tibial artery was the only significant tissue at 
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FDR<0.05 based on the single tissue eQTL discovery method. (B) The upper panel 
displays the average posterior probability of the most significant cis-eQTL, rs607562 for 
ARHGAP42 at FDR < 0.05 from the multi-tissue eQTL methods. Tissues are ordered on 
the basis of their median expression values in descending order, similar to that in the 
lower panel. The lower panel shows expression box plots for ARHGAP42 across the nine 
tissues with box plots marking the median and upper and lower quartiles of the 
expression values per tissue. (C) Similar plots are shown for TMEM133. The most 
significant cis eQTL for TMEM133 from the multi-tissue methods at FDR < 0.05 is the 
GWAS SNP, rs633185, in tibial artery.  

 

In addition to prioritizing causal genes in GWAS loci, an eQTL catalog from 

multiple human tissues can highlight the relevant tissue(s) of action, evaluate the tissue-

specificity of GWAS loci, and characterize pleiotropic associations. The GWAS intronic 

SNP, rs633185, located in ARHGAP42, has been associated with blood pressure[382], 

and alteration of ARHGAP42 activity in vascular smooth muscles was recently suggested 

to play a role in blood pressure homeostasis[383]. We found this GWAS SNP to be in 

high LD (r2=0.93) with the best cis-eQTL (rs604723) targeting ARHGAP42, and to also be 

the best cis-eQTL for a neighboring gene, TMEM133 in the tibial artery, the only 

significant tissue based on single-tissue eQTL analysis (Fig. 4A). Based on the direction of 

effect of the eQTL’s minor allele, decrease in expression levels of ARHGAP42 and 

TMEM133 is associated with decrease in systolic and diastolic blood pressure measures. 

Evaluating eQTL significance in all nine tissues (multi-tissue methods), shows that while 

the eQTL’s significance is indeed strongest in tibial artery (mean posterior probability for 

best eQTL: P=0.998 for rs607562 and ARHGAP42, r2=0.81 with GWAS SNP rs633185; 

P=0.983 for rs633185 and TMEM133), there are several other tissues that may merit 

consideration in exploring the causal function of this locus, such as subcutaneous 
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adipose and skin (Fig. 4B, 4C, Fig. S33). This example supports the need to explore the 

genetic basis of disease in the fuller context of a wide range of human tissues. The GTEx 

eQTLs may also be useful in highlighting the role of non-coding genes in disease risk and 

other complex traits (Fig. S4). We found that ~13% of candidate genes proposed by 

GTEx eQTLs that are in LD to genome-wide significant GWAS SNPs are noncoding genes 

(Table S14). 

 

Conclusions 

Here we have described a large in-depth data-set of multi-tissue human gene 

expression. We assessed the variability of the transcriptome among individuals in a large 

number of tissues at a resolution that provides unique insights in to the diversity and 

regulation of gene expression among tissues. This analysis provides a unified view of 

genetic effects on gene expression across a broad range of tissue types, most of which 

have not been studied for eQTLs previously. We look forward to scaling up the resource 

to create a data set that will transform our understanding of how genetic variability 

influences different tissues and biological systems and ultimately complex diseases. 
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Table 1. GTEx Pilot Samples. Characteristics of the 1641 RNA-sequenced samples 
included in the GTEx pilot analysis freeze. Column’s B and C show the tissue 
abbreviation, and color assigned to each tissue (used throughout analyses and figures).  
The 9 tissues that were prioritized for sequencing during the pilot phase are indicated by 
red stars.  Boxes highlight two regions of the brain that were sampled in duplicate. A 
region from each of the cerebellum and cortex (BRNCHA and BRNCTXA) were sampled 
on site during the initial tissue collection, and again after the brain was received by the 
brain bank (BRNCHB and BRNCTXB). Cell lines included among the listed tissues, are an 
EBV-transformed Lymphoblastoid cell line derived from blood (LCL), and a cultured 
primary fibroblast cell line derived from fresh skin (FIBRBLS). RIN = RNA Integrity 
Number. 

 

        RIN 

Sample 
Ischemic Time 

(min) Age 

Tissue Site Detail Abbreviation Color n Mean SD Mean SD Mean 

Adipose - Subcutaneous ADPSBQ   94 6.9 0.6 421.9 318.3 48.2 

Adipose - Visceral (Omentum) ADPVSC   19 7.2 0.6 401.4 303.1 46.9 

Adrenal Gland ADRNLG   12 8.3 0.8 172.8 107.2 51.4 

Artery - Aorta ARTAORT   24 7.8 0.8 262.0 178.3 50.8 

Artery - Coronary ARTCRN   9 7.5 0.7 312.4 307.9 55.3 

Artery - Tibial ARTTBL   112 7.5 0.7 486.7 350.0 47.9 

Brain - Amygdala BRNAMY   23 6.9 0.8 NA NA 51.2 

Brain - Anterior cingulate 
cortex (BA24) BRNACC   17 7.0 0.7 NA NA 51.4 

Brain - Caudate (basal 
ganglia) BRNCDT   36 7.5 0.8 NA NA 52.5 

Brain - Cerebellum [PAXgene] BRNCHA   30 7.4 1.0 868.9 300.9 51.6 

Brain - Cerebellar Hemisphere 
[Frozen] BRNCHB   24 7.6 1.1 NA NA 49.7 
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Brain - Cortex  [PAXgene] BRNCTXA   23 7.1 0.9 837.2 280.3 51.3 

Brain - Frontal Cortex (BA9)  
[Frozen] BRNCTXB   24 7.5 0.9 NA NA 55.1 

Brain - Hippocampus BRNHPP   24 6.9 0.7 NA NA 51.1 

Brain - Hypothalamus BRNHPT   23 7.0 0.9 NA NA 51.4 

Brain - Nucleus accumbens 
(basal ganglia) BRNNCC   28 7.4 0.6 NA NA 53.4 

Brain - Putamen (basal 
ganglia) BRNPTM   20 7.3 0.9 NA NA 49.5 

Brain - Spinal cord (cervical c-
1) BRNSPC   16 7.1 0.7 NA NA 52.5 

Brain - Substantia nigra BRNSNG   25 6.8 0.7 NA NA 53.8 

Breast - Mammary Tissue BREAST   27 7.0 0.7 645.6 425.4 50.3 

Cells - EBV-transformed 
lymphocytes LCL   39 9.9 0.2 -59.7 502.0 46.2 

Cells - Transformed 
fibroblasts FIBRBLS   14 9.5 0.5 544.5 478.4 49.2 

Colon - Transverse CLNTRN   12 7.5 0.8 236.5 137.0 46.3 

Esophagus - Mucosa ESPMCS   18 8.6 0.7 330.9 219.6 51.7 

Esophagus - Muscularis ESPMSL   20 7.9 0.6 310.6 273.3 48.5 

Fallopian Tube FLLPNT   1 6.1 NA 520.0 NA 51.0 

Heart - Atrial Appendage HRTAA   25 7.5 0.7 492.3 323.9 51.0 

Heart - Left Ventricle HRTLV   83 7.9 0.9 380.9 334.4 48.0 

Kidney - Cortex KDNCTX   3 6.8 0.4 583.0 585.0 56.3 

Liver LIVER   5 7.6 0.9 365.2 321.8 42.8 

Lung LUNG   119 7.6 0.9 447.0 380.4 48.9 

Muscle - Skeletal MSCLSK   138 7.9 0.6 486.1 358.1 49.2 

Nerve - Tibial NERVET   88 7.0 0.7 463.8 315.6 49.4 
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Ovary OVARY   6 7.3 0.7 401.0 248.4 43.5 

Pancreas PNCREAS   19 6.8 0.7 200.4 115.3 49.3 

Pituitary PTTARY   13 7.3 0.6 841.3 305.5 51.9 

Prostate PRSTTE   9 6.8 0.7 231.1 84.0 50.2 

Skin - Not Sun Exposed 
(Suprapubic) SKINNS   23 7.2 0.7 557.2 388.2 48.7 

Skin - Sun Exposed (Lower 
leg) SKINS   96 7.0 0.7 498.5 364.0 49.0 

Stomach STMACH   12 7.4 0.9 250.0 131.6 47.8 

Testis TESTIS   14 7.0 0.9 293.6 236.3 52.4 

Thyroid THYROID   105 7.0 0.7 428.5 391.7 49.2 

Uterus UTERUS   7 7.4 1.0 313.3 184.3 48.7 

Vagina VAGINA   6 7.8 1.1 414.5 234.4 54.0 

Whole Blood WHLBLD   156 8.1 0.8 238.4 498.2 49.7 

All     1641 7.5 0.9 418.9 394.2 50.2 

Table 2.  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 
GTEx. 

 

 SNP category # (%) pruned 
GWAS SNPs* 

# GWAS SNPs 
not in LD with 

non-
synonymous or 

splice 
variants** 

% Coding % Non-coding 

Total # pruned 
SNP 
associations 
with ~630 
traits 

5,195 (100%) 4,562 (87.8%) 4.6% 95.4% 

# GWAS SNPs in LD with best-eQTL-per-gene in at least one GTEx tissueψ: 
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Union of single 
and multi-
tissue eQTL 
methods 

308 (6.0%) 211 11.0% 89.0% 

Single tissue 
eQTL methodξ 214 (4.1%) 146 9.0% 91.0% 

Multi-tissue 
eQTL 
methodsφ 

208 (4.0%) 144 12.1% 87.9% 

Overlap 
between 
single- and 
multi-tissue 
methods 

114 (2.8%) 79 8.8% 91.2% 

 

* GWAS SNP associations at genome-wide significance (p<5x10-8) from PheGenI and the 
NHGRI GWAS catalog were collectively pruned using a linkage disequilibrium (LD) cutoff 
of r2≥0.8. Percentages (%) were computed relative to the 5,195 pruned SNPs.  

** Functional annotations were taken from dbSNP version 137.  

ψ GWAS SNPs in LD with eQTLs significant in more than one tissue were counted as a 
single instance. 

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

φ 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. 

 

The Supplementary Material is available in the online version of this article.  


