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Chapter 1 

General introduction and outline 
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In the last decade, we have witnessed unprecedented advances in our 

understanding of the molecular basis underlying human phenotypic variation. Modern 

biology and molecular medicine are being transformed by technological developments 

and methodological gains, and the resulting flood of data presents new analytic, 

interpretive, and computational challenges. Much of the great strides in the new science 

of genomics has come about as a result of large-scale comprehensive surveys of human 

genetic variation[1, 2], and the research community has now successfully identified 

thousands of genetic variants reproducibly associated with a wide array of complex 

traits[3], including disease risk and pharmacological traits. Genome-wide association 

studies (GWAS) have substantially contributed to these notable findings[4], facilitating 

unbiased analyses of the relationship between common genetic variation and 

phenotype and surpassing traditional candidate-gene studies in potential translational 

applications.  

Having amassed an ever-growing catalog of reproducible genetic associations 

with complex traits[3], the community now faces the daunting challenge of 

characterizing the underlying mechanisms[5] behind the genetic findings. Furthermore, 

despite recent methodological insights that have unveiled the importance of a polygenic 

component to complex traits[6], the community continues to grapple with locating the 

sources of “missing heritability”[7] for a large proportion of these traits (with the 

genetic variants that have been identified by GWAS accounting for only a small 

proportion of the trait variance). Finally, genome researchers have raised alarm over the 
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computational challenges presented by this Age of Big Data in genomics, warning that 

the new science is wholly unprepared “to cope with the coming genomics flood.”[8]  

Aimed at addressing some of these critical challenges, the studies in this thesis 

were conducted using heterogeneous approaches spanning the full range[9] from small 

fundamental investigations to the big science of large consortia. In Part I (“Identifying 

trait-associated genes using gene-based methods and molecular phenotypes”; chapters 

2-6), we explore alternative analytic approaches to traditional (single-variant) genetic 

association analyses, using functionally relevant elements of the genome as units of 

analysis (e.g., protein-coding genes, conserved elements, epigenetic marks that define 

regulatory elements) and incorporating the high-resolution omics data being generated, 

at a furious pace, by functional genomics. Specifically, these studies aim to leverage 

current knowledge of regulatory mechanisms in the genome to further our 

understanding of the genetic etiology underlying disease risk and drug response. We 

present a novel mechanism-informed gene-based test[10] (chapter 2) that uses the 

estimated component of gene expression that is determined by an individual’s genetic 

profile in order to map disease-associated loci; the method builds on whole-genome, 

tissue-dependent prediction models trained with reference transcriptome data and 

requires only genotype data. We further explore (chapter 3) a variance component 

based method that tests the regulatory landscape of a gene (which may extend at 

megabase distances from the gene[5]) and whose strength comes from facilitating joint 

analyses of different categories of function in the genome (such as genetic variants that 

disrupt DNase I hypersensitivity sites or transcription factor binding sites), propose a 
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combined test and apply it to the study of autism spectrum disorder. Methodologically, 

these studies are a natural outgrowth of previous studies which were some of the first 

to show that certain high-dimensional molecular phenotypes, such as microRNA 

expression[11] (chapter 4) and methylation[12-14] (chapter 5), are under substantial 

genetic regulation and which leverage the heritability of these molecular traits to 

functionally annotate the genome and improve its “readability”[15, 16] for genomic 

studies of complex traits. Furthermore, the combination of molecular traits (e.g., gene 

expression) and a relatively understudied form of human genetic variation (copy 

number variants [CNVs]) as molecular trait loci may yield insights into novel gene 

mechanisms of disease[17] (chapter 6). 

In Part II (“Polygenic analysis and heritability of complex psychiatric traits”; 

chapters 7-10), we present studies that aim to interrogate the genetic architecture of 

complex traits, including schizophrenia, bipolar disorder, attention deficit/hyperactivity 

disorder, and major depressive disorder (chapter 7), and to characterize the functional 

nature and extent of the contribution of classes of genetic variants to phenotypic 

variation. The pathogenesis of psychiatric traits is a topic of considerable interest for our 

purposes because the study of the impact of genetic variation on disease risk may 

provide crucial insights into pathophysiology that are not easily obtained by other 

methods due to the enormous complexity of the brain[18]. Furthermore, pervasive 

pleiotropy between psychiatric phenotypes[19] and shared genetic etiology between 

them and immune disorders[20] hold the promise of opening new avenues to 

understanding disease mechanisms and indeed the human disease phenome.  The 
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approach to quantifying the contribution of genome-wide genetic variants to trait 

heritability is a variance component method (called G-REML) that was pioneered by 

Visscher P and colleagues[21] based on Restricted Maximum Likelihood (REML), and we 

applied an extension to the study of regulatory annotation in the genome to determine 

whether classes of genetic variants with such prior functional support contribute 

disproportionately to phenotypic variance for psychiatric disease risk. Our study of 

expression quantitative trait loci (eQTL, i.e., genetic loci that contribute to variation in 

mRNA transcript levels) based heritability estimation[22] (applied to bipolar disorder) 

(chapter 8) via linear mixed models was one of the first to note that the functional 

nature of contributory genetic variants can be elucidated en masse, and the same 

method was then subsequently used in a study[23] of Tourette syndrome (TS) and 

obsessive compulsive disorder (OCD) to show a significant contribution to TS and OCD 

heritability by variants associated with gene expression in two brain regions (parietal 

cortex and cerebellum) with available eQTL data[14]. More recently, mixed models were 

employed to investigate the ways in which tissue-specific and cross-tissue eQTLs 

partition the heritability of a complex trait[24]. Similarly, these mixed models were 

useful in estimating the heritability captured by copy number variable and copy number 

stable regions of the genome for psychiatric traits (chapter 9). Since G-REML as 

implemented in GCTA requires individual-level genotype data, which may limit its utility, 

we developed a summary statistics-based method for heritability estimation (see 

Appendix of [25]; (chapter 9)), using, for example, publicly available GWAS summary 

association statistics, following the theory of quadratic forms; unlike the LD Score 
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Regression (LDSC)[26] method that performs jack-knife analysis to estimate the 

standard error of the estimated heritability, our approach provides a closed-form 

estimator for the variance in the estimate, thus providing a computationally efficient 

method. This approach has now been extended by a recent study[27] through 

regularization of the linkage disequilibrium (LD) matrix from a reference panel. The 

GCTA approach has recently come under criticism from Krishna-Kumar et al[28], who 

claim that the approach “applied to current SNP data cannot produce reliable or stable 

estimates of heritability.” Consequently, we recently conducted an investigation[29] 

(chapter 10) of the dynamics of the G-REML model to evaluate the stability of the 

likelihood function under phenotype perturbation and the dependence of the 

heritability estimate on the spectral properties of the genetic relatedness matrix (GRM) 

(such as in the special case of population stratification), demonstrating the robustness 

to measurement noise and perturbations in the GRM. 

In Part III (“Building genomic annotations: transcription, alternative splicing, and 

trans-population genetic analyses”; chapters 11-17), we present studies aimed at 

characterizing the functional consequences of genetic variation. We are currently 

involved in ongoing studies, as part of the GTEx Consortium, to characterize the impact 

of genetic variation[30, 31] on gene regulation in a comprehensive set of tissues 

(chapter 11) and to make the resulting annotations widely available to the scientific 

community. To address some of the computational challenges, we have previously 

developed a bioinformatic resource[12] (chapter 12) for genome annotation, using 

molecular quantitative trait loci[14, 15], of trait-associated variants identified by 
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genome-wide scans. In a recent study, we extended this to a whole-genome scan of 

genetic variants in splicing[32, 33] (chapter 13) regulatory elements (SREs) and 

evaluated the degree to which natural selection has shaped extant patterns of variation 

in SREs (chapter 14). In a study with potential translational relevance, we used high-

resolution transcriptome profiling to identify novel splice isoforms and to quantify 

differences in expression across tissues for genes involved in therapeutic and adverse 

drug response (the pharmacogenes)[16] (chapter 15). Using the degree of population 

differentiation among human populations (chapter 16) in allele frequencies in variants 

located in SREs as an index, we leveraged long-range haplotype and multi-locus allelic 

differentiation based methods to identify SNPs in regulatory elements with robust 

signatures of natural selection. The resulting SRE annotation was tested for its utility for 

detecting pathogenicity as well as for disease loci mapping. This is an application of our 

continuing interest in using trans-population genetic analyses (chapter 17)[34] not only 

to identify sources of ethnic disparities[35] in disease susceptibility or therapeutic 

response but also as an approach for genome annotation that fine-maps[36] causal 

genetic variants in loci previously identified by GWAS.  

In the next several chapters, we present both “methods” (that improve on 

existing approaches) and (molecular) “data” (that may serve as endophenotypes), which 

have the potential to contribute to our understanding of the genetic basis of human 

trait variation. Finally, we draw some general conclusions on the findings presented in 

this thesis and discuss future perspectives on the psychiatric genomics field to be 

followed by a Dutch summary of the results.  
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Chapter 2 

A gene-based association method for mapping 
traits using reference transcriptome data 
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Abstract 

Genome-wide association studies (GWAS) have identified thousands of variants 

robustly associated with complex traits. However, the biological mechanisms underlying 

these associations are, in general, not well understood. We propose a gene-based 

association method called PrediXcan that directly tests the molecular mechanisms 

through which genetic variation affects phenotype. The approach estimates the 

component of gene expression determined by an individual’s genetic profile and 

correlates the “imputed” gene expression with the phenotype under investigation to 

identify genes involved in the etiology of the phenotype. The genetically regulated gene 

expression is estimated using whole-genome tissue-dependent prediction models 

trained with reference transcriptome datasets. PrediXcan enjoys the benefits of gene-

based approaches such as reduced multiple testing burden and a principled approach to 

the design of follow-up experiments. Our results demonstrate that PrediXcan can detect 

known and novel genes associated with disease traits and provide insights into the 

mechanism of these associations. 

 

Introduction 

Genome-wide association studies (GWAS) have been remarkably successful in 

identifying susceptibility loci for complex diseases. These studies typically conduct 

single-variant tests of association to interrogate the genome in an agnostic fashion and, 

due to modest effect sizes, have come to rely on ever-greater sample sizes[37, 38] to 
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make meaningful inferences. We have been less successful in developing methods that 

improve on existing simple approaches. In general, the genetic associations identified as 

genome-wide significant thus far account for only a modest proportion of variance in 

disease risk[7]. Indeed, there is now widespread recognition, if not consensus, that 

GWAS of disease susceptibility (for which, the relevant genetic effects may be very 

small) and pharmacologic traits (for which large effect sizes are not unusual)[39, 40] 

have resulted in limited conclusive findings on the genetic factors contributing to 

complex traits. Importantly, the functional significance of most discovered loci, including 

even those that have been the most reproducibly associated, remains unclear. Assigning 

a causal link to the nearest gene falls short of elucidating a functional connection, as 

recently demonstrated by the obesity-associated variants within FTO that form long-

range functional connections with IRX3[5]. And while GWAS will no doubt continue to 

identify many more susceptibility loci, the question of how to advance biological 

knowledge of the underlying mechanisms of disease risk remains a paramount 

challenge. 

A large portion of phenotypic variability in disease risk for a broad spectrum of 

disease phenotypes can be explained by regulatory variants, i.e. genetic variants that 

regulate the expression levels of genes[15, 22, 23, 41]. For example, almost 80% of the 

chip-based heritability of disease risk for 11 diseases from the WTCCC can be explained 

by genome variation in DNase I hypersensitivity sites, which are likely to regulate 

chromatin accessibility and thus transcription[42]. 
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Large genomic consortia (e.g., ENCODE[43]) are generating an unprecedented 

volume of data on the function of genetic variation. The Genotype-Tissue Expression 

(GTEx[31]) project is an NIH Common Fund project that aims to collect a comprehensive 

set of tissues from 900 deceased donors (for a total of about 20,000 samples) and to 

provide the scientific community a database of genetic associations with molecular 

traits such as mRNA levels. (See GTEx main paper[30] on Phase 1 data.) Other large-

scale transcriptome datasets include Genetic European Variation in Health and 

Disease[44] (GEUVADIS, 460 lymphoblastoid cell lines), Depression Genes and Networks 

(DGN, 922 whole blood samples)[45], and Braineac (130 individuals with multiple brain 

region samples)[46]. Yet, effective methods that harness these reference transcriptome 

datasets for disease mapping are lacking.  

Methodologically, gene-based approaches and multi-marker association tests 

have been developed as alternatives to traditional single-variant tests. By conducting 

tests of association on biologically informed aggregates of SNPs, such tests seek to 

evaluate a priori functionally relevant units of the genome and, in many cases, reduce 

the multiple-testing penalty that plague single-variant approaches, by 10 to 100 fold. 

The incorporation of -omics data, such as those being generated by high-resolution 

transcriptome studies, provides a means to extend genome-wide association studies by 

addressing the functional gap. Technological advances in high-throughput methods have 

reinforced the important finding that intermediate molecular phenotypes are under 

significant genetic regulation, with expression quantitative trait loci (eQTLs) as the 

predominant example. However, approaches that fully leverage the comprehensive 
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regulatory knowledge generated by transcriptome studies are relatively lacking despite 

the fact that these studies have the potential to dramatically improve our understanding 

of the genetic basis of complex traits[31].  

We hypothesized that a SNP aggregation approach that integrates information 

on whether a SNP regulates the expression of a gene can greatly increase the power to 

identify trait-associated loci either from a strong functional SNP signal or from a 

combination of modest signals, the so-called grey area of GWAS. The present study 

suggests that PrediXcan, a novel method that incorporates information on gene 

regulation from a set of markers, increases the power to detect associations relative to 

traditional SNP-based GWAS and known gene-based tests under a broad range of 

genetic architectures and provides mechanistic insights and more easily interpreted 

direction of effect into the observed associations.  

 

Results 

PrediXcan method 
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Figure 1. Mechanism tested by the PrediXcan method. This figure shows the 
conceptual decomposition of the expression level of a gene into three components: 
genetically determined component, a component altered by the trait itself, and the 
remaining factors (including environment). PrediXcan estimates the genetically 
regulated component of expression (GReX) and correlates it with the trait to identify 
trait-associated genes. 

 

PrediXcan, by design, exploits genetic control of phenotype through the 

mechanism of gene regulation as a way to identify trait-associated genes. Figure 1 is a 

schematic diagram of the regulatory mechanism that is tested with PrediXcan. An 

individual's gene expression level (typically unobserved in a GWAS) is decomposed into 

a genetically regulated expression (GReX) component, a component altered by the trait 

itself (i.e., a reverse causal effect that may occur if disease status or other conditions 



21 
alter expression levels), and the remaining component attributable to environmental 

and other factors. PrediXcan tests the mediating effect of gene expression by 

quantifying the association between GReX and the phenotype of interest. 

 We use reference transcriptome datasets from studies such as GTEx[31], 

GEUVADIS[44], and DGN[45] among others, to train additive models of gene expression 

levels. These models allow us to estimate the genetically regulated expression, GReX. 

We denote the estimated value with a hat, . These estimates constitute multiple-

SNP prediction of expression levels. The weights for the estimation are stored in our 

publicly available database. 

 The analogy with genotype imputation is relevant here. Genotype imputation 

uses information from a reference sample to learn how to impute genotypes at the 

unmeasured SNPs in the test set. Similarly, PrediXcan uses a reference dataset in which 

both genome variation and gene expression levels have been measured to develop 

prediction models for gene expression. We use these prediction models to “impute” 

gene expression (which is unobserved in a typical GWAS), and we do so by estimating 

the genetically determined component, GReX. 

PrediXcan application to a GWAS dataset consists of “imputing” the 

transcriptome using the weights derived from reference transcriptome datasets and 

correlating the GReX with the phenotype of interest using regression methods (e.g., 

linear, logistic, Cox) or non-parametric approaches (e.g., Spearman). (For the specific 

results on disease phenotypes analyzed here, we used logistic regression with disease 
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status.) We are aware of the attenuation bias that arises because of the error in the 

estimation of GReX. This is a subject to be investigated in the future, but this bias does 

not invalidate our analysis since we only use the estimate of GReX as a discovery tool.  

Figure 2 summarizes the flow of the method development described above. 
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Figure 2. PrediXcan framework. The workflow illustrates the steps used in developing 
the PrediXcan method. The top panel shows the data used from the reference 
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transcriptome studies: genotype and expression levels (GTEx, GEUVADIS, DGN, etc). The 
sample size of the study is denoted by n, m is the number of genes considered, M is the 
total number of SNPs, and p is the number of available tissues. The second panel shows 
the additive model used to build a database of prediction models, PredictDB. T 
represents the expression trait, and Xk is the number of reference alleles for SNP k. The 
coefficients of the models for each tissue are fitted using the reference transcriptome 
datasets and optimal statistical learning methods chosen among LASSO, Elastic Net, 
OmicKriging, etc. The bottom panel shows the application of PrediXcan to a GWAS 
dataset. Using genetic variation data from the GWAS and weights in PredictDB, we 
“impute” expression levels for the whole transcriptome. These imputed levels are 
correlated with the trait using regression (e.g., linear, logistic, Cox) or non-parametric 
(Spearman) approaches.  (For the disease phenotypes in the WTCCC datasets and the 
replication dataset reported here, we used logistic regression with disease status.) 

 

Features of PrediXcan 

PrediXcan is, as we have emphasized, particularly focused on a mechanism – gene 

expression regulation – that has already been established as being contributory to 

common diseases, including psychiatric and neurodevelopmental disorders7. The test 

has the potential to identify gene targets for therapeutic applications because it is 

inherently mechanism-based and provides directionality.  

Additional advantages include: 

• Like other gene-based tests, it has much smaller multiple-testing burden (~20K 

tests maximum, ~10K genes with high quality prediction in most tissues) compared 

to single variant tests (~5–10M tests). Moving beyond the stringent Bonferroni 

correction, priors on genes can be less restrictive than for SNPs. 

• Informative priors and groupings of functional units (based on known pathways, 

for example) are much more straightforward to construct for genes than SNPs. 
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• No actual transcriptome data are required since the predicted expression levels 

are a function of genetic variation alone. Thus, the method can be applied to any 

existing dataset with large-scale genome interrogation such as those in dbGaP or 

other repositories. Re-analyses of existing datasets, with a focus on mechanism 

using PrediXcan, address a gap that has largely characterized GWAS to date.  

• Reverse causality is not a major concern since disease status or drug treatment 

does not alter germline genomic variation. 

• Meta-analysis of gene-based results is simplified since less stringent harmonization 

between studies is required. 

• Multiple tissues can be evaluated using a reference transcriptome dataset (such as 

GTEx). In general, the only limitation is the availability of gene expression data in 

the given tissue for model building, which need not be, from the same study as 

that used for phenotype investigation. In cases where transcriptome data are 

available, separate analyses should be performed to simplify interpretation.  

• The approach can be applied to common or rare variants. In general, larger sample 

sizes for the training set will be needed to achieve good prediction models with 

rare variants. 

Database of prediction models and software 

We make the prediction models (derived from LASSO[47] and elastic net[48]) 

and the software to predict the transcriptome (in a variety of tissues) (see Materials and 

Methods) publicly available.   
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Predicting the transcriptome 

We built prediction models in the DGN whole blood cohort using LASSO, the 

elastic net ( =0.5), and polygenic score at several p-value thresholds (single top SNP, 

1x10–4, 0.001, 0.01, 0.05, 0.5, 1). We assessed predictive performance using 10-fold 

cross-validation (R2 of estimated GReX vs. observed expression) as well as in an 

independent set. We found that LASSO performed similarly to the elastic net and that 

LASSO outperformed the polygenic score at all thresholds, although all methods are 

highly correlated (see Supplemental Figure 1). For subsequent analyses, we focused on 

the prediction models using the elastic net because we found it to perform well and to 

be more robust to slight changes in input SNPs (potentially due to variations in 

imputation quality between cohorts).  

We estimated the heritability of gene expression in DGN attributable to SNPs in 

the vicinity of each gene using a mixed-effects model (see Materials and Methods) and 

calculated variances using restricted maximum likelihood as implemented in GCTA[21]. 

We use only local SNPs since we found that heritability estimates using all genotyped 

SNPs were too noisy to make meaningful inferences. 

We use heritability estimates as our benchmark for the prediction R2 since this 

constitutes the upper limit of our prediction performance. For genes for which an elastic 

net model was available (n=10,427), the average heritability in DGN was 0.153. In 

comparison, the average 10-fold cross-validated prediction R2 for elastic net was quite 

close at 0.137; for the polygenic score (P<1x10–4) and top-SNP models, average 

prediction R2 values were sizably lower at 0.099 and 0.114, respectively. We show the 
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performance R2 for each model in Figure 3, with the corresponding heritability estimate 

and confidence interval in the background for comparison. We also note that elastic net 

predictive performance reached or exceeded the lower bound of the heritability 

estimate for 94% of genes, while polygenic score (P<1x10–4) did so for just 76% of the 

genes and the top SNP for 80% of the genes (Figure 3), consistent with the performance 

ranking given by the average (across genes) R2. 

 

Figure 3.  Cross-
validated prediction 
performance vs 
heritability. This figure 
shows the prediction 
performance (R2 of GReX 
vs. observed expression 
in red) compared to gene 
expression heritability 
estimates (black with 
95% confidence interval 
in gray). Performance 
was assessed using 10-
fold cross-validation in 
the DGN whole blood 
cohort (n=922) with the 
elastic net, polygenic 
score (p < 1x10–4), and 
using the top SNP for 
prediction. 

 

  

 

Predictive performance of elastic net was similar whether all SNPs from the 1000 

Genomes imputation or the HapMap Phase II subset were included in the model 
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building (Supplemental Figure 2). Models based on imputed data (both the 1000 

Genomes and the HapMap subset) substantially outperformed models based on 

genotyped SNPs in WTCCC (Supplemental Figure 2). Thus, we chose the elastic net 

models built in the smaller HapMap SNP subset, relative to 1000 Genomes, in our 

applications of PrediXcan to reduce computation time without sacrificing performance. 

As reference transcriptome studies increase in sample size, we may need to switch to a 

more dense imputation to take advantage of increased prediction performance from 

rare variants. 

We also tested the prediction models trained in the DGN whole blood cohort on 

several independent test cohorts with available whole-genome genotype and 

transcriptome data. We used weights derived from the DGN whole blood data (“training 

set”) to predict gene expression levels (treated as quantitative traits) in GEUVADIS LCLs 

(lymphoblastoid cell lines) and nine GTEx pilot tissues (“test sets”). Figure 4 provides a 

Q-Q plot showing the expected (under the null, correlation between two independent 

vectors with the same sample size) and observed R2 (between observed and predicted) 

from the elastic net prediction in GEUVADIS LCLs. We find a substantial departure from 

the null distribution indicating that the elastic net model trained in DGN (equation 2 of 

Materials and Methods, with effect size estimates ) captures a significant 

proportion of the transcriptome variability. The average prediction R2 is 0.0197 for 

GEUVADIS LCLs. For GTEx tissues, the prediction R2 values are 0.0367 (adipose), 0.0358 

(tibial artery), 0.0356 (left ventricular heart), 0.0359 (lung), 0.0269 (muscle), 0.0422 

(tibial nerve), 0.0374 (sun exposed skin), 0.0398 (thyroid), and 0.0458 (whole blood). 
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Interestingly, we also find a substantial departure from the null distribution of expected 

R2 values for predicted expression using DGN weights in each of the nine GTEx tissues 

suggesting that models developed in whole blood are still useful for understanding 

diseases that affect other primary tissues (Supplemental Figure 3). Consistent with this, 

average prediction R2 is highest for whole blood as expected but the loss in power for 

other tissues is modest. 

 

 

 

Figure 4. Prediction performance of elastic net tested on a separate cohort. Using 
whole blood prediction models trained in DGN, we compared predicted levels of 
expression with observed levels on lymphoblastoid cell lines from the 1000 Genomes 
project. RNA-sequenced data (n=421) on these cell lines have been made publicly 
available by the GEUVADIS consortium. Left panel shows the squared correlation, , 
between predicted and observed levels plotted against the null distribution of . Right 
panel shows prediction performance (R2 of GReX vs. observed expression in green) 
compared to GEUVADIS gene expression heritability (h2) estimates (black with 95% 
confidence interval in gray). 
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Figure 5 illustrates the genes with some of the highest correlations from this 

analysis, providing a comparison of the predicted expression and the observed 

expression. Among these genes, both ERAP2 and its paralog ERAP1 play fundamental 

roles in MHC antigen presentation[49], immune activation and inflammation.  

We also generated prediction models trained in the DGN whole blood cohort 

that included trans-eQTLs (>1Mb from gene start or end or on a different chromosome) 

generated from linear regression (p<10–5).  We tested the predictive performance of 

these models in the GTEx whole blood cohort. While a few genes had higher 

correlations between predicted and observed expression than expected by chance, the 

departure from the null distribution was much smaller than that for the prediction 

models based on local SNPs (Supplemental Figure 4), perhaps due to the low power to 

map trans SNPs. Based on this result, in this paper we focus primarily on results based 

on local SNPs. 
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Figure 5. Examples of well-predicted genes. These plots show observed vs. predicted 
levels of 4 genes. Predicted levels were computed using whole blood elastic net 
prediction models trained in DGN data. Observed levels were RNA-seq data in 
lymphoblastoid cell lines generated by the GEUVADIS consortium. 

 

Application of PrediXcan to WTCCC  

 We applied PrediXcan to seven complex disease phenotypes from the WTCCC 

study[50]. For this purpose, we utilized the DGN whole blood elastic net prediction 

models.  We correlated the estimated genetically regulated gene expression for close to 

8700 genes with disease status for each WTCCC dataset and identified 41 significant 

associations (Bonferroni corrected p < 0.05) with five diseases (Table 1). Notably, we 

identified 29 genes associated with type 1 diabetes (T1D) risk (Table 1 and Fig. 6), 8 of 
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which were outside of the extended MHC.  Complete results for the remaining 6 

diseases are shown in Supplemental Figures 5 and 6. Consistent with the original GWAS 

of WTCCC diseases, our most significant results were for autoimmune diseases[50].  

 

  
 
Figure 6. PrediXcan results for type 1 diabetes. Complete results for our analysis of type 
1 diabetes from the WTCCC using gene expression predicted with the DGN whole blood 
predictors. Panel (a) shows association p-values based on gene position across the 
genome. Panel (b) shows the same results plotted against the null expectation in a q-q 
plot. The red line in panel (b) shows the null expected distribution of p-values. In panels 
(a) and (b), the blue line represents the bonferroni corrected genome-wide significance 



33 
threshold. The top 3 genes are labeled. Panel (c) shows the results of our GWAS 
enrichment analysis. The histogram shows the expected number of genes with a p-value 
< 0.01 based on 10,000 random permutations. The large point shows the observed 
number of previously known T1D genes that fall below this threshold. 
 

  As has been previously reported for complex autoimmune diseases[51], we 

observed genes that were associated with multiple autoimmune diseases, namely T1D, 

Crohn’s disease (CD), and rheumatoid arthritis (RA). Interestingly, the top (genome-wide 

significant) PrediXcan gene for both T1D and RA, DCLRE1B, has not been previously 

reported (in the NHGRI catalog) in either disease, but has been linked to CD, ulcerative 

colitis and inflammatory bowel disease[52]. Lower predicted expression of DCLRE1B was 

associated with increased disease risk for both RA and T1D. Interestingly, higher 

predicted expression of DCLRE1B was nominally associated with increased Crohn’s 

disease risk in our PrediXcan analysis (p = 0.001).  Similarly, PTPN22 was significantly 

(positively) associated with RA and T1D (table 1), and nominally (negatively) associated 

with CD (p-value = 0.017). Previous single variant analyses implicated PTPN22 with 

multiple autoimmune diseases including RA, T1D, CD, myasthenia gravis, and vitiligo 

according to the NHGRI catalog[3]. These results highlight the known overlap in genetic 

risk factors for autoimmune diseases.  

All genes in table 1, excluding PTPRE and KCNN4 (discussed below), have been 

either previously reported with GWAS studies, or are located in the vicinity of reported 

genes (within 1MB). About 35% of all GENCODE protein-coding genes are reported (in 

the NHGRI catalog) or within 1 MB of a reported gene as associated with a WTCCC 

disease.  For T1D, 5 out of the 29 genome-wide significant genes have been reported via 
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conventional single variant analyses (as curated by the NHGRI[3] repository of GWAS 

results). Furthermore, 21 of the genes associated with T1D in our analysis lie within the 

extended MHC (Table 1), a region that is known to be associated with disease risk[53]. 

Additionally, ERBB3, which contains SNPs previously associated with T1D in GWAS[54], 

showed a negative correlation with disease risk in PrediXcan (p < 10–11), which is 

consistent with a prior study that showed risk genotypes associated with lower 

expression of ERBB3 in PBMCs[55]. Furthermore, it has been reported that subjects with 

protective genotypes had higher percentages of ERBB3+ monocytes and dendritic cells 

leading to greater T cell proliferation[55]. These results highlight one of the key 

advantages of PrediXcan, which is to provide the direction of effect. 

The results described above highlight gene associations that attain genome-wide 

significance. Additionally, we tested for enrichment of reported disease genes among 

our PrediXcan results using less stringent significance thresholds. Reported genes were 

derived from the comprehensive NHGRI catalog of disease-associated variants identified 

using GWAS[3]. Five of the seven diseases (bipolar disorder (BD), coronary artery 

disease (CAD), CD, RA, T1D) had a significant enrichment of reported genes in the 

PrediXcan results (Figure 6C, Supplemental Figure 7). Results for other p-value 

thresholds were similar (results not shown).  These enrichment analyses on the 

PrediXcan findings suggest that among the genes that fail to meet strict genome-wide 

significance, there are likely to be true disease associations.  

In addition to the results described above for autoimmune diseases, we 

identified two potentially novel disease-associated genes. Lower predicted expression of 
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KCNN4 was associated with an increased risk of hypertension (p-value = 2.62 x 10–6, 

Table 1) and high predicted PTPRE expression was associated with increased risk of 

bipolar disorder (p-value = 7.71 x 10–7, Table 1). Interestingly, an intronic SNP in PTPRE 

was previously found to associate with response to the stimulant amphetamine[56, 57]. 

In contrast to the original WTCCC single-variant analyses[50], the PrediXcan analysis for 

bipolar disorder and hypertension produced genome-wide significant results. Additional 

studies of these genes are warranted.  

Using publically available meta-analysis results, we summarized the single-

variant association results for SNPs that are included in the prediction models for the 

top disease-associated PrediXcan genes. See Supplemental Note and Supplemental 

Table 1 for the results of this analysis.  

 We applied PrediXcan and two widely-used gene-based tests (VEGAS and SKAT) 

to WTCCC. In a Q-Q plot showing all three distributions of p-values, for genes outside of 

the HLA region, from these gene-based tests (Figure 7), SKAT had improved 

performance relative to VEGAS, and PrediXcan showed the most extreme departure 

from the null at the tail end of the distribution.  
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Figure 7. Comparison of gene-based methods.  Q-Q plot showing distribution of p-
values derived from each method (VEGAS, SKAT, and PrediXcan) for genes outside of the 
HLA region for Rheumatoid Arthritis.  

 

 To replicate our findings, we applied the DGN elastic net whole blood prediction 

models to an independent rheumatoid arthritis GWAS from Vanderbilt University’s 

BioVU repository (see Materials and Methods).  Both genes (DCLRE1B and PTPN22) that 

were found to be genome-wide significant in the WTCCC rheumatoid arthritis data were 

also significant, with concordant direction of effect, in the replication samples (p = 0.012 

and p = 0.036, respectively). 

 

Discussion 
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Gene expression, as an intermediate phenotype between genetic variation and 

higher-level phenotypes, is an important mechanism underlying disease susceptibility 

and drug response. Studies of the transcriptome in several tissues[31] have shown that 

variation in gene expression is heritable[58, 59] and can be mapped to the genome. 

Particularly, eQTL mapping provides an immediate view of the effects of genetic variants 

on the phenotype closest to genetic variation, namely transcript abundance, and thus 

promises to enable the discovery of the molecular mechanisms underlying human 

phenotypic variation[60]. Furthermore, transcriptome regulation studies facilitate the 

consideration of thousands of gene expression phenotypes in parallel, thereby enabling 

a comprehensive approach to understanding the genetic basis of complex traits[61]. In 

this study, we developed a method that explicitly utilizes the wealth of regulatory 

information derived from transcriptome regulation studies to map trait-associated loci. 

Our PrediXcan method tests the mediating effects of gene expression levels by 

quantifying the association between the genetically regulated levels of expression and 

the phenotype of interest. To implement this, we developed prediction models of gene 

expression using large-scale transcriptome study datasets (DGN, GEUVADIS, GTEx). 

(Summary statistics on samples per tissue for every data release are available from the 

GTEx portal.) After extensive testing, we chose to use the elastic net model, which 

performed similarly to LASSO, but substantially outperformed simple polygenic 

approaches. Manor and Segal[62] have published results on robust prediction of 

expression levels using K nearest neighbor (KNN) and elastic net approaches. Based on 

their conclusion that a combination of elastic net and KNN along with the use of 
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genomic annotation such as GC content can improve prediction performance, it is 

reasonable to hypothesize that the incorporation of a more comprehensive functional 

annotation approach into the PrediXcan framework can yield additional performance 

gain. 

Application of the method to WTCCC data recapitulated many known loci but 

also identified novel genome-wide significant genes. We believe that a systematic re-

analyses of GWAS datasets in comprehensive repositories such as dbGAP and the 

European Genome-phenome Archive (EGA) could provide a cost-effective approach to 

uncovering novel disease mechanisms using only existing genomic resources.  

In contrast to other gene-based tests, PrediXcan provides the direction of effect, 

which may yield opportunities for therapeutic development. The development of 

therapeutics that down-regulate a gene is generally easier to achieve than therapeutics 

that up-regulate a gene; thus, genes with expression levels that are positively correlated 

with disease risk may be more favorable drug targets for novel therapies. The direction 

of effect may also provide information to elucidate pathways and the opportunity to 

explore systems-based approaches to the development of disease. The prediction 

models can be applied to genotype data of subjects in large biobanks to investigate 

potential side-effects of drugs with specific gene targets. Finally, direction of effect can 

be used to improve the interpretation of sequence analyses of genes showing significant 

correlation of predicted expression with phenotype, since phenotypes associated with 

reduced expression of genes are more likely to show a relative excess of rare variants. 

Indeed, we believe that PrediXcan offers intriguing opportunities to combine results of 
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rare and common variant association tests within whole genome sequencing studies, 

and more generally, to combine results of rare variant gene-based tests from 

sequencing studies with results of PrediXcan gene-based tests from the large body of 

existing GWAS for the same phenotypes. Thus, PrediXcan is a method developed to 

integrate –omics data that can facilitate integration of results from common and rare 

variant studies.  

Regarding the multiple testing correction approach, here we have used 

Bonferroni correction using the total number of genes tested. In general, both single-

variant and PrediXcan analyses will be performed; thus the question that arises is how 

to address the issue of multiple testing adjustment. The prior probability for a SNP to be 

causal is much smaller than the prior probability of causality for a gene so it would not 

be fair to subject SNP tests and gene-based tests to the same level of adjustment. Since 

we are presenting only gene-based results in our application and given the highly 

conservative nature of Bonferroni correction, there is no need to further adjust our 

results. A more conservative approach would be to divide the significance threshold 

used by a factor of two for the multiple testing using gene-based and SNP-based 

approaches. 

Given the large contribution of regulatory variants on complex traits[22-24], our 

method is likely to identify causal genes. However, we do not claim causality since SNPs 

that contribute to the expression of a gene can also act through other mechanisms to 

determine the phenotype of interest. Replication and experimental validations are 

needed to determine causality. 
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 In conclusion, we presented a novel gene-based test, PrediXcan that 

incorporates functional information with regard to gene regulation to identify genes 

associated with disease traits in large GWAS or whole genome sequence datasets. Our 

method has the advantage of providing biological insights into the mechanism, namely 

regulation of gene expression, and direction of effect. This approach can be readily 

applied to existing GWAS datasets through the use of our publically available PredictDB 

resource. We further show the utility of our approach by identifying and replicating a 

number of novel candidate associations within the previously analyzed WTCCC dataset. 
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Table 1. Top PrediXcan results for WTCCC using DGN whole blood prediction models. 
PrediXcan results for bonferroni significant gene associations. To account for multiple 
testing, we used a significance threshold of 5.76x10–6 for all diseases. Chromosome and 
gene start position are based on GENCODE version 12. The cross validated prediction R2 
between predicted and observed gene expression is based on 10-fold cross validation 
within the DGN whole blood sample. 
 

Dise
ase Gene Evide

nce 
C
hr TSS 

Predi
Xcan 

Z-
Statis

tic 

Predi
Xcan 

P-
value 

No. 
of 

SNPs 
in 

Predi
ctor 

Cross Validated 
Prediction R2 

RA DCLRE
1B V 1 114,44

7,763 -6.68 2.46E
-11 4 0.0388 

RA PTPN2
2 G 1 114,35

6,433 5.67 1.44E
-08 32 0.0795 

BD PTPRE   1
0 

129,70
5,325 4.94 7.71E

-07 38 0.0355 

CD ATG1
6L1 G 2 234,11

8,697 6.37 1.94E
-10 20 0.0638 

CD IL23R G 1 67,632,
083 5.23 1.74E

-07 38 0.0378 

CD APEH V 3 49,711,
435 5.14 2.77E

-07 31 0.1164 

CD ZNF30
0 G ‡ 5 150,27

3,954 -4.98 6.29E
-07 34 0.0387 

CD NKD1 G 1
6 

50,582,
241 -4.91 8.91E

-07 43 0.0693 

CD BSN G ‡ 3 49,591,
922 -4.68 2.89E

-06 39 0.2336 

CD GPX1 V 3 49,394,
609 -4.62 3.87E

-06 28 0.0211 

CD SLC22
A5 G ‡ 5 131,70

5,444 -4.54 5.75E
-06 42 0.6356 

HT KCNN
4   1

9 
44,270,

685 -4.7 2.62E
-06 81 0.4655 

T1D DCLRE
1B V 1 114,44

7,763 -7.84 4.34E
-15 4 0.0388 

T1D ZNF16
5 M 6 28,048,

753 7.3 2.92E
-13 19 0.0374 

T1D ERBB3 G 1
2 

56,473,
641 -6.81 1.01E

-11 9 0.2206 
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T1D EGFL8 H 6 32,132,

360 6.33 2.52E
-10 36 0.0558 

T1D C6orf
136 H 6 30,614,

816 -6.33 2.52E
-10 15 0.0137 

T1D HCG2
7 H 6 31,165,

537 -6.33 2.52E
-10 81 0.3721 

T1D GTF2
H4 H 6 30,875,

961 6.33 2.52E
-10 69 0.0982 

T1D DDR1 H 6 30,844,
198 6.33 2.52E

-10 48 0.1427 

T1D AGER H 6 32,148,
745 -6.33 2.52E

-10 39 0.0502 

T1D POU5
F1 H 6 31,130,

253 6.33 2.52E
-10 45 0.2874 

T1D ATP6V
1G2 H 6 31,512,

239 6.33 2.52E
-10 95 0.2543 

T1D TUBB H 6 30,687,
978 6.33 2.52E

-10 56 0.0295 

T1D AIF1 H 6 31,582,
961 6.33 2.52E

-10 34 0.039 

T1D CYP21
A2 H 6 32,006,

042 -6.33 2.52E
-10 80 0.229 

T1D LSM2 H 6 31,765,
173 6.33 2.52E

-10 31 0.0317 

T1D VARS2 H 6 30,876,
019 6.33 2.52E

-10 87 0.3628 

T1D APOM H 6 31,620,
193 -6.33 2.52E

-10 58 0.0699 

T1D DDAH
2 H 6 31,694,

815 -6.33 2.52E
-10 32 0.1943 

T1D NCR3 H 6 31,556,
672 -6.33 2.52E

-10 79 0.2548 

T1D ZSCAN
16 M 6 28,092,

338 6.16 7.37E
-10 34 0.0291 

T1D ZKSCA
N4 M 6 28,212,

401 6.15 7.73E
-10 17 0.0991 

T1D PTPN2
2 G 1 114,35

6,433 5.83 5.41E
-09 32 0.0795 

T1D RPS26 G ‡ 1
2 

56,435,
637 5.82 6.00E

-09 23 0.0719 

T1D GDF1
1 V 1

2 
56,137,

064 -5.75 9.11E
-09 39 0.0341 

T1D SUOX G ‡ 1
2 

56,390,
964 -5.47 4.49E

-08 50 0.1339 



43 
T1D BTN3

A2 M 6 26,365,
387 -5.11 3.30E

-07 49 0.7662 

T1D PRSS1
6 M 6 27,215,

480 4.83 1.34E
-06 31 0.1639 

T1D FAM1
09A V 1

2 
111,79

8,339 -4.76 1.94E
-06 17 0.0665 

T1D SH2B3 G 1
2 

111,84
3,752 4.67 3.05E

-06 26 0.0368 

Evidence: H= HLA-region genes on chromosome 6p21; M=extended Major 
Histocompatibility Complex; G=Genes previously reported to be associated with 
disease risk in the NHGRI GWAS catalog excluding studies with WTCCC samples; G‡= 
reported in studies including WTCCC samples; V= in vicinity of genes of reported gene 
(1MB). 

 

 

Methods 

Genomic and Transcriptomic Data 

DGN RNA-Seq Dataset 

 We obtained whole blood RNA-Seq[63] and genome-wide genotype data for 922 

individuals from the Depression Genes and Networks cohort[45], all of European 

ancestry. For our analyses, we used the HCP (hidden covariates with prior) normalized 

gene-level expression data used for the trans-eQTL analysis in Battle et al.[45] and 

downloaded from the NIMH repository. Approximately 650K SNPs (minor allele 

frequency [MAF] > 0.05, Hardy-Weinberg Equilibrium [P > 0.05], non-ambiguous strand 

[no A/T or C/G SNPs]) comprised the input set of SNPs for imputation, which was 

performed on the University of Michigan Imputation-Server[64, 65] with the following 

parameters: 1000G Phase 1 v3 ShapeIt2 (no singletons) reference panel, SHAPEIT 

phasing, and EUR population. Non-ambiguous strand SNPs with MAF > 0.05, imputation 

R2 > 0.8 were retained for subsequent analysis. To reduce computational burden in the 
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application to WTCCC, we used models developed on the HapMap Phase II subset of 

SNPs. 

GEUVADIS RNA-Seq Dataset 

We obtained freely available RNA-Seq data from 421 lymphoblastoid cell lines 

(LCLs) generated by the GEUVADIS consortium[44] and genotype data generated by the 

1000 Genomes project. We used GEUVADIS as a validation dataset to test the gene 

prediction models generated in the DGN cohort.  

GTEx RNA-Seq Datasets 

We used the nine tissues with the largest sample size in the Genotype-Tissue 

Expression (GTEx) Pilot Project[30] to test the gene prediction models generated in the 

DGN cohort. Tissue samples included subcutaneous adipose (n=115), tibial artery 

(n=122), left ventricle heart (n=88), lung (n=126), skeletal muscle (n=143), tibial nerve 

(n=98), skin from the sun-exposed portion of the lower leg (n=114), thyroid (n=112), and 

whole blood (n=162). In each tissue, normalized gene expression was adjusted for 

gender, the top 3 principal components (derived from genotype data), and the top 15 

PEER factors (to quantify batch effects and experimental confounders)[66]. We used 

GTEx to test the portability of predictors developed in whole blood (from the DGN 

cohort) across a wide variety of tissues. 

Additive model for gene expression traits 

 We use an additive genetic model to characterize gene expression traits:   

  (1) 
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where Yg is the  expression trait of gene g, wk,g is the effect size of marker k for gene g, 

Xk is the number of reference alleles of marker k, and ϵ is the contribution of other 

factors that determine the expression trait assumed to be independent of the genetic 

component. We note that the summation in model (1) is the genetically determined 

component of gene expression (i.e., ).  

Effect sizes (wk,g) in model (1) can be estimated using multiple approaches. In 

this paper we compare penalized approaches such as LASSO (Least Absolute Shrinkage 

and Selection Operator)[47]  and the elastic net[48] as well as the more naive simple 

polygenic score estimates. However, other statistical machine learning approaches[67], 

such as Random Forest[68] or OmicKriging[69], can be used within the PrediXcan 

framework to develop prediction models.  

The heritability of gene expression defines an upper bound to how well we can 

predict the trait. We estimated the narrow-sense heritability for each gene using a 

variance component model with a genetic relationship matrix (GRM) estimated from 

genotype data, as implemented in GCTA[21]. No pair of subjects from the 922 

individuals in DGN shared genetic relatedness ( ) in excess of 5% and thus all were 

included in the narrow-sense heritability estimation. SNPs in the vicinity of each gene 

(within 1Mb of gene start or end, as defined by the GENCODE[70] version 12 gene 

annotation), with MAF > 0.05, and in Hardy-Weinberg Equilibrium (P > 0.05) were used 

to construct the GRM for each gene. We calculated the proportion of the variance of 

gene expression explained by these local SNPs using the following mixed-effects 

model[24]: 
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where Y is a gene expression trait and b a vector of fixed effects. Here  is the GRM 

calculated from the local SNPs, and (the random effect)  denotes the genetic 

effect attributable to the set of local SNPs with var ( ) = . In this paper 

we focus on the component of heritability driven by SNPs in the vicinity of each gene 

since the component based on distal SNPs could not be estimated with enough accuracy 

to make meaningful inferences. 

Estimation of the genetic component of gene expression levels (GReX) 

In the simple polygenic score approach, we estimate wk as the single-variant 

coefficient derived from regressing the gene expression trait Y on variant Xk (as 

implemented in the eQTL analysis software Matrix eQTL[71]) using the reference 

transcriptome data. This yields an estimate, , for a GWAS study sample, of the 

(unobserved) genetically determined expression of each gene g:  

 (2) 

In this implementation of polygenic score, we include all SNPs (regardless of 

linkage disequilibrium [LD]) that are associated with the expression level of the gene at 

a chosen p-value threshold in the prediction model. 

In contrast, LASSO uses an L1 penalty as a variable selection method to select a 

sparse set of (uncorrelated) predictors[47] while the elastic net linearly combines the L1 

and L2 penalties of LASSO and ridge regression respectively to perform variable 
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selection[48]. We used the R package glmnet to implement LASSO and elastic net with 

=0.5.  

For each gene, LASSO, the elastic net and the simple polygenic score were used 

to provide an estimate of  (using equation 2, with the effect size estimates  

,  and , respectively). We included only local SNPs (within 1Mb of the gene start 

or end). In order to determine the optimal modeling method, we compared the 10-fold 

cross-validated prediction R2 (the square of the correlation between predicted and 

observed expression) for the simple polygenic score ( ) at several p-value 

thresholds (single top SNP, 1x10–4, 0.001, 0.01, 0.05, 0.5, 1) with that from LASSO 

( ) and elastic net ( ).  

We also compared the 10-fold cross-validated prediction R2 from elastic net 

models with different starting SNP sets from the DGN genotype imputation (4.6M 1000 

Genomes Project SNPs (MAF>0.05, R2>0.8, non-ambiguous strand), the 1.9M of these 

SNPs that are also in HapMap Phase II, and the 300K of these SNPs that were genotyped 

in the WTCCC).  

Performance of transcriptome prediction in independent cohorts 

We tested the feasibility of predicting the transcriptome (i.e., estimating the 

genetic component of each gene expression trait,  in an independent test 

transcriptome dataset) using the elastic net effect sizes trained in the DGN whole blood 

data (n=922). For the test sets, we used independent RNA-Seq datasets from 421 LCL 

cell lines from the 1000 Genomes project generated by the GEUVADIS consortium[44] 
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and the nine tissues from the GTEx pilot project[30] (see Supplemental Figure 3). To 

assess performance, we used the square of the Pearson correlation, R2, between 

predicted and observed expression levels.  

PrediXcan in the WTCCC GWAS Datasets  

To illustrate the method, we applied gene prediction models (derived from 

whole blood)  consisting of DGN elastic net predictors to the seven WTCCC disease 

studies -- bipolar disorder (BD), coronary artery disease (CAD), hypertension (HT), type 1 

diabetes (T1D), type 2 diabetes (T2D), Crohn’s disease (CD), and rheumatoid arthritis 

(RA)[50] . Genotypes imputed to the 1000G reference sets were used. Imputation was 

done using the University of Michigan Imputation-Server and the same parameters as 

described for the imputation of DGN data. For each disease, cases and controls (1958 

Birth Cohort and the UK Blood Service Cohort) were jointly imputed to avoid subtle 

differences between cases and controls not attributable to disease risk. We excluded all 

SNPs with an imputation R2 < 0.8 and for computational speed we kept only the 

HapMap Phase II subset of SNPs. 

For each WTCCC disease, we estimated , and tested it for association 

with disease risk using logistic regression in R (R-project.org). We restricted our 

PrediXcan analysis to include genes with a cross-validated prediction R2 > 0.01 (10% 

correlation) in the DGN sample.  Because the WTCCC studies use shared controls, 

pleiotropy analyses using these datasets would not be straightforward, and comparison 

of results across diseases was avoided. 
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GWAS Enrichment analysis 

 Relative to recent association studies, the WTCCC has a small sample size (~2,000 

cases and ~3,000 controls per disease). Thus, even with our novel method and a 

reduced multiple testing burden, our ability to detect numerous novel gene associations 

may be limited. Alternatively, we tested each disease for an enrichment of known 

disease genes identified from the NHGRI GWAS Catalog[3]. For each disease, we used 

the reported genes from the GWAS catalog as the set of known disease genes. We 

excluded studies listed in the NHGRI GWAS catalog that included the WTCCC samples in 

order to make sure our known gene lists were independent from the current analysis. 

We then counted the number of known disease genes that had a PrediXcan p-value 

below a given threshold. We compared this to the null expectation based on 10,000 

randomly drawn gene sets of similar size to the known disease gene set to derive an 

enrichment p-value. We tested enrichment using PrediXcan p-value thresholds of 0.05 

and 0.01.  

Comparison to large single variant meta-analyses 

 For the top PrediXcan results in the WTCCC, we cross-referenced the SNPs in the 

prediction models for these genes with the publically available single-SNP meta-analysis 

summary results. We excluded T1D from this analysis because, to our knowledge, there 

are no publically available meta-analysis studies of this disease. We used meta-analyses 

results for systolic and diastolic blood pressure as a proxy for hypertension. For CD, RA, 

and BD we were able to use meta-analyses for the same diseases (CD[72], RA[73], and 

BD[74]). 
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Comparison of gene-based tests (PrediXcan, SKAT, VEGAS) 

 We compared the results derived from PrediXcan with those from two widely-

used gene-based tests, namely VEGAS[75] and SKAT[76, 77]. VEGAS aggregates 

information from the full set of SNPs within a gene and accounts for LD using 

simulations from the multivariate normal distribution. SKAT is a kernel-based 

association test that evaluates the regression coefficients of the SNPs within a gene by a 

variance component score test in a mixed model framework.  We generated BED-

formatted files for SNPs and genes (as defined by GENCODE v12) and mapped SNPs that 

met post-imputation QC parameters to gene regions using bedtools. The use of an 

offline Perl implementation for VEGAS allowed us to examine the dependence of the 

results from this approach on LD information through the use of the actual genotype 

data (versus the default HapMap CEU reference panel data). We developed an R-based 

pipeline that invokes the SKAT package (version 1.0.1) that is publicly available from 

CRAN. We generated a Q-Q plot showing the distribution of gene-level p-values for 

association with RA (for genes outside the HLA region) derived from each gene-based 

test to test for systematic departure from the null expectation (of uniform p-values).  

Replication of PrediXcan findings 

 We selected individuals from Vanderbilt University’s BioVU repository with a 

diagnosis of rheumatoid arthritis[73] using a previously validated algorithm for 

identification of RA cases with a reported positive predictive value of 0.94 and sensitivity 

of 0.87, as previously described[78]. This trained machine learning classifier was applied 

to records with at least one International Classification of Diseases, 9th edition code for 
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rheumatoid arthritis to identify true RA cases. RA positive individuals identified by this 

algorithm were genotyped on two platforms: 833 using the Illumina OmniExpress + 

Exome chip and 1408 using the Illumina Omni 2.5 BeadChip.  A total of 2650 samples 

from the Illumina Genotype Control set genotyped on Illumina HumanMap550v1/v3 

were used for controls. We used the following QC thresholds: sample call rate > 0.98, 

SNP call rate > 0.99, MAF > 0.05, HWE p-value > 10–3. Imputation was performed using 

IMPUTE2 with the 1000 Genomes phase 1 v3 European samples as the reference panel, 

phasing was done with SHAPEIT, and SNPs with imputation quality score (“INFO”) > 0.50 

were retained. To replicate the PrediXcan RA findings that meet genome-wide 

significance, we utilized the DGN whole blood elastic net prediction models (as we had 

done in the discovery WTCCC data). We estimated the genetically regulated gene 

expression level  in the replication samples and performed logistic regression 

with disease status. 

 

The Supplementary Material is available in the online version of this article. 
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Chapter 3 

Testing the regulatory landscape of a gene 
using set-based approaches: application to 

autism spectrum disorder 
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Abstract 

 The recent comprehensive efforts to catalog human genetic variation and their 

functional consequences have resulted in a deluge of data that hold promise for 

furthering our understanding of the genetic basis of disease. Here we develop and 

explore gene-based methods that exploit the growing amount of functional data – 

derived from recent studies of gene regulation in a variety of tissues as well as from 

studies to better characterize protein-altering variants in the genome. In contrast to 

conventional gene-based tests, these methods test the larger regulatory landscape of a 

gene and explicitly utilize current knowledge of function in the genome. A variance-

component method evaluates the overall evidence for the gene using the distribution of 

genetic effects for different types of SNP functional categories; its power comes, in part, 

from facilitating joint analyses of different categories of function in the genome. A 

second method utilizes reference transcriptome panels to impute the genetic 

component of gene expression in GWAS samples despite lack of directly measured gene 

expression data, facilitating investigation of the tissue specificity of implicated genes; it 

provides a powerful test of gene expression as a mechanism underlying an observed 

association. Using two independent GWAS studies of autism spectrum disorders, 

expression quantitative trait loci data in cerebellum and parietal cortex and gene 

expression prediction models generated using transcriptomes in hypothalamus and 

hippocampus, we identified and replicated several genes from an application of these 

methods. Notably, our study highlights the role of telomerase biogenesis and regulation 

in psychiatric traits. We investigated connections with (and compared our results to 
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those derived from) Mendelian randomization and BLUP-derived prediction models. 

Finally, we present a test that combines the two methods. The approach we present has 

important implications for the integration of diverse omics data into GWAS of complex 

traits and promises to reorient genome analysis of disease towards functional 

characterization. 

 

Introduction 

Despite the vast catalog of human genetic variation[2] that has been amassed in 

the past decade and the large-scale systematic efforts[79-81] to document their 

functional consequences, the exploration of methods to inform the interpretation of 

how genetic variation influences disease remains a paramount challenge. Genome-wide 

association studies (GWAS) have identified genetic variation at thousands of loci 

associated with a wide array of human diseases[3], but the precise mechanisms for the 

observed associations remain largely unexplained. Here we explore the use of gene-

based methods that explicitly utilize the growing amount of functional data that have 

been generated, for the robust discovery of disease-associated loci, focusing on a 

complex neuropsychiatric trait that has been largely intractable and has become a major 

public health concern. Instead of relying solely on the functional annotations of 

individual variants, these methods assess the overall evidence for the association with 

the trait using the variants that belong to the regulatory landscape of the gene.  One 

important difference between a conventional gene-based test and the methods we 

describe here is that non-genic SNPs with presumed regulatory function – which can be 
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quite distant from the gene (such as the FTO [enhancer] SNP that belongs to the 

regulatory landscape of IRX3)[5] – may be included in the test for the target gene.  

Over the past several years , there has been substantial progress made in the 

genetic study of autism spectrum disorders (ASD), including the discovery that ASD is 

highly heritable and polygenic, with risk spread over many hundreds or thousands of 

DNA variants across the genome[82]. GWAS utilizing sample sizes in the low thousands 

provide only weak and inconsistent evidence for the identification of individual risk 

alleles. Among common psychiatric conditions with genetic architecture similar to 

autism, only schizophrenia, for which larger numbers of cases have been amassed (i.e. 

>25,000), has generated large numbers (>100) of significantly associated and 

consistently replicated loci[19, 83], suggesting that GWAS of ASD are still underpowered 

to identify individual risk alleles that survive multiple testing correction.  

Despite small sample sizes and low statistical power to detect associations at a 

stringent threshold of genome-wide significance, studies from our group showed that 

nominally associated results from a large family-based test of ASD association[84] are 

enriched for risk alleles that are also associated with gene expression (i.e., expression 

quantitative trait loci, eQTL) in disease-relevant brain tissues, but are not enriched for 

risk alleles associated with gene expression in lymphoblastoid cell lines (LCLs)[85]. 

Similar findings have been published for non-neuropsychiatric diseases, including Type 2 

diabetes, in which modest association results show enrichment for variants also 

associated with gene expression in adipose and muscle, but not in LCLs[86].  
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Furthermore, genetic studies of ASD have posited an important role for rare 

variants in the etiology of the disease[87]. Statistical approaches that facilitate the joint 

analysis of rare variants (such as from exome sequencing studies) have thus been the 

subject of active research[88]. In particular, uncovering the allele frequency spectrum of 

disease variants[89, 90] (i.e., the relative contribution of rare and common variants) has 

informed the strategy of numerous association studies of complex traits and diseases. 

These developments help to motivate the implementation and application of the gene-

based approaches described in this manuscript. Here we focus on methods, which, 

instead of testing all SNPs in the genome (a large number of which are likely to have no 

association with the phenotype), requires only a subset of SNPs that alter the sequence 

of the encoded protein (i.e., missense, nonsense or frameshift) as well as those SNPs, 

possibly non-coding and/or distal, that have regulatory function on transcription (i.e., as 

cis-acting eQTLs)[15] in a disease-relevant tissue. Previous studies have sought to use 

functional information in the context of individual variant analyses[91, 92] and some 

have suggested to combine individual variants into gene-based tests to increase 

power[88, 93, 94]. We hypothesized that combining these two approaches would be a 

great improvement and we show here how to implement this using methods with very 

distinct implementations and points of emphasis. First, in  a variance-component 

method implemented here, fQTL-SCAN, non-synonymous variants and eQTLs were 

assigned to the genes that they regulate and tested for their distribution of genetic 

effects, but we note the method can be extended to incorporate other SNP functional 

categories (e.g., DNase I hypersensitive sites or transcription factor binding sites). 
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Second, in another method that we had recently published[10] and that we extended 

here, PrediXcan, we imputed the genetic component of gene expression for the GWAS 

samples using a reference panel of tissues (GTEx)[31, 79] derived from brain, allowing us 

to identify gene expression associations despite the lack of directly measured gene 

expression data. Here we apply this approach to the discovery of genes associated with 

ASD as an illustration, but note that the approach we take can be applied to any 

phenotype for which a relevant tissue, in which to conduct eQTL mapping, exists. Our 

study is made more relevant by the availability of eQTL data in an increasingly 

comprehensive set of tissues[79] as well as the improved characterization of protein-

altering variants (such as loss-of-function SNPs) within the context of sequencing 

(whole-genome or exome) studies[95, 96]. 

 

Results 

Gene set annotations for fQTL-SCAN 

 We generated functional annotations that incorporate the cis-eQTLs identified in 

cerebellum and parietal cortex and the non-synonymous exonic variants for use in the 

kernel-based fQTL-SCAN (see Methods). These functional annotations provide a 

framework for grouping these SNPs into biologically meaningful units (in this case, 

genes). Supplementary figure 1 shows the minor allele frequency (MAF) distribution for 

these SNPs in the SSC dataset (see “GWAS discovery and validation data” in Methods for 

a description). We also investigated the relationship between MAF and effect size (as 
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derived from the single-variant analysis of the SSC GWAS) for the most significant (p < 

0.001) cis-eQTLs and non-synonymous SNPs (Supplementary figure 2) in order to inform 

the parameters for the simulation experiments we conducted to evaluate the power of 

the fQTL-SCAN method (see Methods). There was (perhaps as expected) a significant 

correlation (spearman rho=0.14, p < 2.2x10-16, Supplementary figure 3 in SSC) between 

the length of a gene and the number of SNPs annotated to the gene (some of which may 

be at considerable distance from the gene’s transcription start or end site). 

Supplementary figure 4 (panel A) shows the distribution of the number of annotated 

markers for the genes. Since the gene-based methods incorporate non-genic 

(regulatory) SNPs and the SNP weights in the test statistic may be assigned using MAF, 

we compared the MAF distribution of genic SNPs to non-genic SNPs in the SSC data 

(Supplementary figure 5) and found the genic SNPs to have lower median MAF (0.186 

versus 0.194, Mann-Whitney U test p < 2.2x10-16). 

fQTL-SCAN association results 

  Using fQTL-SCAN, we found a genome-wide significant (under Bonferroni 

adjustment) gene association (TTC22, p = 4.3x10-6) in SSC, which replicated (p = 0.01) in 

AGRE (see “GWAS discovery and validation data” in Methods for a description). A near 

genome-wide significant association was found for MYL5 (p = 7.8x10-6) in SSC, which 

replicated (p = 0.03) in AGRE. There was a small but significant negative correlation 

(spearman rho = -0.05, p = 8.7x10-14, Supplementary figure 4 panel B) between the 

number of annotated markers and the p-value for the gene in SSC.  
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Figure 1.  Q-Q plot and manhattan plot from the fQTL-SCAN analysis.  The left panel 
shows the association p-values from the application of fQTL-SCAN to the SSC GWAS 
data. Several thresholds (FDR < 0.05, 0.10 and 0.25; Benjamini-Hochberg procedure) are 
shown. Notably, several genes meet FDR < 0.05. The right panel shows the 
corresponding manhattan plot from this analysis. 

 

 Figure 1 shows the QQ-plot and the Manhattan plot (the latter generated using 

the R package qqman) for the gene-level results from the fQTL-SCAN analysis in the SSC 

dataset. We note that Bonferroni adjustment is generally too stringent. Using the 

Benjamini-Hochberg procedure, we identified several additional genes with FDR < 0.05 

(Figure 1). Clearly, genes with only one annotated variant would yield no improvement 

over single-variant tests. We therefore evaluated the extent to which our top findings 
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were driven by a small number of SNPs. Figure 2 illustrates the distribution of p-values 

in SSC from fQTL-SCAN, stratified by the number of annotated variants. Notably, the 

enrichment for low gene-level p-values was observed for genes with 10 or more 

annotated variants (indeed, even for genes with 20 or more, this enrichment for low p-

values was observed, although, as expected, the number of such genes was greatly 

reduced). 

  

  

 

Figure 2. Q-Q plot by number of annotated variants. The figure illustrates the 
distribution of p-values in SSC from fQTL-SCAN, stratified by the number of functionally 
annotated variants. Several FDR threshold are shown as well as the Bonferroni threshold 
(shown as a horizontal line). The enrichment for low gene-level p-values was observed 
for genes with 10 or more annotated variants (indeed, even for genes with 20 or more, 
this enrichment for low p-values was observed, although, as expected, the number of 
such genes was greatly reduced). 
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The choice of weights can result in a substantial difference in power. Indeed, in 

contrast to the weight scheme  (which assigns higher weights to the 

variants, primarily the coding SNPs, at the rare end of the frequency spectrum), the 

weight scheme  (which assigns equal weights to the coding SNPs and 

eQTLs) showed no departure from the null (Figure 3) in SSC. (The use of a widely-used 

scheme, , which is equivalent to the so-called Madsen & Browning 

weighing procedure[97] and is expected to capture both common and rare variants, 

yielded no significant signal [Supplementary figure 6] in SSC.) We found that a weight 

scheme based on the C-score metric (of SNP pathogenicity) (Supplementary figure S7) 

shows greater (Spearman) correlation ( , p < 2.2x10-16) with the uniform 

weight scheme  than with  ( , p < 2.2x10-16) 

(Supplementary figures 8 and 9 respectively).  
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Figure 3. Effect of weight scheme. In contrast to the weight scheme  
(which assigns higher weights to the functionally annotated variants, primarily the 
coding SNPs, at the rare end of the frequency spectrum, and is shown in the top panel), 
the weight scheme  (which assigns equal weights to the coding SNPs 
and the cis-eQTLs and is shown in the bottom panel) showed no departure from the 
null.  

 

PrediXcan-derived gene expression models in brain 

 We conducted PrediXcan analysis (see Methods) using the hypothalamus and 

hippocampus transcriptome data (RNA-Seq) made available by the GTEx Consortium. 

The method tests the combined effect of the SNP predictors of gene expression that 

were identified through regularized regression (i.e., elastic net with α = 0.5; see 

Methods) by correlating the imputed genetically regulated component of gene 

expression with phenotype. Under this approach, a coding variant is not necessarily 
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included in the prediction model unless it also shows evidence for regulatory function 

(specifically as a predictor of the gene expression trait within the penalized regression 

framework). Figure 4 (top panel) shows the distribution of the size of the gene 

expression prediction models in each tissue. The performance prediction on the genetic 

component of gene expression is determined by the heritability of the gene expression 

trait, which provides an upper limit on how well the genetic component can be 

estimated. Figure 4 (middle panel) shows the distribution of the (cis) heritability of gene 

expression, which was estimated using restricted maximum likelihood within a mixed-

effects model (see Methods), in each tissue. The plot includes only the genes for which a 

significant (nominal p < 0.05) heritability could be estimated. Figure 4 (bottom panel) 

shows that there is a small but significant correlation, in each tissue, between the 

heritability of the gene expression phenotype and the number of predictors/features for 

the corresponding gene model.  
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Figure 4. Gene expression prediction models in hypothalamus and hippocampus. The 
top panel shows the distribution of the size of the gene expression prediction models in 
each tissue. The middle panel shows the distribution of the (cis) heritability of gene 
expression, which was estimated using restricted maximum likelihood within a mixed-
effects model. The bottom panel shows that there is a small but significant correlation, 
in each tissue, between the heritability of the gene expression phenotype and the 
number of predictors/features for the corresponding gene model. 

 

PrediXcan association results 
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Figure 5. Q-Q plot from the PrediXcan analyses in hypothalamus and hippocampus. 
Shown are the QQ-plots for the hypothalamus and hippocampus results from the 
PrediXcan association analysis in SSC. 

 

Figure 5 provides the QQ-plot for the hypothalamus and hippocampus results 

from the PrediXcan association analysis in SSC. Six genes were genome-wide significant 

(under Bonferroni adjustment) in SSC using the hypothalamus gene expression models: 

GTF2H2 (p = 1.7x10-14), CCNL2 (p = 6.4x10-9), ABCC6 (p = 1.6x10-8), NVL (p = 3.0x10-8), 

SMN2 (p = 2.31x10-6) and IL16 (p = 2.35x10-6). Increased expression of NVL or ABCC6 and 

decreased expression of the remaining genes are associated with increased disease risk. 

The gene NVL replicated (p = 0.04) in the independent AGRE dataset with consistent 

direction of effect using the same gene expression models in hypothalamus. In contrast, 

one gene reached significance (under Bonferroni adjustment) using the hippocampus 
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prediction models in SSC. Overall, the p-values for the two tissues were modestly but 

significantly correlated (spearman rho = 0.086, p = 1.2x10-7). Collectively, these results 

derived from the two brain regions show the tissue specificity of the PrediXcan results. 

  “Mendelian randomization” (i.e., a 2-sample instrumental variable approach; 

see Methods[98]) is akin to PrediXcan for genes with a single annotated eQTL SNP (here 

treated as the instrumental variable) in the prediction model. No gene-trait pair was 

found to be significant (at less stringent FDR < 0.10, Benjamini-Hochberg procedure) in 

the SSC dataset from this analysis. Furthermore, we tested for association now using the 

Best Linear Unbiased Prediction (BLUP) of SNP effects or, equivalently, the ridge 

regression estimator under a particular penalty (see Methods). No significant gene-level 

association was found (FDR < 0.10, Benjamini-Hochberg procedure) in the SSC dataset. 

Taken together, these results demonstrate that the PrediXcan approach performs at 

least as well as these alternative approaches given the genetic architecture of the trait. 

Baseline aggregation test results 

For the aggregation test (See Supplementary Methods), the most significant 

association discovered was ZNF204P (p = 2x10-5) within the AGRE/iControl analysis and 

ITFG2 (p = 2x10-5) within the SSC/SAGE analysis; neither result exceeded the threshold 

for genome-wide significance. However, upon meta-analysis, three genes were found to 

exceed genome-wide significance including ITFG2 (p = 1.01x10-6), MTHFD2 (p = 1.05x10-

6), and ZNF2 (p = 1.83x10-6).  

Overall type I error and power 
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 We examined whether the fQTL-SCAN test controlled type I error. We first 

evaluated the use of the p-value from the asymptotic distribution. Using genotype data 

of the SSC GWAS dataset for the cis-eQTLs and non-synonymous polymorphisms 

annotated to the genes on chromosome 22 , we compared the empirically derived p-

values (from 10,000 permuted datasets obtained by shuffling the disease status while 

preserving the correlation among the disease status and covariates and while preserving 

the genotype correlation structure during the association analysis) with the theoretically 

derived p-values (calculated from the theoretical [mixture of chi-squared] distribution). 

The empirical p-values and the theoretical p-values for all genes in the chromosome 

tracked each other well (Spearman correlation = 0.99, p < 2.2x10-16, Supplementary 

figure 10).  

We quantified the fQTL-SCAN type I error rate and observed that the proportion 

of permuted datasets (n = 10,000) with p < 0.05 averaged across all null genes was 

0.048, matching the threshold. Supplementary table 1 shows the corresponding 

proportions of the permuted datasets at varying p-value cutoffs, indicating that type I 

error rate for the method was maintained. 

Next, we evaluated the type I error rate for PrediXcan evaluating the genetic 

component of gene expression imputed in the SSC samples using the gene expression 

prediction models generated from the hypothalamus transcriptome data. We 

performed logistic regression with the 10,000 permuted phenotypes (while preserving 

the correlation among the disease status and the covariates and while preserving the 

correlation structure between genes of their imputed genetically determined 
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component). Supplementary table 1 summarizes the results from this analysis, showing 

that the type I error rate for this method was also maintained. 

 We performed power analysis under PrediXcan (see Methods), varying the 

GWAS sample size and effect size (defined as the difference in mean of the genetic 

component of gene expression between cases and controls) and assuming α = 10-6 for 

the level of the test. Supplementary figure 11 illustrates the effect on power of different 

values of gene-based effect size and GWAS sample size. PrediXcan assumes a reference 

transcriptome dataset, which is used to train the tissue-dependent gene expression 

prediction models and which makes direct comparison with fQTL-SCAN difficult. We 

evaluated the power for fQTL-SCAN assuming k = 3 and 5 independent causal variants 

for a gene where all annotated variants were causal (see Methods), comparing the 

equal-weight scheme and the default weight scheme. The ROC curves in Supplementary 

figure 12 show the relationship between power and the level of the test and the 

dependence of power on the weight scheme. We then performed more complex 

simulations that explicitly utilized haplotypes that reflect the linkage disequilibrium 

pattern and population history of Europeans under different values (2%, 10% and 20%) 

for the sparsity of the causal variants (i.e., the proportion of causal variants among the 

functionally defined SNPs annotated to the gene). We tested several different scenarios 

for the effect size of a causal, functionally annotated SNP as a function of MAF 

(Supplementary figure 2) and found that the default choice in the SKAT simulations (i.e., 

the log relationship with constant of proportionality of 0.40) was slightly conservative 

when applied to the functional data (Supplementary figure 2) and indeed the genetic 
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architecture of the trait, as encoded in the relationship between effect size and MAF, 

could have substantial impact on the power of the test (see, for example, 

Supplementary figure 13 panel A, which assumes 10% causal variants and is restricted to 

the functionally annotated variants within the core gene region). We then fit a linear 

regression model between effect size and log10-transformed MAF using the functionally 

annotated SNPs in the actual (SSC) data (with p < 0.001 with disease status in the actual 

data, which should contain some truly associated SNPs) for use in the simulations; 

Supplementary figure 13 panel B indicates how much gain in power (at α = 10-6) could 

be achieved through the use of the functionally annotated variants versus all variants 

over the extended region (spanning 50 kb upstream and downstream of the core 3 kb 

gene region) and shows the importance of the use of functional annotation particularly 

for studies with small sample size. Assuming that 10% of the annotated variants were 

causal, we quantified the substantial gain in power (at α = 10-6) from the use of the 

extended gene region over that of the core region (Supplementary figure 14). Finally, 

assuming varying levels of sparsity, figure 6 panel A summarizes the power of the 

method. 
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Figure 6. fQTL-SCAN power under varying levels of sparsity and  PrediXcan power 
assuming different effect sizes. The left panel shows the power from fQTL-SCAN 
assuming different percentages of causal variants (2%, 10%, 20%) among the 
functionally annotated variants. The right panel shows the power from PrediXcan under 
different effect sizes (the difference in mean expression between cases and controls 
divided by the pooled standard deviation).  

 

Functional validation 

 We sought additional validation of our findings by re-analyzing a publicly 

available dataset of mRNA expression profile in blood-derived lymphoblastoid cells 

(LCLs) from males with autism and non-autistic controls[99]. TTC22 (which was genome-

wide significant from fQTL-SCAN) significantly differed in expression in LCLs between 

cases and controls with higher expression levels in controls (p = 0.049) while MYL5 

showed higher expression levels in cases (p = 0.003). 
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The gene ITFG2 showed a significant reduction in expression in autistic males 

relative to controls (p = 0.001). MTHFD2 showed significantly higher expression in cases 

than in controls (p = 0.002). 

Comparison of the methods and development of combined test 

The p-values from fQTL-SCAN and PrediXcan association analyses were highly 

correlated (Spearman correlation = 0.36, p < 2.2x10-16, Supplementary figure 15). 

However, because PrediXcan interrogates the common cis-eQTLs while fQTL-SCAN up-

weights the lower-frequency cis-eQTLs and non-synonymous variants, the two methods 

yielded different signals.  One gene, PSMD12, was an exception, showing genome-wide 

significance, p = 8.7x10-9 and p = 6.04x10-7, from fQTL-SCAN and PrediXcan respectively 

and resulting in p = 1.7x10-13 from the combined test (see Methods). Only this gene was 

genome-wide significant from one method and nominally significant (p < 0.05) from the 

other.  

In addition to sample size, power for PrediXcan, which imputes the genetic 

component of gene expression, is also a function of the difference in mean of this 

component between cases and controls; in contrast, power for fQTL-SCAN, which seeks 

to aggregate all types of genome function, is also a function of the level of sparsity 

among the functionally annotated variants. Figure 6 summarizes the power obtained 

from the two methods under different values for these parameters. 

 

Discussion 
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Recent publications have shown that SNPs with regulatory roles on the 

expression of genes are more likely to be associated with disease phenotypes[14, 15] 

and that, in particular, ASD associated SNPs are specifically enriched for eQTLs active in 

the parietal cortex and cerebellum[85]. Taking advantage of this observation, we 

developed and applied gene-based approaches that allow testing gene-level association 

signals consisting of regulatory as well as coding variants. (We note that these methods 

can be applied more broadly to “sets” [i.e., aggregates of SNPs] or “units” [i.e., genomic 

segments such as conserved elements].)  Our approach extends the usual gene 

definition, on which conventional gene-based tests (of rare variants) are premised, to 

test the much larger regulatory landscape. The variance-component method fQTL-SCAN 

presented here builds on a widely used test of rare variants to evaluate the distribution 

of genetic effects for two functional categories (i.e., cis-eQTLs and protein-altering SNPs) 

but, as we would like to stress, can be extended to incorporate other functional 

annotations such as those being generated by ENCODE and Roadmap in a variety of cell 

types[81]. Indeed, fQTL-SCAN implements a “genetic relatedness matrix”, at the gene 

level, which facilitates a test for non-zero contribution to heritability for a given 

decomposition of the component SNPs into functional categories. PrediXcan explicitly 

tests the genetic component of gene expression for association with the phenotype, 

which extends traditional single-variant GWAS, offers mechanistic insights into observed 

associations and provides a framework for the integration of the rich body of 

transcriptome data that have been generated into genome studies of disease. At 

bottom, PrediXcan implements a “polygenic risk score”, at the gene level, with weights 
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derived from gene expression prediction models (such as generated through the use of 

machine learning) based on reference transcriptome data. 

We utilized two independent case/control GWAS datasets in our analysis: SSC as 

discovery GWAS and AGRE as replication. Brain cis-eQTLs associated with the expression 

of genes in the parietal cortex or cerebellum and non-synonymous exonic SNPs were 

incorporated into gene-level signals for the variance-component and aggregation tests; 

our approach shows how functional annotations (such as being generated by large-scale 

efforts [e.g., GTEx or ENCODE] to characterize function in the genome) can be utilized, 

beyond the conventional single-variant analysis, to map disease-associated loci. 

Furthermore, gene expression prediction models were generated using the PrediXcan 

approach[10] in two GTEx tissues, hypothalamus and hippocampus; our approach 

facilitated the investigation of the tissue dependence of the genetic component of gene 

expression (estimated using reference transcriptome panels) in GWAS samples without 

directly measured gene expression data in the analyzed tissues and, in general, enables 

the exploration of the tissue specificity of the role of implicated genes using only GWAS 

data. Several genes exceeded genome-wide significance from the application of 

PrediXcan and the variance-component methods. Using hypothalamus, PrediXcan 

identified NVL as a genome-wide significant gene in SSC, which replicated in AGRE. NVL 

encodes a human telomerase reverse transcriptase-interacting protein NVL2, which is 

important for telomerase biogenesis and is regulatory for telomerase activity[100]. In a 

recent report that adds to the growing evidence for the importance of telomerase for 

psychiatric disorders[101] (including a suggestive association [p = 1x10-7] of a SNP 
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rs11579964 within the gene as reported by the MDD Working Group of the Psychiatric 

Genomics Consortium[102]), the NVL gene has been shown to confer risk for both major 

depressive disorder and schizophrenia in the Han Chinese population[103]. Using fQTL-

SCAN, we found a genome-wide significant association for TTC22 in SSC and replicated 

in AGRE. TTC22 is highly expressed in brain and adrenal gland. Notably, a study reported 

a maternally inherited gain of nearly 300 kb on chromosome 1 at the gene in a child 

with speech delay and ASD[104]. Finally, no gene attained significance using the 

aggregation method; however, three promising genome-wide significant candidates 

emerged upon meta-analysis. 

 

Conclusions 

In summary, we have developed gene-based methods that exploit the enormous 

volume of functional data that are being generated and becoming widely available. The 

methods investigate the regulatory landscape of the gene and evaluate the overall 

evidence for association with phenotype either by explicitly incorporating current 

understanding of genome function into the test (as in fQTL-SCAN) or by directly utilizing 

the imputed genetically determined component of gene expression in a mechanism-

informed framework (as in PrediXcan). We identified and replicated several genes for 

association with ASD. The application of these methods to other disease traits may 

uncover disease mechanisms not otherwise available through standard single-variant 

tests. 
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Methods 

Gene-based methods  

We constructed SNP-based functional annotations for each known gene in the 

human genome (using GENCODE v12)[105]. In particular, we annotated each gene with 

regulatory variation (i.e., cis-eQTLs, within 1 Mb of the gene and defined using a loose 

threshold p<0.01 for association with the target gene expression) previously identified 

in the parietal cortex (GSE35977) and the cerebellum (GSE35974) as well as exonic 

variants (i.e., nonsense, frameshift, and missense SNPs) likely to be enriched for 

function within the gene. In our analyses, we included SNPs with MAF > 0.01. 

Incorporating the eQTLs active in parietal cortex and cerebellum into a functional 

annotation framework for fQTL-SCAN extends our recent study of tissue-specific 

regulatory variation (conducted within a single-variant analysis) as potentially conferring 

disease risk for ASD[85]. We also utilized hypothalamus and hippocampus gene 

expression data (each tissue > 80 samples) from a comprehensive collection of tissues 

made available by the GTEx Consortium[79] to build gene expression prediction models 

within the PrediXcan framework[10] (see below), and here we extended the framework 

by investigating the power of the test, the dependence of the results on the particular 

(brain) tissue used in the model building and the performance of the method compared 

to Mendelian randomization and a BLUP-based approach. We performed extensive 

simulations and tested for improved power to detect gene-level associations by using 
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the (potentially much) larger regulatory landscape versus restricting the test region to 

the gene boundary. For fQTL-SCAN and PrediXcan, we report the associations from the 

discovery GWAS that pass the genome-wide significance (rather than experiment-wide 

significance) threshold since we are interested in the results from each method (rather 

than from the study as a whole), and define p < 0.05 as the replication significance 

threshold in the independent validation GWAS (see “GWAS discovery and validation 

data” for description). 

a. Joint testing of SNP functional categories 

We considered a SNP functionality-based gene-based test, which is similar in 

spirit to SKAT[77] and kernel-based methods[106]. fQTL-SCAN evaluates the 

distributions of genetic effects for the different functional categories annotated to the 

gene, which, as we noted, can extend at megabase distances from the gene. The 

properties of genic SNPs (which have been the focus of conventional gene-based tests) 

versus non-genic SNPs (which may be part of the [potentially long-range] regulatory 

circuitry that is the primary focus of our approach) may differ, impacting the analysis 

and informing the implementation of the extended method described here. We 

compared the MAF distribution as well as the distribution of C-score, a metric of 

pathogenicity[107], of genic and non-genic SNPs (using the Mann-Whitney U test) to 

test for any difference. If there is such a difference in the distribution of MAF or 

measure of pathogenicity, it may be even more important, within our particular gene-

based framework, to incorporate SNP-level weights into the statistical test.  
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For fQTL-SCAN, we assume the following model: 

  

The sum is the contribution to phenotype from the non-genetic covariates 

. The  is the genotype for individual i and the SNP j that is annotated to 

the gene (using the functional annotation category ) with  as the corresponding 

effect size. Consider the vector  of effect sizes , each viewed as a 

random variable. Here  and , with , a 

diagonal matrix of weights, which may reflect (additional) prior SNP functional 

information (e.g., evolutionary conservation, deleteriousness, or pathogenicity).  The 

(non-overlapping) functional categories  can be defined, for example, using the 

SNP overlap with ENCODE[81] cell-type-specific regulatory elements. Alternatively, we 

can choose the , as assumed in the results presented below, to be the regulatory 

variation [eQTL], , or the non-synonymous coding variation [frameshift, nonsense, 

missense], . One can assign a different value to the scale parameter  for each 

functional category (e.g.,  and  for the coding variants and cis-eQTLs, respectively) 

and the choice can reflect prior knowledge of the genetic architecture of the trait. In this 

case,  

  

is a direct sum of matrices (i.e., a diagonal block matrix with a block for each functional 

category). In contrast to a conventional variance-component method, the functional 

categories  may assume distinct distributions of genetic effects, as controlled by 
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. We note that the following parameterization, with the parameter a (as a prior) 

reflecting the relative contribution to the phenotypic variance of the two functional 

categories and , reduces the 2-class model of coding variants and of cis-eQTLs 

to a single scale parameter: 

     

The known coding variants (possibly of low frequency, such as derived from 

exome sequencing studies) and/or eQTL SNPs (such as those implicated as causal for the 

phenotype from the results of GWAS fine-mapping[108]) with large effect sizes may be 

incorporated into the model as fixed effects. The terms  and 

 are the random (possibly polygenic) components attributable to the two 

functional categories. Here we assumed a specific weight system, with SNP weights 

drawn from the beta distribution on the basis of MAF (estimated as  using all cases 

and controls), which is likely to distinguish the coding variants and the eQTLs: 

. (For secondary analyses, we evaluated the use of a weight 

procedure which assigns equal weights to all SNPs, whether coding or regulatory: 

. Furthermore, instead of MAF, we evaluated 

the use of C-score[107] to define the weights, although of course such a metric may 

show some correlation with allele frequency.)  

To test for the null hypothesis that the vector β = 0, representing a model in 

which there is no SNP-based heritability for the gene, we test the equivalent hypothesis 
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 using a variance-component score statistic, which is asymptotically a mixture of 

chi-square statistics[77]: 

 

where the kernel 

 

is the product of the genotype matrix X, the diagonal matrix of the weights and the 

transpose of X, and  is the vector of estimated probabilities for the disease phenotype 

under the null model. We note that the kernel is a “genetic relatedness matrix” defined 

by the SNPs within a given functional category in the gene’s regulatory landscape and 

the method explicitly tests for a non-zero contribution to heritability from the 

annotated SNPs. 

b. Testing the imputed genetically-driven component of gene expression 

We used two reference brain tissues – hypothalamus (n = 81) and hippocampus 

(n = 81) – that have been made available by the GTEx Consortium[79] to perform 

PrediXcan[10] analysis, a gene-based test that utilizes information on transcriptome 

regulation to impute the genetic component of gene expression for GWAS samples and 

performs disease-loci mapping with the predicted gene expression levels. Here, we 

extended the original framework by investigating the tissue dependence of the 

PrediXcan results. In each tissue, we adjusted normalized (directly measured) gene 

expression for sex, the top 3 (genetic-based) principal components, and 15 PEER factors. 
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We then generated gene expression prediction models in these tissues using elastic 

net[48] with α = 0.5 (which essentially combines the features of ridge regression and 

LASSO):  

 

 where ; all SNPs within 1 Mb of a gene were used as input in the model 

building. LASSO enforces sparsity and generates prediction models that are consistent 

with a genetic architecture in which a small number of variants have relatively large 

effect sizes. In contrast, ridge regression is consistent with a highly polygenic 

architecture with a large number of contributory variants. To generate the SNP 

predictors, the glmnet R package was used. Ten-fold cross validation (within the GTEx 

data) was performed to assess the quality of the prediction. Genes that satisfy (out-of-

sample) prediction R2 > 0.01 from the cross validation were included in the downstream 

analysis. The weights from the prediction models in each tissue allow us to impute, in a 

tissue-dependent manner, the genetic component of gene expression, , for individual 

i (in the GWAS data) using the weights  from the reference tissue panel (GTEx) 

and the individual’s genotype  (coded as the number of effect alleles):  

    

This estimate of the genetic component of gene expression level facilitates trait-

association testing (in this study, using logistic regression with case-control status) 

without the directly measured gene expression data. Because the individual’s (germline) 
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genetic profile is (likely) not altered by the phenotype (disease or drug treatment), an 

observed association between the estimated genetic component and the trait suggests 

a particular causal direction underlying the association. Thus, one advantage of the 

method is that it offers potential mechanistic insights (via gene regulation) into the 

observed association.  

We compared this mechanism-centric approach with other related methods. For 

genes with a single SNP predictor, PrediXcan is akin to “Mendelian randomization” 

(more precisely, a 2-sample instrumental variable approach[98]) using the cis eQTL as 

the instrumental variable. However, it is, in general, non-trivial to demonstrate that the 

conditions of Mendelian randomization are fulfilled exactly; for example, a pleiotropic 

effect (i.e., a direct genetic effect on the disease phenotype) cannot be entirely ruled 

out using a single genetic variant. Thus, we investigated whether this approach can be 

used to establish a causal or pleiotropic link between gene expression and the 

phenotype[109]. Furthermore, we evaluated an alternative approach that utilizes the 

Best Linear Unbiased Prediction (BLUP)[110] to identify gene-level associations with the 

disease phenotype[111]. The BLUP of SNP-based polygenic component is equivalent to 

the ridge regression prediction (assuming a specific penalty [  and ]), and 

the BLUP-based SNP effect equals the ridge regression estimator: 

  

We note that the imputed genetically regulated component of gene expression 

is similar in form to the test statistic for the burden test, which collapses information for 
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the variants into a summary genetic score and counts (using the a priori defined set of 

weights ) the total number of minor alleles across the variants 

annotated to the gene: 

.   

To see the relationship between the imputed genetic component of gene expression 

and the burden score, we note that the weight  included in the genetic 

score is assigned using the weights  for the gene expression prediction models 

derived from the reference tissue panel, with the indicator function  if the 

effect allele from the reference gene expression tissue set matches the minor allele and 

 otherwise. Thus, PrediXcan is a method that performs “polygenic risk score 

analysis”, at the gene level, using weights estimated in reference transcriptome data 

and this burden score also provides a (tissue-dependent) estimate of the genetic 

component of gene expression. 

 We characterized the gene expression prediction models trained on the 

transcriptome data in the brain regions in terms of heritability of gene expression 

(which sets an upper bound on prediction performance[10]) and the size of the set of 

predictors. Using a mixed-effects model, we estimated the heritability of gene 

expression[22] attributable to SNPs within 1 Mb of the gene. Briefly, we assumed the 

following model:
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where  is the genetic relatedness matrix estimated from these (local) SNPs,  is 

the aggregate local genetic effect on the gene expression trait , and   comprises the 

contribution from the fixed effects. Variances were estimated using restricted maximum 

likelihood (REML) as implemented in GCTA[21], and the cis heritability was then 

calculated as . We also investigated the distribution of the size of 

the set of predictors/features for the generated gene expression models as well as the 

correlation of the size with the heritability  in both hypothalamus and hippocampus. 

 (For baseline comparison, we evaluated an aggregation test that utilizes Fisher’s 

method to combine p-values [See Supplementary Methods], but we do not emphasize 

the test in this study because we find the method has less power than the ones we focus 

on here.  See also “Gene-based test results” below.) 

Type I error analysis 

We examined whether the methods controlled the type I error. We applied the 

variance-component test fQTL-SCAN to 10,000 permuted datasets (obtained by 

permuting disease status and by preserving the linkage disequilibrium pattern), using 

the genotype data in the SSC GWAS dataset (see “Sample” below) for the cis-eQTLs and 

non-synonymous polymorphisms annotated to the genes on chromosome 22 , to assess 

the type I error control of the method. For PrediXcan, we performed logistic regression 

analysis with each of the 10,000 null datasets (obtained by permuting disease status and 

preserving gene-gene correlations) using the imputed genetic component of gene 

expression on chromosome 22 (based on the hypothalamus-derived gene expression 
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models) in the SSC samples. In performing the association analyses on the permuted 

datasets, we preserved the correlation structure among the disease status and the 

covariates (see description of GWAS data below). The proportion of permutations, 

averaged across all null genes, that satisfy p < 0.05 provides the type I error rate. We 

also considered the corresponding proportion of permutations at other p-value cutoffs 

(0.005, 5x10-4, 0.001, 1x10-4). 

Power analysis 

 We evaluated the power from the PrediXcan analysis using simulated data. In 

contrast to fQTL-SCAN, the framework explicitly requires an external dataset (i.e., the 

reference transcriptome panel). We simulate two normal distributions,  and 

 of imputed gene expression corresponding to cases and controls, 

respectively. Empirically, the parameters from fitting this distribution from real data can 

be obtained via maximum likelihood estimation. Suppose the population standard 

deviations (SDs) in the genetically regulated component of gene expression (GReX) of 

cases and controls (σA and σB) are known. Suppose μA and μB are the corresponding 

means in GReX, and let Δ = μA – μB be the difference in means (i.e., the effect size).  Let n 

and m be the sample sizes of the two groups, and  and 

. We can calculate a Z-score Z as follows: 

    

Power then can be calculated at a given significance level α as follows: 
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where the integrals are taken using the standard normal density curve . Thus, as 

expected, power depends on the true effect size Δ, the SDs (σA and σB, with smaller 

values leading to greater power) and sample sizes (n and m, with larger sample sizes 

leading to greater power). In the case of unknown (and equal) standard deviations, we 

can estimate using the sample SD, and generate a T statistic which follows a t-

distribution with n+m-2 degrees of freedom to perform a power calculation. 

 We also evaluated the performance of the fQTL-SCAN method in terms of 

power. We began with a simple scenario. We sampled from the alternative distribution 

 one standard deviation away. We generated 20,000 simulated data, each from 

k draws from the alternative distribution, where k = 1, 3, 5 and 10 independent causal 

variants. We report the results for k = 3 and 5 because of the rapid improvement in 

power from this method in the presence of multiple causal variants. At this stage, we 

assumed all k annotated variants were causal. We calculated the fQTL-SCAN statistic for 

each simulated dataset, assuming equal weights for the k SNPs as well as the 

(default) weight scheme  with (pseudo- minor allele frequency 

parameter)  generated from the log relationship (see below) between MAF and the 

effect size of a causal variant under the 2 scenarios for the number of causal variants 

(i.e., k = 3 and 5). The Ecdf function from the R package Hmisc was used to plot a 
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receiver operating characteristic (ROC) curve showing the statistical power ( ) as a 

function of the level of the test α. Because this simulation procedure does not capture 

the haplotype structure of a genomic region, the sparsity of the causal SNPs among all 

SNPs tested and an empirically reasonable gene length, we performed additional (more 

complex) simulations, following SKAT but with some key modifications, using haplotypes 

(n = 10,000) simulated by COSI[112] according to a coalescent model in which linkage 

disequilibrium pattern and population history reflected those of the European 

population and assuming different percentages of causal SNPs (2%, 10%, 20%) among 

the SNPs annotated to a gene. We randomly selected genes of length 3 kb but also 

tested the wider region (treated as the gene’s regulatory landscape) that spans 50 kb 

upstream and downstream of the gene (for a total extended region length of 103 kb) to 

test for differential power. We assumed that the percentage of causal variants with 

minor allele showing a negative effect on disease risk was 50%. In the simulations, the 

causal variants were assigned effect sizes as observed for the cis-eQTLs and non-

synonymous polymorphisms included in the gene set annotations in the real (SSC 

GWAS) data as a function of MAF (Supplementary figure 1). This facilitated comparison 

with causal effect size assignment based on all variants in a gene as well as in an 

extended region without the use of functional annotation. (In addition, one may utilize, 

in the simulated data, the well-known distribution of the position of the cis-eQTLs[113] 

near the transcription start site or transcription end site to choose the causal SNPs 

among the cis-eQTLs.) We investigated several scenarios (on the underlying genetic 

architecture) for the magnitude of the effect of the causal variants, for use in 
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simulations, among the cis-eQTLs and non-synonymous SNPs (namely, the effect size as 

a linear function of log10-transformed MAF with constant of proportionality of 0.90, a 

constant of proportionality of 0.40 [the default choice in SKAT], or by fitting linear 

regression as well as an inverse relationship [Supplementary figure 2]); again, we were 

guided by real (SSC GWAS) data, in particular the effect size distribution of the 

annotated cis-eQTLs and non-synonymous variants. We evaluated power using two 

levels of significance (α = 0.001 and 1x10-6).  For power analysis, phenotype was then 

simulated from the generative model: 

  with  

where Z is the component of the phenotype that includes non-genetic covariates 

(calculated as , with  and ) and  is 

the vector of effect sizes from the causal SNPs among the cis-eQTLs and non-

synonymous variants annotated to the gene and X represents their corresponding 

genotypes. 

Functional validation 

 We sought additional validation for the genes that meet genome-wide 

significance in our analyses using a publicly available dataset[99] of mRNA expression 

profile in blood-derived lymphoblastoid cells from males with autism and non-autistic 

controls. We performed differential expression analysis of the data between cases and 

controls using the R Bioconductor package limma[114]. 

Comparison of the methods and development of combined test 



89 
 To assess overall concordance, we calculated the Spearman correlation in p-

value between fQTL-SCAN and PrediXcan (using the fQTL-SCAN gene-based annotations 

and the PrediXcan gene expression prediction models generated from the cerebellum 

transcriptome data). We also identified the genes that were significant from both 

methods.  

We used Fisher’s method to combine the two methods and permutation to 

assess the significance of the test. Alternatively, we may view the methods 

geometrically. Let n b the number of samples and  the space of nxn matrices 

over the real numbers R. We consider the -valued path : 

 

Here G is the n-vector of imputed genetic component of gene expression and X is the 

genotype matrix for the functionally annotated variants. The diagonal entries for 

 consist of the square of the imputed gene expression in the samples. 

 is the fQTL-SCAN kernel. Then  defines a path in the space , which  

starts ( ) at the latter and ends ( ) at the former. Note that, for each , 

 defines a symmetric matrix: , and 

 

defines a quadratic form statistic, which starts at the fQTL-SCAN score statistic and ends 

at the score statistic for the logistic regression test for an imputed gene expression 

association. In addition to the start and end point, there are other choices of the 

parameter t that may be of interest (e.g., the midway point  or the point at 
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which the variance explained by the predicted expression from PrediXcan equals that 

explained by the functionally annotated variants from fQTL-SCAN). For a given choice of 

the parameter, the null distribution of  may be approximated by a mixture of chi-

square distributions. 

GWAS discovery and validation data 

The discovery cohort consisted of 1,679 probands from the Simons Simplex 

Collection (SSC)[115] genotyped on the Illumina 1M Duo, 1M and Omni2.5 platforms 

and 1,297 controls from the Study of Addiction: Genetics and Environment (SAGE)[116] 

downloaded with permission from the Database of Genotype and Phenotype (dbGAP). 

The independent replication cohort consisted of 654 probands from the Autism 

Genetic Resource Exchange (AGRE) genotyped on the Illumina HumanHap550v3. This 

dataset is described in depth in Geschwind et al.[117]. This case sample was combined 

with 1,593 unselected controls from the iControl data set also genotyped on the 

Illumina HumanHap550v3. From this control sample, 33 individuals were removed due 

to suspected relatedness for sharing greater than 10% of typed SNPs identity-by-

descent.  

Quality control, imputation, and genetic-based covariates 

The AGRE/iControl (hereafter “AGRE”) was restricted to 1,945 individuals of 

western European descent based on results from multidimensional scaling conducted 

using PLINK. Next, SNPs with MAF < 0.01, HWE p-values < 0.001, genotype missingness > 

0.02, and differential missingness between cases and controls > 0.01 were excluded. 
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After these quality control measures, 511,483 SNPs were used for imputation to 

HapMAP3 R2 Build 36 with MaCH[118].  

The same QC procedures were applied to the SSC/SAGE data (hereafter “SSC”) 

resulting in a sample set of European descent with 836,173 SNPs available for 

imputation to HapMAP3 R2 Build 36 with MaCH.  

The top 10 principal components were included in each association analysis as 

covariates to correct for any residual population stratification.    
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Supplementary figure 1. MAF profile of the cis-QTLs and non-synonymous variants. 
The figure shows the MAF distribution of the functionally annotated SNPs included in 
the fQTL-SCAN gene-set annotation. 

Supplementary figure 2. The relationship between MAF and effect size for the most 
significant (p < 0.001) cis-eQTLs and non-synonymous polymorphisms in the SSC data. 
We investigated several scenarios for the relationship between MAF and effect size for 
the functionally annotated SNPs and used these as input in the simulations. 

Supplementary figure 3. Correlation between gene length and number of annotated 
variants. There was a significant correlation in the SSC data (spearman rho=0.14, p < 
2.2x10-16,) between the length of a gene and the number of SNPs annotated to the gene 
(some of which may be at considerable distance from the gene’s transcription start or 
end site). 

Supplementary figure 4.  Distribution of annotated variants and effect on p-value. 
Panel A shows the distribution of the number of annotated markers for the genes. Panel 
B shows the relationship between the fQTL-SCAN p-value and the number of annotated 
variants. 

Supplementary figure 5. MAF distribution of genic and non-genic SNPs included in the 
gene-set annotation.  Genic (cis-eQTL and non-synonymous) SNPs tend to have lower 
median MAF than the corresponding (cis-eQTL) non-genic SNPs.  

Supplementary figure 6. Madsen & Browning weight procedure. There was no 
significant signal found for the Madsen & Browning weight scheme, which has been 
widely used in conventional gene-based tests.  

Supplementary figure 7. CADD score weight scheme.  Two genes reached Bonferroni 
significance under this weight scheme. 

Supplementary figure 8. Correlation between CADD score and uniform weight scheme. 
There was a significant correlation for the p-values ( , p < 2.2x10-16) derived 
from these weight schemes.  

Supplementary figure 9. Correlation between CADD score and  
weight scheme.  There was a significant correlation for the p-values ( , p < 
2.2x10-16) derived from these weight schemes.  

Supplementary figure 10. Correlation between empirically generated and theoretical 
p-value for fQTL-SCAN.  There was a significant correlation between the p-value derived 
from the theoretical (asymptotic) distribution and the permutation-derived p-value 
(Spearman correlation = 0.99, p < 2.2x10-16). 

Supplementary figure 11. PrediXcan power analysis. The effect on power of different 
values of gene-based effect size (difference in mean expression between cases and 
controls) and GWAS sample size is shown. 
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Supplementary figure 12. ROC curves from fQTL-SCAN power analysis. The plot shows 
the relationship between power and the level of the test as well as the dependence of 
power on the weight scheme assuming k = 3 and 5 independent causal variants for a 
gene for which all annotated variants are assumed causal. 

Supplementary figure 13. fQTL-SCAN power analysis using European haplotypes and 
10% causal variants. Panel A shows that the relationship between MAF and effect size 
can have substantial impact on the power of the fQTL-SCAN test; panel B indicates how 
much gain in power (at α = 10-6) could be achieved through the use of the functionally 
annotated variants versus all variants over the extended region (spanning 50 kb 
upstream and downstream of the core 3 kb gene region) and shows the importance of 
the use of functional annotation particularly for studies with small sample size. 

Supplementary figure 14. Regulatory landscape versus gene region. Assuming 10% 
causal variants, the plot shows the substantial gain in power (at α = 10-6) from the use of 
the extended gene region over that of the core region in the fQTL-SCAN analysis. 

Supplementary figure 15. Correlation between fQTL-SCAN and PrediXcan association 
results. The results from the two methods are highly correlated (Spearman correlation = 
0.36, p < 2.2x10-16).  One gene was genome-wide significant using both methods. In 
general, the two methods implicate different signals. 

 

Supplementary table 1.  Type I error analyses for fQTL-SCAN and PrediXcan. Several p-
value thresholds were used to assess type I error rate. 

 

The Supplementary Material can be downloaded from 
http://www.scandb.org/newinterface/SuppMaterialVol.zip 
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Chapter 4 

Genetic architecture of microRNA expression: 
implications for the transcriptome and 

complex traits 
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Abstract  

We sought to comprehensively and systematically characterize the relationship 

between genetic variation, microRNA (miRNA) expression and mRNA expression. 

Genome-wide expression profiling in samples of European and African ancestry 

identified hundreds of miRNAs in each population whose increased expression is 

correlated with correspondingly reduced expression of target mRNAs.  We scanned 

3’UTR SNPs with potential functional effect on miRNA binding for cis-acting expression 

quantitative trait loci (eQTLs) to the corresponding proximal target genes. To extend 

sequence-based, localized analyses of SNP effect on miRNA binding, we proceeded to 

dissect the genetic basis of miRNA expression variation and mapped miRNA expression 

levels, as quantitative traits, to loci in the genome as miRNA-eQTLs, demonstrating that 

miRNA expression is under significant genetic control. We found that SNPs associated 

with miRNA expression are significantly enriched for those SNPs already shown to be 

associated with mRNA. Moreover, we discovered that many of the miRNA-associated 

genetic variations identified in our study are associated with a broad spectrum of 

human complex traits from the NHGRI catalog of published genome-wide association 

studies. Experimentally, we replicated miRNA-induced mRNA expression inhibition and 

the cis-eQTL relationship to the target gene for several identified relationships among 

SNPs/miRNAs/mRNAs in an independent set of samples; furthermore, we conducted 

miRNA over-expression and inhibition experiments to functionally validate the miRNA-

mRNA relationships. This study extends our understanding of the genetic regulation of 

the transcriptome and suggests that genetic variation may underlie observed 
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relationships between miRNAs and mRNAs more commonly than has previously been 

appreciated. 

 

Introduction 

Given the fundamental role of gene expression in biological and 

pathophysiological processes, mechanisms underlying gene expression variation have 

been extensively investigated, including genetic variation (e.g., expression quantitative 

trait loci (eQTLs) [119, 120]), epigenetic factors (e.g., microRNAs (miRNAs) [121], 

methylation status [122, 123]) and environmental variables (e.g., chemicals, stress and 

drugs).  The complexity of human biology suggests that multiple of these factors may 

participate in a context-dependent manner in the regulation of gene expression.  

The International HapMap consortium collected samples from various ethnic 

populations around the world [124]. The 1000 Genomes Project [125], building on the 

HapMap resource, embarked on the mission of providing a comprehensive catalog of 

human genome sequence variation to facilitate discoveries of the genetic contribution 

to human phenotypes. To date, genetic variants in the form of millions of single 

nucleotide polymorphisms (SNPs) and thousands of copy number variants (CNVs) [126, 

127], transcription level gene expression [119, 128-130], and other phenotypic data 

(e.g., cellular sensitivity to drugs [131-135] have been made publicly available for many 

of these samples.  Collectively, these datasets provide an unparalleled resource for the 

study of genotype-phenotype relationships.   
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Likewise, recent studies have advanced our understanding of the role of miRNAs 

in diverse cellular, developmental and pathological processes [136]. miRNAs are 

endogenous non-coding RNA molecules that have been shown to be important post-

transcriptional regulators of cognate mRNA targets. Predicted to target a third of all 

human mRNAs, they are known to mediate their effect through translational repression 

or mRNA degradation. Furthermore, mRNA expression may be simultaneously altered 

by more than one miRNA species [137]. Extending these studies of miRNA function, we 

conducted genome-wide profiling of miRNA expression in samples of European (CEU) 

and African (YRI) ancestry to enhance our understanding of miRNA-mediated gene 

regulation, including dissection of the genetic basis of miRNA expression variation, and 

explore its consequences for gene expression (mRNA) regulation and human disease.   

 

Materials and Methods 

Cell lines. Unrelated International HapMap lymphoblastoid cell lines (LCLs; 60 

CEU (Utah residents with northern and western European ancestry; HAPMAPPT01) and 

60 YRI (Yoruba people from Ibadan, Nigeria; HAPMAPPT03)) were purchased from 

Coriell Institute for Medical Research (Camden, NJ) for genome-wide discovery. In 

addition, 58 unrelated CEU III (HAPMAPPT06) and 58 unrelated YRI III (HAPMAPPT04) 

LCLs were obtained from the same resource and used for validation experiments. LCLs 

were maintained in RPMI 1640/1% l-glutamine plus 15% FBS as previously described 

[138].  
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Obtaining SNP genotype, mRNA expression and miRNA expression in discovery 

samples.  We conducted our analyses on common SNPs (MAF>5%) identified in the 

HapMap CEU and YRI samples. 

Global baseline gene expression on 87 CEU and 89 YRI LCLs were quantified using 

the Affymetrix GeneChip® Human Exon 1.0 ST array (Affymetrix exon array) previously 

[139].  A total of 12,747 transcript cluster (representing 10,830 genes) expression were 

utilized in this study [119].   

Detailed methods on miRNA isolation and quantification were described before 

[140]. Information on data quality control (including the result of an unsupervised 

hierarchical clustering of the sample x miRNA expression matrix to detect the presence 

of batch effects) can be found in the Appendix and Supplemental Fig 1). Baseline miRNA 

expression was evaluated in 107 HapMap LCLs (53 CEU and 54 YRI) using Exiqon 

miRCURYTM LNA arrays v10.0 (Exiqon array). Quantified signals were background 

corrected using normexp with offset value 10 based on a convolution model and 

normalized using the global Lowess regression [141]. After normalization and filtering (a 

miRNA is considered to be expressed if at least 70% of all samples have expression 

intensity value on the Exiqon arrays and the average Hy3 intensity value for this miRNA 

across samples is greater than 100), 201 miRNAs were found to be expressed in these 

samples (Supplemental Fig 2).  

Previously, certain non-genetic confounders (e.g., cellular growth rate and EBV 

copy number) were reported to substantially affect trait variability in LCLs [142]. We 
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therefore systematically investigated to what extent these potential confounders may 

contribute to variability in miRNA expression since relatively little (e.g., compared to 

mRNA transcript levels) is known about the impact of these potential confounders on 

miRNA abundance levels. Intrinsic cellular proliferation rates were generated by our 

group for these cell lines through mixed effects modeling as previously described [143], 

which treated the intrinsic phenotype, intrinsicPhenotype(i), and a wide range of 

experimental conditions as random effects and the covariates Xm as fixed effects for a 

given cell line i and replicate k. 

Yijk  = a + intrinsicPhenotype(i) + condition(j) + ∑ bmXm + errorijk 

EBV copy number data were obtained from a previous publication from our group [144].  

For each potential confounder, we generated a QQ plot showing the distribution 

of p-values for the association between the putative confounder and miRNA expression 

in LCLs (Fig 1).  Each QQ plot also shows 3 lines corresponding to various levels of false 

discovery rate (0.05, 0.10, and 0.25).  Note, from the growth rate QQ plot (Fig 1A), that 

cellular proliferation shows no significant effect on the expression levels of the miRNAs 

examined, in dramatic contrast to our recent findings [143] that nearly a third of all gene 

expression traits are significantly associated (FDR<0.10) with cellular proliferation.  

Furthermore, only one miRNA (miR-298, also known as MIR298 [HGNC: 33634]) shows a 

significant association with EBV copy number (Fig 1B).  We noted, however, that certain 

of the miRNAs are slightly above the y=x diagonal line on the EBV QQ plot, which may 

suggest lower p-values than expected by chance.  To determine whether this 
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observation indicates the presence of significant EBV confounding, we conducted 

permutation analyses and plotted the QQ plot for each of 1000 replicates (shown as 

grey dots in Fig 1C) in relation to the QQ plot for the actual data (shown as blue dots in 

Fig 1C), demonstrating that the observed off-diagonal phenomenon is well within what 

is expected by chance.   

 

 

Figure 1.  Distribution of the p-values for the association between a potential 
confounder and miRNA expression level in the HapMap CEU LCLs. A) A QQ plot of the 
p-values for the association between intrinsic cellular growth rate (generated from a 
mixed effects modeling of cellular proliferation) and miRNA expression level, showing 
that cellular proliferation is not associated with miRNA expression levels; B) QQ plot of 
the p-values for the association between EBV copy number and miRNA expression level, 
showing one miRNA reaching significance in association with EBV copy number; C)  To 
test for the presence of significant EBV confounding, we performed permutation 
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analyses and generated a QQ plot for each of 1000 replicates (shown as grey dots) and 
for the actual data (shown as blue dots), demonstrating that the observed off-diagonal 
phenomenon (shown in Fig 1B) is within what is expected by chance. 

 

 
Figure 2.  A schematic diagram of the analysis. A) genome-wide analysis to identify 
SNPs located in the 3’-UTR of potential miRNA targets; B) genome-wide evaluation of 
SNP-miRNA-mRNA relationships. 

 

Genome-wide interrogation of SNPs located in 3’UTR region of a gene that may 

affect miRNA binding. Fig. 2A demonstrates the work flow of this analysis.  We first 

conducted linear regression analysis pairwise between the expression of each of 201 

miRNAs (as predictor) and that of each of 12,747 transcript clusters. Those mRNAs 

whose expression showed significant negative  association with miRNA expression 

(consistent with a particular model of miRNA targeting) using FDR for multiple testing 
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(FDR<0.05)  [145] were selected and carried forward for further analysis.  SNPs located 

in the 3’-UTR region of these mRNAs were identified through dbSNP (hg version 18).    

Genotype and mRNA expression association analyses were then performed, 

assuming an additive genetic model, between these 3’-UTR SNPs and the corresponding 

mRNA.  Using Bonferroni adjustment (for the 5,043 and 5,602 SNPs located in 3’-UTR 

regions of 491 and 572 mRNAs in CEU and YRI respectively), we searched for significant 

3’-UTR cis acting eQTLs that may affect miRNA-mediated regulation of the target gene 

(in which 3’-UTR the eQTL was detected).   Subsequently, four miRNA-mRNA interaction 

prediction algorithms including TarBase [146], miRBase [147], TargetScan [148], and 

Pictar [149], were also examined to determine overlap with our findings. In addition, 

two other databases, PolymiRTS [150]and Patrocles [151], which predict potential SNP 

effects on 3’-UTR miRNA bindings, were evaluated.   

To experimentally confirm the relationship between miRNA and mRNA, and 

between 3’-UTR SNP and gene, we first quantified selected miRNAs and mRNAs in an 

independent set of 58 CEU III and 58 YRI III samples. Quantitative PCR (qPCR) methods 

were designed for 6 genes (SLC23A2 [MIM: 603791], IFI35 [MIM: 600735], BTLA [MIM: 

607925], GYPE [MIM: 138590], TK2 [MIM: 188250] and TOMM22 [MIM: 607046]) and 

13 miRNAs (miR-30b [MIR30B], miR-30d [MIR30D], miR-106a [MIR106A, MIM: 300792], 

miR-16 [MIR16-1, MIM: 609704], miR-20a [MIR20A, MIM: 609420], miR-106b [MIR106B, 

MIM: 612983], miR-15b [MIR15B], miR-93 [MIR93, MIM: 612984], miR-181a-2 

[MIR181A2, miR-181a, MIM: 612743], miR-185 [MIR185], miR-886-3p [VTRNA2-1], miR-

186 [MIR186] and let-7i [MIRLET7I, MIM: 612148]) and performed in a set of randomly 
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selected 12 discovery HapMap samples. The qPCR results were compared to the exon 

array and Exiqon array results as a validation of the method. Only those qPCR results in 

significant positive correlation (p<0.05) with the array data were moved forward to 

quantification using all the samples (i.e., 58 CEU III and 58 YRI III samples) in the 

replication set.  All miRNA primers were purchased from Exiqon; Applied Biosystems 

Taqman primer/probe sets were used to quantify mRNA expression. Real-time PCR were 

all conducted using an ABI 7900 thermocycler (Applied Biosystems, Foster City, CA).  

Details for total RNA isolation, cDNA conversion and PCR condition were described in 

our previous publication [140].  Linear regression was performed between the mRNA 

and miRNA expression (as predictor) from the qPCR results as well as between the 

3’UTR SNP genotype (as predictor) and gene expression. 

To functionally validate the miRNA and mRNA bindings, we conducted miRNA 

over-expression and inhibition experiments for a miRNA/mRNA pair (miR-30d/SLC23A2) 

in a randomly selected HapMap YRI sample (GM18861).  Specifically, miRNA mimic (cat. 

#MSY0000245) and miRNA inhibitor (cat. #MIN0000245) for miR-30d and scrambled 

control (AllStars Negative control, cat. #1027292) were purchased from Qiagen. Detailed 

methods of the over-expression and inhibition experiments were described previously 

[140].  

Integrative analysis of SNP, miRNA expression and mRNA expression. Fig. 2B 

illustrates a schematic diagram of this analysis.  First, we set out to map miRNA 

expression quantitative traits loci (miRNA-eQTLs), by performing genome-wide 

association studies between more than 2 million SNPs and 201 miRNA expression 
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phenotypes in CEU and YRI samples separately. SNPs located on the sex chromosomes 

were excluded from the current analysis.   An additive genetic model was assumed and 

a p<10-10 cutoff (Bonferroni adjustment based on the more than 2 million SNPs and the 

201 miRNAs tested) was used to define a significant miRNA-eQTL finding.  The location 

of the miRNA-eQTLs and the pre-miRNA for the corresponding mature miRNAs were 

examined to characterize the positional distribution of miRNA-eQTLs relative to the 

corresponding pre-miRNA.   

We performed linear regression analysis pairwise between miRNA abundance 

level (as predictor) and mRNA expression. For each gene G and miRNA m, we calculated 

the proportion of explained variance R2G,m from the linear model G ~ m.  Each gene was 

also assigned a score MG defined as the maximum of the R2G,m over all m’s: 

MG = max (R2G,m).  

MG measures, for any given gene, the maximal fraction of explained variance from its 

association with a miRNA. We generated the empirical cumulative distribution function 

(CDF) for MG:   

   

compared the observed and expected distributions of the score from permuted 

genome-wide gene expression data and performed enrichment studies on those genes 

with the highest scores (e.g., MG > 0.40).  

For multiple testing of the miRNA-mRNA associations (in each population, 

evaluated separately), an FDR approach was used [145]; we defined FDR<0.05 as 
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significant. From the distribution of p-values, FDR<0.05 corresponds p<10-4. We also 

utilized four miRNA-mRNA interaction prediction algorithms (TarBase, miRBase, 

TargetScan, and Pictar) for comparison with our expression-derived results. We have 

previously identified a set of mRNA expression QTLs (mRNA-eQTLs) in the LCL model 

system [119].  To explore the functional significance of the miRNA-eQTLs, we 

investigated the relationship between genotype and mRNA expression in the CEU and 

YRI samples separately for these SNPs. Raw p value less than or equal to 10-4 for the 

SNP-mRNA relationships was used initially. We had previously found that trait-

associated SNPs are more likely to be mRNA-eQTLs than a random set of SNPs starting 

at this p-value cutoff[15] with a greater level of enrichment at a more stringent mRNA-

eQTL definition.  While this threshold for defining mRNA-associated SNPs clearly falls 

short of genome-wide significance (given the more than 2 million SNPs and the more 

than 10,000 genes tested), we were interested in investigating whether miRNA-

associated SNPs are more likely to predict mRNA transcript levels at this level than a 

random set of allele frequency matched SNPs and whether this hypothesis holds 

robustly to the threshold used (for the association between SNP and mRNA expression; 

p<10-6 was thus subsequently tested) in these enrichment studies.  Thus, for a given list 

of miRNA-associated SNPs, using 10,000 randomly generated sets of allele frequency 

matched SNPs, we generated an empirical distribution for the number of SNPs in these 

sets that predict mRNA transcript levels at a given level. Furthermore, we used the loose 

threshold to filter for “candidate relationships” among SNPs/miRNAs/mRNAs to validate 

in an independent sample set. 
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Quantitative PCR was performed to confirm the miRNA-mRNA relationship in an 

independent set of 58 CEU III and 58 YRI III samples for 2 miRNA (miR-378 [MIR378A, 

MIM: 611957] (Exiqon product# 204347) and let-7d [MIRLET7D, MIM: 612145] (Exiqon 

product # 204124 and Life Science product# 204394)) and 2 genes (KCNIP2 

[MIM:604661] (Life Science Hs01552690_g1) and CHPT1 (choline phosphotransferase 1) 

(Life Science Hs01012465_m1)) using methods described earlier.  We initially used the 

Exiqon primers let-7d qPCR; however, due to the lack of correlation between the qPCR 

results and Exiqon array findings, we further performed qPCR using the Life Science 

product for the same miRNA.  Furthermore, to replicate the genotype-expression 

association, we downloaded SNP genotype data from HapMap for these Phase III CEU 

and Phase III YRI samples and performed linear regression, assuming an additive genetic 

model, between the genotype and miRNA expression or mRNA expression in the 

replication dataset.  

Evaluation of SNP effect on the miRNA processing machinery genes and 

downstream miRNA expression. We evaluated 52 genes known to be involved in the 

miRNA processing machinery [151].  We tested for significant miRNAs associated with 

these genes crucial to miRNA processing and biogenesis using an FDR approach for 

multiple testing [145]; FDR<0.05 was defined as significant.  We also sought evidence for 

the role of genetic variation in mediating the miRNA-mRNA relationships for these 

genes by querying the SCAN database [152], which hosts the results of our mRNA-eQTL 

studies on the HapMap CEU and YRI samples to identify SNPs associated with 

transcriptional expression for these genes in the separate CEU and YRI samples.  



108 
Genome-wide significance was defined using a stringent Bonferroni criterion (based on 

51 expressed genes and the more than 2 million SNPs tested, p<4.9x10-10).   

 

 Results 

Genome-wide interrogation of 3’UTR SNPs that may affect miRNA binding (Fig 2A) 

a. miRNA-mRNA relationships 

 Genome-wide expression profiling in the CEU and YRI samples identified 

100 and 114 miRNAs respectively (FDR<0.05) for which increased expression is 

associated with decreased expression of 558 and 633 mRNAs.  See Supplemental Fig 3 

for the distribution of p-values for the negative associations between miRNA expression 

and mRNA expression.  As described in Materials and Methods on the multiple testing 

approach for the miRNA-mRNA associations, FDR<0.05 was used to define a significant 

association.   Among these miRNA-mRNA relationships, 16 miRNAs and 90 mRNAs were 

implicated in both populations; see Supplemental Table 1 for these “cross-population” 

relationships. Consistent with earlier studies that show that miRNAs may have multiple 

expression targets, we observed several one-to-multiple relationships between a single 

miRNA and more than 10 mRNA expression phenotypes in both CEU and YRI samples 

(e.g., miR-10a [MIR10A, MIM:610173], miR-148a [MIR148A, MIM: 613786], miR-181b-1 

[MIR181B1, previously miR-181b, MIM: 612744], and miR-363 [MIR363]).   

b. 3’-UTR SNPs potentially affecting miRNA binding to target mRNA 

We scanned the 3’ untranslated region (UTR) SNPs with potential functional 

effect on miRNA binding for cis-acting eQTLs to the corresponding target genes. We 
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identified 5,043 and 5,602 SNPs located in 3’-UTR regions of 491 and 572 mRNAs in CEU 

and YRI, respectively. Using Bonferroni adjustment (based on the total number of cis 

tests for the 3’-UTR SNPs), we found a highly significant (p=7x10-11) 3’-UTR cis-acting 

eQTL, rs1056610, for the gene TOMM22, for which decreased expression level is also 

associated (FDR<0.05) with increased expression level of the miRNA let-7i.     

We then filtered for those 3’-UTR SNPs that show association at the loose 

threshold of p<0.01 with the mRNA expression of the gene in which 3’-UTR the SNP was 

found; we used this threshold because we sought to determine whether some of these 

nominally significant findings may nevertheless be functionally validated and to 

establish how many are predicted by publicly available algorithms. We identified 25 

such 3’-UTR SNPs (in 16 genes) in CEU and 25 3’-UTR SNPs (in 18 genes) in YRI (Table 1).  

One 3’-UTR SNP (rs10840 for the target gene IFI35) was identified in both populations 

(p=2x10-4 and 5x10-4, in CEU and YRI samples, respectively). In addition, we observed 

the following relationships: rs4240334 and GYPE in CEU (Fig 3A. p=9x10-5); and in YRI, 

rs3743712 and TK2 expression (p=5x10-6); rs1056610 and rs1056661, and TOMM22 

(p=7x10-11 and 1x10-7 respectively); and rs1052133 and OGG1 [MIM: 601982] (p=9x10-6).  

See Table 1 for the full list of these associations between these 3’-UTR SNPs and the 

mRNA expression of the corresponding gene; in addition, the table lists only the 

significant (negative) miRNA correlations (FDR<0.05) with the mRNA expression.   

c.  3’-UTR mRNA-associated SNPs and computational predictions 

From this set of 3’-UTR SNPs that show nominal association with (miRNA-

associated) mRNA expression (Table 1), we then examined whether any of the miRNA-
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mRNA relationships we observed were predicted in publicly available prediction 

algorithms.   Indeed, a set of miRNAs, found by our expression profiling to be negatively 

correlated with genes harboring such mRNA-associated 3’-UTR SNPs, are also predicted 

by miRBase as interacting with their cognate mRNAs, including miR-10a and AUTS2 

[MIM: 607270], miR-181a and BTLA, and miR-30b and 30d and SLC23A2 (Table 1, Fig 

3D).  Furthermore, 4 such mRNA-associated 3’-UTR SNPs were confirmed by the 

Patrocles algorithm (Table 1).  Of the 49 3’-UTR SNPs we identified as having potential 

functional effect on miRNA binding, the same database reproduces 7 potentially 

affecting 8 miRNA targets. In addition, the PolymiRTS algorithm (Table 1) identified 21 of 

these 49 3’-UTR SNPs as potentially affecting miRNA binding. 

d. Functional Validation: 3’UTR SNPs and miRNA-mRNA interaction 

 From the list of 3’-UTR SNPs that show nominal association with mRNA 

expression as potential eQTLs (Table 1), we performed qPCR on a selection of top 

candidates (Bold in Table 1) in an independent replication set of HapMap Phase III CEU 

(N=58) and Phase III YRI (N=58) samples. In the CEU III samples, we replicated the 

association between a 3’-UTR SNP (rs4240334) to the GYPE gene as well as the 

measured expression of the gene (p=0.023, Fig 3E). Furthermore, the negative 

correlation between expression levels of miR-185 and GYPE (p=6.1x10-5, Fig 3B) was also 

replicated (p=0.012, Fig 3F).  In YRI, we found a SNP (rs16990301) that cis-associated 

with SLC23A2 expression in the YRI I/II samples (p=0.005, Fig 3C) is also associated with 

SLC23A2 expression in the YRI III replication samples (p=0.049, Fig 3G). Furthermore, we 

replicated the negative correlation between expression levels of SLC23A2 and miR-30d 



111 
in these YRI III samples (p=0.049, Fig 3H).  Note that the relationship between miR-30d 

and SLC23A2 is predicted by miRBase; however, the replicated relationship between 

expression of GYPE and miR-185 is not.   

 

  

 

Figure 3.  Discovered and replicated 3’-UTR SNPs that potentially affect miRNA binding 
to the corresponding gene. A, E) The relationship between rs4240334 genotype and 
GYPE expression in the discovery (CEU I/II) and replication (CEU III) samples, 
respectively; B, F) The negative correlation between the expression of miR-185 and of 
GYPE in the discovery CEU I/II and replication CEU III samples, respectively; C, G) The 
relationship between rs16990301 genotype and SLC23A2 expression in the discovery 
(YRI I/II) and replication (YRI III) samples, respectively; D, H) The negative correlation 
between the expression of miR-30d and of SLC23A2 in the discovery YRI I/II and 
replication YRI III samples, respectively.  Exiqon and Exon arrays were used to obtain 
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miRNA and gene expression data while real-time PCR method was used to quantify 
miRNA and mRNA expression in the replication samples. 

 

To further validate the miRNA-mRNA interaction between miR-30d and SLC23A2, 

we performed over-expression and inhibition tests.  We found that the addition of miR-

30d mimic resulted in an increase in the amount of miR-30d and a decrease in SLC23A2 

expression in cells at 24 h. These findings were further supported by miR-30d inhibition 

experiments that led to a decrease in miR-30d expression level and an increase in 

SLC23A2 expression (Fig. 4).    

 

  

Figure 4. Effect of miRNA mimic and inhibitor on the expression of miR-30d (A) and 
target gene, SLC23A2 (B) in a randomly selected LCL sample (GM18861). The x axis 
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describes the type of experiment. The y axis illustrates the percent change in expression 
level when compared to scramble control in each experiment either for miRNAs or for 
target genes.  

 

Genetic regulation of miRNA expression  

a.  miRNA-eQTLs: the genetic basis of miRNA expression variation 

Having identified 3’-UTR SNPs that may affect miRNA binding to target mRNA, 

we then performed genome-wide association studies to map miRNA expression 

variation to loci in the genome.  Using Bonferroni adjustment (based on the more than 2 

million SNPs and the 201 miRNAs tested), we identified 31 genome-wide significant 

(p<1x10-10) SNP associations with miRNA expression (Supplemental Table 2).  For 

example, we identified in CEU a set of SNPs, each associated with the expression of miR-

671-5p [MIR671, previously miR-671] at p<1x10-11, and a highly significant (p=2.5x10-12) 

association between rs17782814 and miR-129-5p [MIR129-2, previously miR-129]. 

Similarly, in YRI, we found genome-wide significant (p<1x10-10) associations between 

miRNA expression (hsa-miR-765 [MIR765], hsa-miR-671-5p, hsa-miR-671-5p, hsa-miR-

671-5p, miR-129-1-3p [MIR129-1, previously hsa-miR-129*], miR-155-3p [MIR155, 

previously hsa-miR-155*], hsa-miR-658 [MIR658]) and genetic variation (rs10998703, 

rs6086165, rs6038925, rs2206401, rs532453, rs11900127 and rs1374502, respectively).  

We refer to these miRNA expression-associated SNPs meeting genome-wide significance 

as “miRNA-eQTLs”.     

In the CEU and YRI samples, 153 and 47 SNPs respectively were associated at a 

suggestive threshold (p<1x10-8) with 15 (7.4%) and 21 (10.4%) miRNA expression 
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phenotypes respectively. At a threshold of p< 1x10-6, 1,792 and 1,390 SNPs were 

associated with 131 (65.1%) and 154 (76.6%) miRNA expression in CEU and YRI, 

respectively.  

Among these, a 

number of 

miRNA-

associated SNPs 

were associated 

with the same 

miRNA (e.g., 

miR-30b* and 

miR-671-5p) in 

both 

populations.  The chromosomal location of these miRNA-expression-associated SNPs 

(p<1x10-8) is illustrated in Fig 5.   

 

 
Figure 5. The chromosomal location of miRNA-expression associated SNPs. A miRNA-
associated SNP in CEU is denoted by a red line while that in YRI by a blue line. All SNPs 
shown here meet the criteria p<1x10-8 with miRNA expression. 
 

b.  Genomic properties of miRNA-associated SNPs 
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We found that a majority of miRNA-eQTLs (p<1x10-10) trans-associated with 

mature miRNA expression. No miRNA-eQTLs were found in the region defined by the 

mature miRNA.   

miRNA-eQTLs are enriched for mRNA-eQTLs 

Our group has previously identified a set of mRNA expression QTLs (eQTLs) in 

these HapMap cell lines [152].  To further evaluate the relationship between the 

observed miRNA-associated SNPs and the mRNA-eQTLs, we asked to what extent the 

miRNA-associated SNPs (at suggestive p<1x10-8) identified in this study influence global 

gene expression. We found that 25% and 18% of such miRNA-associated SNPs are also 

predictive of mRNA expression at p<1x10-4 in CEU and YRI, respectively.  This level of 

overlap is a significant enrichment (enrichment p=0.027 in CEU and enrichment p=0.025 

in YRI) for mRNA-associated SNPs among miRNA-associated SNPs, based on simulations 

(N=1000) with allele frequency matching SNPs; the simulation procedure is as previously 

described [15] (with details of its application in this particular context found in Materials 

and Methods).  At a more stringent threshold for association with mRNA expression 

(p<1x10-6), the level of overlap between miRNA-associated SNPs and mRNA-associated 

SNPs becomes even more significant (enrichment p<0.001 in CEU and enrichment 

p=0.02 in YRI).  Figure 6, for example, illustrates the results of this enrichment analysis in 

CEU, with the observed count of mRNA-associated SNPs among the miRNA-associated 

SNPs (represented as a black dot) significantly greater than expected (shown as the null 

distribution) given the minor allele frequency distribution of the miRNA-associated 

SNPs. Thus, we have confirmed a hypothesis that is perhaps not unexpected, namely the 
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miRNA-associated SNPs identified in our study are significantly more likely to predict 

mRNA transcript levels than a random set of allele frequency matched SNPs; this 

observation is robust to the threshold used for defining SNP-mRNA associations. 

 

 

Figure 6.  miRNA-eQTLs are significantly enriched for mRNA-eQTLs.  The histogram 
shows the empirical distribution from 1000 sets of allele frequency matched SNPs.  The 
black dot represents the observed overlap count.  This plot illustrates the enrichment of 
miRNA-eQTLs for mRNA-associated SNPs in CEU (p<0.001). 

 

Genome-wide integrative analysis of SNP, miRNA expression and mRNA expression: 

Discovery and Validation (Fig 2B).  
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Having demonstrated a robust enrichment for mRNA-associated SNPs among 

miRNA-associated SNPs, we proceeded to quantify the proportion of mRNA expression 

variance that may be attributed to miRNA expression. We also assigned a score MG to 

each gene (see Materials and Methods) defined to capture the proportion of explained 

variance due to a miRNA predictor.  Supplemental Fig 4 shows the empirical cumulative 

distribution function (CDF) for this score MG.  We performed enrichment analyses on 

permuted datasets (N=10,000) of genome-wide gene expression traits with preserved 

correlation structure to determine whether the scores observed are greater than 

expected by chance. Fig 7 shows the result of this analysis, which compares the 

observed and expected distributions of the score. Note the higher explained variance 

attributable to miRNA expression in the observed data, as quantified by MG, compared 

to expectation. We then conducted functional annotation enrichment analyses for the 

genes showing the highest proportion of mRNA variation explained (i.e., MG > 0.40) 

using DAVID [153, 154].  We observed a highly significant enrichment (Benjamini-

Hochberg, p<3x10-3) for genes integral to the plasma membrane (wherein the gene 

product is found to penetrate at least one phospholipid bilayer of a plasma membrane) 

and genes intrinsic to the plasma membrane (i.e., the gene product is located in the 

plasma membrane such that some covalently attached portion of the gene product, for 

example part of a peptide sequence or some other covalently attached group such as a 

GPI anchor, spans or is embedded in one or both leaflets of the membrane).  
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Figure 7. A comparison of the distribution of the explained variance score (MG) 
between the observed data and simulated data.  Note that we observed a higher 
explained variance score compared to expectation.   
 

Taken together, these various enrichment results, from independent sources of 

data, suggest that the miRNA effects we observed on the mRNAs are not due to chance 

variation, and they provide a quantitative assessment of the contribution of the miRNAs 

to mRNA expression variability. 

We then sought to determine whether some of the identified relationships 

among SNPs/miRNAs/mRNAs may be functionally validated. Focusing on the SNPs that 

are both miRNA-associated (p<1x10-8) and mRNA-associated (p<1x10-4), we identified a 

list of 12 SNPs, each of which is associated with the expression of a miRNA (from a total 
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list of 4 miRNAs) and the expression of a gene (from a list of 14 genes) for which the 

miRNA-mRNA relationship (either positive or negative) is significant (FDR<0.05), with all 

pairwise relationships among SNPs/miRNAs/mRNAs identified in CEU; similarly, 1 SNP 

associated with the expression of 1 miRNA and 4 genes for which the miRNA-mRNA 

relationship (either positive or negative) is significant (FDR<0.05), with all pairwise 

relationships identified in YRI (Table 2, Fig 8A-8C).  Among these findings, two of the 

miRNA-mRNA relationships (miR-378 and KCNIP2; let-7d and CHPT1) were also 

predicted by miRBase and therefore underwent further functional evaluation.   

In an independent set of 58 HapMap phase III CEU and 58 HapMap phase III YRI 

samples, using qPCR, we replicated the genotype and mRNA expression relationship for 

rs10022802 and CHPT1 (Fig 8A and 8B. p=1x10-8 and p=0.015 for CEU discovery and 

replication, respectively). We did not replicate the positive correlation between the 

expression of let-7d and CHPT1, which we attribute to the lack of correlation between 

the two methods used to quantify let-7d expression (the Exiqon assay vs. qPCR method 

using Exiqon primers). Furthermore, the positive correlation between miR-378 and 

KCNIP2 was replicated in the separate samples (Fig 8C and 8D. p=2x10-5 and p=0.002 for 

YRI discovery and replication, respectively).  We did not replicate the rs4687207 

genotype/miR-378 and rs4687207- KCNIP2 relationships, suggesting these relationships 

may be false discovery.  
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Figure 8. Discovered and replicated relationships for SNP-miRNA-mRNA. A and B) show 
the rs10022802 genotype in relationship to CHPT1 expression in the CEU I/II discovery 
and CEU III replication samples, respectively; C and D) show the positive correlation 
between miR-378 and KCNIP2 expression in the discovery and replication YRI samples.   

 

Genetic variation, miRNA processing machinery genes and downstream miRNA 

expression 

Fifty-one of 52 genes important for miRNA (nuclear/cytoplasmic) processing and 

biogenesis are expressed in the HapMap LCL samples (CPEB1 [MIM: 607342] is the 

exception). Using strict Bonferroni correction (based on the more than 2 million SNPs 

and the 51 expressed genes tested), we found no genome-wide significant eQTLs for the 

miRNA processing genes.  However, when we restricted analysis to SNPs within the 

miRNA processing genes, we found 4 SNPs (rs7813 and rs910925, which are missense 



121 
SNPs, and rs2291779, an intronic SNP, all within GEMIN4 [MIM: 606969] gene, and 

rs868224 located in the intron of EIF2C2 [MIM: 606229] gene) that trans-associated 

with several downstream miRNA-processing genes (p<10-4) without affecting their host 

gene transcriptional expression. All observations are in the YRI samples, with rs7813 and 

rs2291779 associated with TNRC6B [MIM: 610740] expression; rs910925 associated 

with CNOT1 [MIM: 604917], TNRC6A [MIM: 610739] and TNRC6B expression; and 

rs868224 associated with DDX6 [MIM: 600326] and SND1 [MIM: 602181] expression. 

Notably, among these 4 SNPs, the missense SNP rs7813 has been suggested to affect 

the microRNAome previously [155].   

At FDR<0.05, we found significant associations between the miRNA-processing 

genes and miRNA expression, including DGCR8 [MIM: 609030] and miR-342-3p 

[MIR342] (in YRI), DICER1 [MIM: 606241] and miR-574-5p [MIR574] (in CEU), as well as 

SMAD3 [MIM: 603109] and miR-15b [MIR15B], SMAD3 and miR-744 [MIR744], SMAD3 

and miR-93 (in YRI).   This latter finding that a miRNA-processing gene is significantly 

associated (FDR<0.05) with multiple miRNAs continues to hold at nominal levels of 

significance for the miRNA-mRNA relationship for the miRNA-processing genes 

(Supplemental Table 3).  

miRNA-eQTLs are associated with complex traits 

We searched for correlations (r2>0.80) between miRNA-eQTLs identified in our 

study and complex trait associated SNPs in the comprehensive NHGRI catalog of 

published genome-wide association studies [156].  We identified miRNA-associated 

SNPs which have been associated with metabolic traits (e.g., total cholesterol level and 
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body mass index), neurological diseases (e.g., amyotrophic lateral sclerosis [MIM: 

105400] and Parkinson’s disease [MIM: 168600]), and an autoimmune disorder (e.g., 

Ankylosing spondylitis [MIM: 106300]).  See Table 3 for the list of reported SNP 

associations from published GWAS among our miRNA-associated SNPs, most of which 

achieved genome-wide significance in the initial study and were subsequently validated 

in an independent replication study. 

 

Discussion 

Our study comprehensively investigated the genetic architecture of miRNA 

expression and genetic regulation of miRNA-mRNA interaction, on a genome-wide scale, 

in the HapMap cell lines.  Our genome-wide analyses of 3’-UTR SNPs identified a 

comprehensive list of genetic polymorphisms showing evidence for influencing miRNA 

regulation of a gene.  Our subsequent genome-wide miRNA-eQTL mapping identified 

SNPs that potentially regulate miRNA expression, mRNA expression or both. In 

particular, our study highlights the genetic basis of miRNA expression variation and its 

contribution to transcriptional gene expression variation. Importantly, these results can 

be integrated into genome-wide association studies to provide mechanistic insights into 

pathophysiology, therapeutic outcome, and other complex traits.  

Through an integrative analysis, we found that (perhaps not surprisingly) miRNA-

associated SNPs are enriched for mRNA-associated SNPs. Our study explored each of the 

following cases: 1) genetic variation is mediating the observed relationship between 

miRNA and mRNA; or 2) a SNP is regulating miRNA expression, thereby altering mRNA 
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expression; or 3) a SNP is regulating mRNA (e.g., the genes involved in nuclear and 

cytoplasmic miRNA processing examined here) expression thereby altering miRNA 

expression downstream. Each of these scenarios demonstrates the importance of 

genetic variation in miRNA-mRNA expression interaction. Only about 20% of the 

observed miRNA-associated SNPs are mRNA-associated. Since miRNAs may mediate 

translational repression, it is possible that many of the identified miRNA-eQTLs may also 

act as protein-eQTLs, thus warranting the evaluation of these miRNA-eQTLs for their 

role in protein expression.  

To date, most of the research efforts that have investigated the genetic 

mechanisms underlying miRNA-mRNA interactions have been focused on the 3’UTR 

regions of the miRNA target genes. SNPs in these 3’UTR regions were found to be under 

stronger negative selection than 3’UTR SNPs in non-miRNA targets, suggesting that 

genetic polymorphisms in 3’UTR regions are important for miRNA function [157]. 

Furthermore, a recent study has reported that SNPs in miRNA target sequences may 

interact with miRNAs to affect the variability of gene expression [157].  There have been 

several such recent studies exploring this phenomenon. For example, Richardson et al. 

focused on SNPs mapping to the miRNA recognition elements (MREs) in the 3’UTR of 

the miRNA targets, particularly those in the MRE seed site (MRESS) [158]. Thomas et al. 

developed a computational approach to predict the effects of SNPs on miRNA binding 

sites in which all SNPs in the 3’UTR of the target gene were evaluated simultaneously 

[159]. In addition, two other databases, PolymiRTS [150] and Patrocles [151], provide 

convenient online tools to query potential SNP effects on miRNA binding to 3’-UTRs of 
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known genes.  In this study, we also performed a comprehensive scan of the 3’UTR 

regions for SNPs with potential effect on miRNA binding, thus affecting miRNA 

regulation of the proximal target mRNA. A subset of our findings was confirmed by 

these databases. It is worth noting that these databases and tools are largely premised 

on in silico evidence (e.g., sequence conservation). Our study, on the other hand, 

provides additional evidence for genetic control of miRNA-mRNA binding through 

experimental data consisting of both miRNA expression and mRNA expression.  One 

limitation of some existing tools is that their predictions are based on SNPs in the ‘seed’ 

region of the miRNA target sites so that only SNPs that meet this requirement are 

presumed to affect the base-pairing between the miRNA and the cognate target mRNA. 

However, it has been demonstrated that SNPs outside of these ‘seed’ regions may also 

affect miRNAs that bind either upstream or downstream of the SNP [160].  We 

functionally validated a number of these SNPs as cis-acting eQTLs to their target genes 

and replicated the inhibitive effect of the miRNA on the target mRNA in an independent 

set of samples.  

By over-expression and inhibition experiments on miR-30b, we provided 

additional functional support for its effect on the target mRNA, SLC23A2.  SLC23A2, 

[solute carrier family 23 (nucleobase transporters), member 2] encodes a transporter 

that plays an important role in vitamin C absorption and distribution [161]. Genetic 

variants within this gene region have been reported to be associated with risk for 

preterm delivery [162], lymphoma [163], advanced colorectal adenoma and gastric 

cancer [164, 165], and HPV16-associated head and neck cancer [166]. We found a SNP 
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(rs16990301) located in the 3’-UTR of SLC23A2 and cis-associated with the expression of 

the gene in the HapMap YRI samples (p=0.005). This association was not observed in 

CEU samples, due to the difference in MAF (0.04 and 0.14 in CEU and YRI, respectively). 

We also found 6 miRNAs whose increased expression inhibits SLC23A2 expression in the 

YRI samples. The bindings between miR-30b or miR-30d and SLC23A2 were predicted by 

miRBase.  In addition, the inhibitive effect of miR-148a on SLC23A2 expression was also 

replicated in the CEU samples.  

In addition to the SNPs in the 3’UTR of a miRNA target, Gong et al. catalogued a 

list of 757 SNPs located in or near pre-miRNA regions.  They found 50 of these SNPs are 

located in 41 miRNA seed regions and experimentally validated 7 of these SNPs for their 

effect on miRNA target binding [167].  Six of these 7 SNPs are part of the HapMap SNPs 

we examined, although none of them associated with the expression of the putative 

target genes (SEMA3F [MIM: 601124], BCL2 [MIM: 151430] or ATP6V0E1 [MIM: 

603931]) in the HapMap samples at the p<10-4 threshold.  This may in part be due to the 

tissue-specificity of gene/miRNA expression. Our group has previously identified a set of 

33 miRNAs that demonstrated significant differences in expression levels between the 

HapMap CEU and YRI samples [140].  In that study, we examined 2770 SNPs showing 

high population differentiation (based on Fisher’s fixation index, Fst) and found a subset 

may contribute to the observed differential miRNA expression.  This study builds on the 

earlier study by conducting a comprehensive genome-wide analysis of SNP effect of 

miRNA regulation.  
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Furthermore, in contrast to earlier studies which considered sequence-based 

analyses (e.g., negative selection or miRNA recognition elements) of SNPs in miRNA 

regions (such as pre-miRNAs or target sites), this study utilized genetic mapping of 

miRNA expression phenotypes as quantitative traits to characterize the genetic basis of 

miRNA expression variation.  Importantly, our genome-wide analyses have shown that 

SNPs that lie outside of miRNA regions (e.g., pre-miRNAs or target sites), which have 

been the focus of most (localized) analyses of SNP effect on miRNAs, may significantly 

influence miRNA expression variation and thus alter miRNA-target interactions. 

From our miRNA-eQTL mapping, we found that a SNP, rs4687207, is associated 

with miR-378 expression. This miRNA is also associated with 4 mRNA expression 

phenotypes, including KCNIP2, CD38 [MIM: 107270], MTTP [MIM: 157147] and RAPGEF2 

[MIM: 609530] in the YRI samples. The relationship between miR-378 and KCNIP2 is 

predicted by miRBase and replicated by our study in an independent set of YRI samples.  

KCNIP2 (Kv channel interacting protein 2) encodes a member of the family of voltage-

gated potassium (Kv) channel-interacting proteins (KCNIPs), which belongs to the 

recoverin branch of the EF-hand superfamily. Members of this protein family are small 

calcium-binding proteins and may regulate A-type currents (hence, neuronal excitability) 

in response to changes in intracellular calcium. It has been shown that the increased 

expression of KCNIP2 attenuates cardiac hypertrophy [168] and a defect in this gene 

confers susceptibility to ventricular tachycardia [169]. One miRNA, miR-133a, was 

shown to protect against myocardial fibrosis and modulate electrical repolarization 

through its effect on KCNIP2 [170]. In addition, miR-378 was reported to play a role in 
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the development of cardiac hypertrophy [171]. Interestingly, a recent report confirms 

the role of miR-378 in myoblast differentiation [172], suggesting a potential link 

between miR-378 and KCNIP2 in cardiac tissue.  

In CEU, a SNP (rs10022802) was found to associate with the expression of let-7d 

(p=1x10-9) and nine target mRNAs. The relationship between let-7d and CHPT1 is 

predicted by miRBase. CHPT1, choline phosphotransferase 1, has been found to be over-

expressed in breast cancer cell lines relative to the non-tumorigenic cell lines [173],  

while let-7d expression variability has been reported in different cancers, including 

breast [174], lung [175], ovarian cancers [176] and acute promyelocytic leukemia [177].   

A polymorphism (829C>T) in the 3’UTR of dihydrofolate reductase (DHFR, [MIM: 

126060]) gene was previously reported to affect miR-24 binding and result in DHFR 

overexpression and methotrexate resistance [160].  Adams et al. showed variant carriers 

of an ESR1 3’UTR SNP could increase the repression of miR-206 on ESR1 in breast cancer 

cell lines [178].  We did not replicate these findings in our model which may be caused 

by the different model systems evaluated (fibrosarcoma cells or CHO or MCF7 cells vs. 

LCLs, in which miR-24 is not expressed). 

We also conducted a systematic study of 51 genes important for miRNA 

processing and biogenesis.  These genes are crucially involved in nuclear and 

cytoplasmic miRNA processing.  They include the core components – namely, DROSHA 

[MIM: 608828], an RNase III enzyme, and DGCR8/Pasha – of the Microprocessor 

complex that crops the pri-miRNA into a hairpin structured precursor miRNA (pre-

miRNA), XPO5 [MIM: 607845] (which transports the pre-miRNA into the cytoplasm), and 
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DICER1, a cytoplasmic RNase III enzyme that dices the pre-miRNA into the ~22 

nucleotide miRNA duplex [179]. We hypothesized that genetic polymorphisms that 

perturb the expression of genes in this miRNA processing machinery are likely to 

influence miRNA expression.  A SNP (rs7813), which is a missense polymorphism within 

the GEMIN4 gene and was previously reported to affect the microRNAome [155], was 

identified by our integrative analysis to associate with the expression of a downstream 

gene TNRC6B, which plays an important role in the miRNA gene silencing process [180]. 

Notably, we found, perhaps not surprisingly, a miRNA processing gene (e.g., SMAD3) 

may influence, positively or negatively, the expression of multiple miRNAs. Furthermore, 

potential eQTLs for DICER1 or DROSHA expression were also found to affect potential 

target miRNAs (Supplemental Table 3).  These findings suggest a plausible mechanism 

for the trans-relationships associated with miRNA-eQTLs.  

Finally, we hypothesized that miRNA-eQTLs are likely to make a contribution to 

disease pathogenesis and that incorporating them in genome-wide association studies 

may yield functional insights into otherwise anonymous associations.  We thus sought 

mechanistic hypotheses for published associations between genetic variation and 

disease by utilizing the miRNA-associated SNPs identified in our study. The potential 

mechanistic links between miRNA-related SNPs and pathophysiology are supported by 

several recent studies [158, 159]. For example, Richardson et al. found 39 SNPs that 

potentially alter miRNA recognition element seeding sites, thus influencing target gene 

expression and contributing to increased disease risk[158]. Thomas et al. identified 

several SNPs that are in LD with those that may affect miRNA binding and are associated 
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with breast cancer, asthma and Parkinson’s disease risk [159]. Our findings, which 

extend these observations that are localized to miRNA regions (specifically, target sites 

and pre-miRNAs) through genome-wide miRNA expression profiling, provide significant 

evidence for the role of genetic variation-mediated regulation of miRNA expression in 

the etiology of a broad spectrum of human complex phenotypes, including 

neurodegenerative diseases, metabolic traits, and autoimmune disorders.  Several 

examples are worth highlighting. The SNP rs7577851 has been found to be reproducibly 

associated with Parkinson’s disease [181].  This SNP finding followed an earlier study 

[182], which had implicated the PARK3 [MIM: 602404] linkage region located on 

chromosome 2p13.  Our study identified rs7577851 as a miR-9*-associated SNP.  

Remarkably, a recent study showed the potential role of miR-9-based gene regulatory 

mechanisms in adult neurons and neurodegenerative states [183].  We also identified 2 

distinct SNPs – rs10206899 reproducibly associated with serum creatinine (p=1x10-15) 

and with chronic kidney disease (p=5.0 × 10−5) [184] and rs13538 reproducibly 

associated with chronic kidney disease (p=5x10-14) [185] published in 2 independent 

studies – which target the same miRNA miR-933. Our study strongly supports the 

importance of SNP-mediated control of miRNA expression – in particular, implicates 

miR-933 – in renal function and susceptibility to chronic kidney disease.   

There are caveats to our study.  First, the negative miRNA-mRNA relationships 

observed in our study reflect only the effect of miRNAs on mRNA stability or 

degradation, rather than on protein translation.  Second, given the model system 

utilized in this study, some of the miRNA-eQTL findings may be tissue specific.  
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Nevertheless, in addition to previously implicated relationships that our study 

experimentally confirmed, we demonstrated, through extensive enrichment studies 

using functional annotation categories as well as using permuted datasets of genome-

wide gene expression traits, that the miRNA effects observed on mRNA expression in 

the model system are not due to chance variation. Finally, it has been shown that 

Epstein-Barr virus (EBV) used in establishing LCLs may affect gene [186] or miRNA 

expression (e.g., decreased miR-200 [187] and increased miR-29b [188]). However, the 

miRNAs and mRNAs highlighted in our study were not among those affected by EBV, 

and indeed, we developed an (easily extensible) approach to investigate the degree to 

which potential confounders may contribute to variability in miRNA expression and, 

consequently, report here a substantial difference in the impact of non-genetic 

confounders (specifically, cellular proliferation) on miRNA and mRNA expression levels.  

In summary, we identified a set of SNPs located in the 3’-UTR of genes that may 

affect miRNA regulation of cognate targets. An extended genome-wide analysis 

investigated the genetic basis of miRNA expression variation and explored its effect on 

(mRNA) gene regulation.  We identified genetic variants associated with the expression 

of genes critical to miRNA processing and biogenesis, thereby influencing miRNA 

expression.  Finally, by examining trait-associated SNPs from the NHGRI catalog of 

published GWAS, this study highlights the importance of SNP-mediated control of 

miRNA expression in a range of complex human diseases.  Collectively, our findings 

confirm that the role of genetic variation as an important contributing mechanism of 

gene regulation can be extended to include those that are miRNA-mediated. 
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Table 1. 3’-UTR SNPs that potentially affect miRNA binding and target gene expression.  

SNP gene miRNA P values populatio
n 

predictio
n 
algorithm 
support 

SNP-
gene 

miRNA
-gene 

rs7448 PIK3AP1 miR-21 5.6E-3 2.7E-5 CEU  

rs1060093 FRMD4A miR-148a 9.6E-3 2.6E-7 CEU  

rs4748047  miR-185 5.5E-3 9.5E-5 CEU  

  miR-29b-1*  2.8E-5 CEU  

rs1644394 CAMK1D miR-148a 4.5E-3 4.1E-5 CEU Ypa1, 
Ypa2 

rs533669 ENDOD1 miR-138 9E-3 5.1E-5 CEU Ypo 

rs607666   9E-3  CEU Ypo 

rs3741977 ERC1 miR-223 1.8E-3 5.1E-7 CEU Ypa2 

rs10128884 DDX51 miR-340 8E-4 8.9E-5 CEU  

rs11246940   2.1E-4  CEU  

rs3929 RBL2 miR-223 4.5E-3 1.5E-5 CEU Ypo 

rs10840 IFI35 miR-106a 2E-4 1.9E-5 CEU  

  miR-20a  8.4E-5 CEU  

  miR-642  8.2E-5 CEU  

  miR-106b 5E-4 4.7E-5 YRI  

  miR-15b  3.1E-5 YRI  

  miR-93  5.2E-6 YRI  

rs11365 PPP1R9B miR-223 6.9E-3 9.7E-5 CEU Ypa1, 
Ypa2 

rs14003 LOC201164 miR-10a 1E-2 1.8E-9 CEU  

  miR-181a  3.9E-5 CEU  

  miR-181b  3.8E-6 CEU  
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  miR-363  7.6E-5 CEU  

rs7734 GLUL miR-10a 4.7E-3 2.7E-7 CEU  

rs9347  miR-363 3.3E-3 1.1E-6 CEU  

rs3099467 AP1S3 miR-181b 4.9E-3 4.5E-5 CEU  

  miR-363  3E-5 CEU  

rs4240334 GYPE miR-16 9E-5 7.1E-5 CEU Ypo 

  miR-185  6.1E-5 CEU  

rs2073181 TRAM2 miR-10a 1.5E-3 2.5E-5 CEU Ypo 

rs2073182  miR-181b 1.4E-3 3.9E-5 CEU Ypo 

rs3804498  miR-363 1.4E-3 1.7E-5 CEU Ypo 

rs3735110 IQCE miR-363 4E-3 5.3E-5 CEU  

rs3735114   5.5E-3  CEU  

rs6982146 ZFAT miRPlus_42780 1.9E-3 7E-5 CEU  

rs9644464   3.3E-3  CEU  

rs16905194   3.2E-3  CEU  

rs2473930 ABTB2 miR-191 9.7E-3 5.4E-6 YRI Ypo 

  miR-423-3p  1E-5 YRI  

  miR-425  3.4E-7 YRI  

  miR-744  3.2E-5 YRI  

rs7948832 EHD1 Let-7i 9.2E-3 7.3E-5 YRI Ypo 

  miR-181a  7E-6 YRI  

  miR-181b  1.5E-5 YRI  

  miR-20b  3.8E-8 YRI  

  miR-339-5p  5.5E-5 YRI  

  miR-363  5.8E-8 YRI  

rs674 GNS miR-106b 1E-3 2E-5 YRI  
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rs12309081   5.4E-3  YRI  

rs11063101 C12orf5 miR-15b 5E-4 4.4E-5 YRI  

rs12230757  miR-25 1.9E-3 3.1E-5 YRI  

rs12823931  miR-93 9.8E-3 8.6E-5 YRI  

rs3743712 TK2 miR-886-3p 5E-6 1.6E-5 YRI  

  miRPlus_17848  2.6E-5 YRI  

rs1049481 CALR miR-342-3p 2.1E-3 1.1E-5 YRI Ypo 

rs16990301 SLC23A2 miR-10a 4.6E-3 2.3E-6 YRI Ypa2 

  miR-148a  1.5E-5 YRI  

  miR-181a  2.4E-5 YRI  

  miR-30b  6.7E-5 YRI Ym 

  miR-30d  7.4E-6 YRI Ym 

  miR-363  1.6E-5 YRI  

rs1056610 TOMM22 Let-7i 7E-11 1.7E-5 YRI Ypo 

rs1056661  miR-186 1E-7 2.4E-5 YRI Ypo 

rs5750668   3E-4  YRI Ypo 

rs943 HK2 miR-1 1.8E-3 2.4E-5 YRI Ypo 

rs3821305  miR-22 2.2E-3 5.4E-5 YRI Ypo 

rs782652 PNPT1 miR-342-3p 1.8E-3 3.2E-5 YRI Ypo 

rs10495933 EPAS1 miR-15b 3.2E-3 1.7E-5 YRI Ypo 

rs1052133 OGG1 miR-342-3p 9E-6 1.7E-5 YRI Ypo 

rs2171513 BTLA miR-181a 4.1E-3 4E-5 YRI Ym, Ypo 

rs3796133 DCBLD2 miR-549 7.7E-3 5E-5 YRI Ypa1, 
Ypa2, Ypo 

rs12698938 AUTS2 miR-10a 3E-4 4E-5 YRI Ym, Ypa2 

  miR-363  1.7E-5 YRI Ypa1 
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rs1043245 MEGF9 miR-191 5.5E-3 1.8E-6 YRI Ypa1, 

Ypa2 

rs7040418  miR-425 5.5E-3 1.1E-5 YRI Ypo 

rs10116870 MOBKL2B miR-191 9.1E-3 5.1E-5 YRI  

Bold miRNA and gene indicate the negative correlation between them was also 
observed in the other population (p<10-4); 

Ypa1: Patrocles-predicted cis-eQTL; 

Ypa2: Patrocles-predicted SNP being a putative target site of a miRNA; 

Ym: miRanda-predicted miRNA and mRNA binding; 

Ypo: PolymiRTS-predicted SNP that may affect miRNA binding. 
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Table 2. SNP-miRNA-mRNA relationships identified in our study. 

 

SNP miRNA mRNA 

P values 

Population SNP-
miRNA 

SNP-
mRNA 

miRNA-
mRNA 

rs4687207 miR-
378# 

CD38 8.1E-9 1E-5 1.8E-5 YRI 

  KCNIP2#  6E-5 2E-5 YRI 

  MTTP  2E-5 4.9E-5 YRI 

  RAPGEF2  4E-5 9.6E-5 YRI 

rs10022802 let-7d# C10orf33 1.2E-9 1E-5 7E-7 CEU 

  CHPT1#  1E-8 3.8E-6 CEU 

  FADS2  6E-7 2.5E-7 CEU 

  IFI6  5E-5 4.1E-5 CEU 

  MAPK13  2E-5 4.1E-5 CEU 

  OAS3  7E-5 5.2E-5 CEU 

  RAPGEF2  4E-5 1.6E-7 CEU 

  SGMS1  1E-5 2.3E-5 CEU 

  TCL1A  4E-6 2.4E-9 CEU 

rs4276463 mir-
513a-5p 

CABC1 4.5E-9 4E-5 2.4E-6 CEU 

  CHST11  2E-5 1.1E-5 CEU 

rs11780970 let-7f C10orf33 9.2E-9 5E-6 2.1E-7 CEU 

  DNAJC12  3E-7 1.3E-8 CEU 

  RAPGEF2  1E-4 1.3E-5 CEU 

  TCL1A  6E-5 1.5E-5 CEU 

rs11986069 let-7f C10orf33 9.2E-9 5E-6 2.1E-7 CEU 

  DNAJC12  3E-7 1.3E-8 CEU 
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  RAPGEF2  1E-4 1.3E-5 CEU 

  TCL1A  6E-5 1.5E-5 CEU 

rs460608 let-7f C10orf33 9.2E-9 5E-6 2.1E-7 CEU 

  DNAJC12  3E-7 1.3E-8 CEU 

  RAPGEF2  1E-4 1.3E-5 CEU 

  TCL1A  6E-5 1.5E-5 CEU 

rs7015737 let-7f C10orf33 7E-9 3E-6 2.1E-7 CEU 

  CDKN2C  1E-4 6.7E-5 CEU 

  DNAJC12  2E-6 1.3E-8 CEU 

  FADS2  1E-4 5.2E-5 CEU 

  RAPGEF2  2E-5 1.3E-5 CEU 

  TCL1A  1E-5 1.5E-5 CEU 

rs7196984 miR-191 ZYX 4.7E-10 1E-4 8.6E-5 CEU 

rs7198753   6.4E-10   CEU 

rs13331459   4.7E-10   CEU 

rs17698789   4.7E-10   CEU 

rs17770916   4.7E-10   CEU 

rs1221892 let-7f C10orf33 9.3E-10 4E-6 2.1E-7 CEU 

  DNAJC112  7E-5 1.3E-8 CEU 

# indicates that the miRNA-gene relationship is predicted by miRanda.  
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Table 3. Replicated associations between miRNA-associated SNPs and complex traits. 

SNP miRNA 
target 

Complex 
trait 

Complex traits 
GWAS sample 
size 

P values Replicatio
n status of 
SNP-
complex 
trait 
associatio
n 

SNP-
miRNA 
associati
on  

SNP-
complex 
trait 
associati
on 

rs10488
031 

miR-335 QT 
interval 

2325 Europeans 1.3E-8 2E-6 ND 

rs75778
51 

miR-9* Parkinson’
s disease 
(age of 
onset) 

857 white familial 
case vs. 440 
white idiopathic 
cases 

3.1E-6 9E-6 + 

rs12970
134 

miR-
320a 

Body mass 
index 

80969 individuals 4.0E-6 1E-12 + 

rs10206
899 

miR-933 Serum 
creatinine 

23812 European 
descents 

4.5E-6 1E-15 + 

rs13538 miR-933 Chronic 
kidney 
disease 

67093 European 
descent 

4.5E-6 5E-14 + 

rs11209
026 

Let-7d Ankylosin
g 
spondyliti
s 

2053 European 
descent cases, 
5140 European 
descent controls 

4.8E-6 9E-14 + 

rs11209
026 

miR-20a Ankylosin
g 
spondyliti
s 

2053 European 
descent cases, 
5140 European 
descent controls 

9.6E-6 9E-14 + 

rs38466
62 

miR-222 Total 
cholestero
l 

22562 individuals 3.5E-8 3E-19 ND 

rs38466
62 

miR-221 Total 
cholestero
l 

22562 individuals 1.1E-7 3E-19 ND 



138 
rs11590
090 

miR-
150* 

Hyperacti
ve-
impulsive 
symptoms 

909 trios 1.0E-6 3E-6 ND 

rs15411
60 

miR-29b Amyotrop
hic lateral 
sclerosis 

1821 cases vs. 
2258 controls 

3.0E-6 2E-8 + 

rs15411
60 

miR-
520d-5p 

Amyotrop
hic lateral 
sclerosis 

1821 cases vs. 
2258 controls 

3.8E-6 2E-8 + 

rs64200
94 

miR-665 Chronic 
kidney 
disease 

Up to 67093 
European 
descents 

4.3E-6 1E-14 + 

rs15411
60 

miR-20b Amyotrop
hic lateral 
sclerosis 

1821 cases vs. 
2258 controls 

5.0E-6 2E-8 + 

rs10514
718 

miR-26b Major 
depressiv
e disorder 

1020 European 
cases vs. 1636 
European 
controls 

5.8E-6 4E-6 ND 

rs75778
94 

Let-7e Amyotrop
hic lateral 
sclerosis 

1821 cases vs. 
2258 controls 

6.6E-6 1E-6 + 

rs15411
60 

miR-22 Amyotrop
hic lateral 
sclerosis 

1821 cases vs. 
2258 controls 

7.1E-6 2E-8 + 

rs22811
35 

miR-19a Plasma 
level of 
liver 
enzymes 

7751 European 
whites 

7.8E-6 8E-16 + 

rs15411
60 

miR-17 Amyotrop
hic lateral 
sclerosis 

1821 cases vs. 
2258 controls 

8.0E-6 2E-8 + 
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rs15411
60 

miR-
106a 

Amyotrop
hic lateral 
sclerosis 

1821 cases vs. 
2258 controls 

9.3E-6 2E-8 + 

rs16776
9 

miR-335 Eosinophil
ic 
esophagiti
s 
(pediatric) 

European descent 
adolescent 181 
cases vs. 1974 
controls 

9.9E-6 2E-6 + 

ND: not done.  

 

The Supplementary Material is available in the online version of this article. 
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Chapter 5 

Enrichment of cis-regulatory gene expression 
SNPs and methylation quantitative trait loci 

among bipolar disorder susceptibility variants 
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Abstract 

We conducted a systematic study of top susceptibility variants from a genome-

wide association (GWA) study of Bipolar Disorder in order to gain insight into the 

functional consequences of genetic variation influencing disease risk.  We report here 

the results of experiments to explore the effects of these susceptibility variants on DNA 

methylation and mRNA expression in human cerebellum samples.  Among the top 

susceptibility variants, we identified an enrichment of cis regulatory loci on mRNA 

expression (eQTLs), and a significant excess of quantitative trait loci (QTLs) for DNA CpG 

methylation, hereafter referred to as mQTLs.   Bipolar Disorder susceptibility variants 

that cis-regulate both cerebellar expression and methylation of the same gene are a 

very small proportion of Bipolar Disorder susceptibility variants.  This finding suggests 

that mQTLs and eQTLs provide orthogonal ways of functionally annotating genetic 

variation within the context of studies of pathophysiology in brain.  No lymphocyte 

mQTL enrichment was found, suggesting that mQTL enrichment was specific to the 

cerebellum, in contrast to eQTLs.  Separately, we found that using mQTL information to 

restrict the number of SNPs studied increases power to detect an association. With this 

restriction a priori informed by the observed functional enrichment, we identified a 

genome-wide significant association (rs12618769) from two other GWA studies (TGEN+ 

GAIN) of Bipolar Disorder, which we replicated in an independent GWA study (WTCCC).  

Collectively, our findings highlight the importance of integrating functional annotation 

of genetic variants for gene expression and DNA methylation to advance biological 

understanding of Bipolar Disorder.    
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Introduction 

 Epigenetic phenomena [189], including DNA methylation, histone modification, 

and RNA-induced gene silencing, are important mechanisms of transcriptional 

regulation.  Rapid advances in the development of high-throughput assays facilitate 

correspondingly dramatic advances in elucidating how such processes mediate gene 

expression and other phenotypes [190, 191].  Enhanced understanding of epigenetic 

changes promises to shed light on disease mechanisms and clarify the consequences of 

epigenetic disruptions on pathophysiology [192].  Single-gene disruptions of the 

epigenetic machinery have long been recognized to cause neurodevelopmental 

disorders; for example, mutations in the MECP2 gene which encodes a protein that 

binds to methylated DNA are the cause of Rett syndrome [193]. Little, however, is 

known regarding the epigenetic component of common complex diseases.  Recent 

studies from our group [15, 194] and others [195] on the utility of expression 

quantitative trait loci (eQTLs) to improve our understanding of complex traits genetics 

and to enhance discovery from genome-wide association (GWA) studies prompted us to 

evaluate to what extent genetic and epigenetic regulation of gene expression may 

contribute to susceptibility to neuropsychiatric disorders.    

Focusing on Bipolar Disorder, we were particularly interested in the question of 

whether mapping methylation levels and transcript levels to genomic loci as 

methylation quantitative trait loci (mQTLs) [196] and expression quantitative trait loci 
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(eQTLs) [197] in brain respectively, may provide information on the functional 

consequences of otherwise anonymous susceptibility variants identified by GWA studies 

on Bipolar Disorder [198-200], assist in the identification of novel susceptibility loci, and 

provide a framework for interpreting and prioritizing results from GWA studies of 

neuropsychiatric disorders.  For an investigation of disease epigenetics, Bipolar Disorder 

provides a particularly striking example, as dynamic epigenetic fluctuations in gene 

regulation may contribute to fluctuation of disease course [201, 202].  In particular, a 

systematic genome-wide investigation of genetic control of DNA methylation allowed us 

to test such genomic loci for effect on disease risk. 

 

Results 

 

A catalog of mQTLs 

 

We re-analyzed our published mQTL dataset [196] by including imputed 

genotype data (see Materials and Methods), and extended the cis-region to 4 Mb.  

Analogous to the traditional classification of eQTLs, we sought to classify methylation 

QTLs (mQTLs) into cis and trans regulators of methylation phenotypes.  SNPs wthin 4 Mb 

of a variably methylated CpG site were included in our cis analysis.  We identified 5974 

distinct genes with cis mQTLs at association p < 0.01, and 4143 distinct genes with cis 

mQTLs at a more stringent p < 0.001.  Figure 1 illustrates the genomic locations of the 

identified cis mQTLs.  To further the investigation of these mQTLs, we have deposited 

this dataset into SCAN (http://www.scandb.org) [194], a publicly available genomic 
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resource containing initially the results of eQTL studies conducted in lymphoblastoid cell 

lines. 

   

  

Figure 1.  Chromosomal distribution of genes with cis mQTLs.  A gene with a cis mQTL 
is denoted by a red line. 
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Top Bipolar Disorder susceptibility SNPs from GWA studies are enriched for mQTLs 

We sought to test the hypothesis that the top associations from the WTCCC 

Bipolar Disorder study are enriched for variants that affect methylation levels.  This 

follows our earlier study on the use of eQTL enrichment analysis and eQTL-based 

annotation to enhance discovery of reproducible signals from GWA studies [194].  That 

initial study was performed on (transformed) lymphocytes. We thus wanted to test a 

secondary hypothesis, whether SNPs that exert an influence on methylation levels in 

brain, the presumed tissue of relevance for Bipolar Disorder, are enriched in SNPs 

showing strong associations with Bipolar Disorder.  

Figure 2 illustrates the result of our enrichment analysis applied to the WTCCC 

study of Bipolar Disorder.  First, we took the top SNP associations (defined as p < 0.001; 

n=935) and asked whether there was an excess of cis mQTLs relative to null expectation.  

For the definition of mQTLs, we used the threshold of p < 0.01; a subsequent analysis 

using a more stringent p < 0.001 yielded similar results (so that the enrichment results 

appear robust to the definition of mQTL).  To generate the null distribution, we 

conducted simulation studies, as previously described [15, 194].  See Materials and 

Methods for details of the simulation procedure.  At the given mQTL threshold, we 

identified 132 such mQTLs among the top Bipolar Disorder associated SNPs (shown in 

Figure 2 as a black dot).  From the simulated datasets (N=1000) each comprising of 

minor allele frequency-matched SNPs, the expected cis mQTL count was found to be 

108.9 with standard deviation of 9.7. The enrichment p value is 0.01. 
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Figure 2. Top susceptibility loci from the Wellcome Trust genome-wide association 
study of Bipolar Disorder are significantly enriched for cis mQTLs.  The distribution of 
the number of cis mQTLs in 1,000 draws (each of same count as the number of 
susceptibility loci tested) of frequency-matched variants is shown in the bar graphs, with 
the actual number of cis mQTLs observed in Wellcome Trust study shown as a solid 
circle. 

 



148 
We then tested for cis mQTL enrichment for all SNP-disease associations 

satisfying p < 0.0001. Such a test would establish robustness of our observation to the 

definition of “top SNP associations” used in the analysis.  We found that the cis mQTL 

enrichment held robustly (p = 0.01) at the more stringent SNP-disease association 

cutoff. 

We tested for enrichment of trans mQTLs among the top associated SNPs.  At 

this initial mQTL threshold, there was no evidence for any significant excess.  Indeed, in 

1000 simulated sets, the expected count of trans mQTLs was found to be 201.8 

(SD=12.4); the observed count, however, was 199. 

In the WTCCC study, cis mQTLs comprised 14% of the most significant 

associations (p < 0.001).  We asked whether a similar level of cis mQTL enrichment could 

be observed among the top SNPs in the GAIN and TGEN studies of Bipolar Disorder [198, 

199].  At the given association threshold, a similar percentage, 14.4%, of the top SNPs 

from the GAIN study were found to be cis mQTLs. Consistent with this trend, the top 

variants from the TGEN study show a significant overlap with local mQTLs (20%). 

Furthermore, as in the WTCCC study, we observed no enrichment of trans mQTLs (p > 

0.50) among the susceptibility variants from either the GAIN or TGEN study.   

Overlap of methylation QTLs and expression QTLs in the top Bipolar Disorder SNPs 

 We then sought to determine the extent of overlap between the mQTLs and the 

eQTLs in the top Bipolar Disorder associated SNPs.  First, we evaluated for (cis) eQTL 

enrichment in cerebellum among the top Bipolar Disorder associated SNPs.  As expected 
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from our earlier study [15] (which was done, however, in transformed lymphocytes), we 

found a significant excess of locally acting eQTLs in cerebellum among the top SNPs.  

Again, from 1000 simulated sets, the observed count was 222 while the expected count 

was 167.9 with standard deviation of 10.9; no simulated set yielded an eQTL count that 

matched the observed count for an enrichment p value < 0.001. 

 Given this enrichment for eQTLs, we asked whether the enrichment for cis 

mQTLs could be explained by our observation on the excess of cis eQTLs relative to 

expectation in cerebellum.  Of the 132 cis mQTLs among the top Bipolar Disorder 

associated SNPs, 55 were found to be mQTLs that are not cis eQTLs.  However, when we 

considered the overlap between cis mQTLs and cis eQTLs for the same SNP-gene pair, of 

169 identified mQTL-gene pairs, we identified only 8 pairs resulting also in the same cis 

eQTL-gene combination.  Of these 8 pairs, 5 are for one gene, DLG5 (for cis joint eQTLs-

mQTLs:  rs10762763, rs11002306, rs1866437, rs2579177, and rs2579178, the first two 

of which are intronic to the gene).  The overlap of the mQTL target genes with the cis 

eQTL target genes is not greater than expected (hypergeometric distribution, p = 0.25).   

To evaluate the significance of the observed number of joint cis eQTLs-mQTLs 

(for the same target gene) among the top Bipolar Disorder associated SNPs, we 

conducted simulations (see Materials and Methods for details of the simulation 

procedure to empirically generate the null distribution to test the significance of the 

observed count of joint cis eQTLs-mQTLs).  The results of the simulation analysis 

(p=0.75, n=1000) show that such SNPs altering expression level and DNA methylation of 



150 
the same proximal transcript constitute a small proportion of either cis mQTLs or cis 

eQTLs, and that the count of such joint eQTLs-mQTLs is at expectation.  

Thus, we conclude that the enrichment of cerebellum mQTLs and that of eQTLs 

in the Bipolar Disorder data are independent features. The variants that are both eQTLs 

and mQTLs for the same proximal target transcript are not driving the observed 

enrichment.  They should thus be considered separately in terms of biological 

functionality. 

Tissue specificity of mQTLs 

To determine whether there is tissue specificity regarding the contribution of 

mQTLs to disease, we also assessed the level of overlap between mQTLs in cerebellum 

and in LCLs among the top associations with Bipolar Disorder.  We compared our 

findings with the (publicly available) results from a recent association analysis of 

methylation levels [203] in the HapMap lymphoblastoid cell lines to look for evidence of 

cross-tissue common regulators.  The methylation profiles for these cell lines were 

assayed using the same platform as our human cerebellum samples.  We found among 

the top SNP associations (p < 0.001) from the WTCCC study no overlap between mQTLs 

identified in brain with the cis mQTLs identified in the LCLs.  Indeed, none of the mQTLs 

identified in LCLs overlapped with the most significant SNPs (p < 0.001) from the WTCCC 

study.  

The use of mQTL information increases power to detect genotypic association with 

Bipolar Disorder 
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  We used the results of GWA studies of Bipolar Disorder (GAIN and TGEN) [198, 

199] in order to evaluate whether incorporating a priori functional (mQTL) information 

into GWA studies would have utility for increasing power to detect significant 

associations.   The meta-analysis of the original GWA studies yielded no genome-wide 

significant findings [198, 199].  But restricting the association analysis to cis mQTLs (p < 

0.001, n=59959) identified a SNP, rs12618769, that acts locally to regulate methylation 

patterns for INPP4A (p = 0.0009) and exhibits significant association (TGEN+GAIN, p = 

8.318e-07, OR=1.43, T allele) with Bipolar Disorder that can survive Bonferroni 

correction for 59959 tests. In the WTCCC study [200], the SNP showed a replicated 

association at p = 0.02 (OR=1.14, T allele). 

  

Discussion 

 In this study, an approach to the investigation of the genetic basis of Bipolar 

Disorder was pursued.  Particularly, we sought to integrate the results of genome-wide 

analyses of genetic regulation of DNA methylation and of gene expression to inform on 

the biological relevance of the results from genome-wide association studies of Bipolar 

Disorder.  Furthermore, we applied this integrative approach to the top loci from GWA 

studies of Bipolar Disorder, as represented in the comprehensive NHGRI repository 

(Table 1) [3], to assess the functional relevance of these susceptibility loci.   

A recent publication has revealed the impact of genetic control of gene 

expression in brain on Schizophrenia [204], Thus, our effort was aimed primarily at 
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understanding the impact of genetic control of DNA methylation on Bipolar Disorder, a 

common complex disease for which epigenetic mechanisms have been proposed as 

critical for pathophysiology.  The proposed epigenetic connection is consistent with such 

observations as reported clinical differences between males and females and the 

fluctuation (i.e., clinical remissions and relapses) of disease course [202].  Our study 

implicates SNP-mediated regulation of epigenetic modification in the etiology of Bipolar 

Disorder. We found that susceptibility loci of Bipolar Disorder are enriched for genetic 

variation with substantial impact on local methylation patterns.    

We were also secondarily interested in integrating studies of genetic regulation 

of DNA methylation and of transcriptional expression, on a genome-wide scale, into a 

coherent framework for characterizing the underlying biological relevance of disease 

susceptibility loci. We found that of the most significant associations with Bipolar 

Disorder, SNPs that control both methylation and the expression of the same proximal 

gene are a small minority.  This is consistent with a recent report that concludes that 

mQTLs and eQTLs largely capture independent traits [205]. This finding lends substantial 

support to our thesis that, within the context of studies of brain pathophysiology, 

genetic variation controlling gene expression and genetic regulation of methylation 

present largely independent sources of variability in disease susceptibility.  While a SNP 

may regulate both methylation and gene expression in brain, it is likely to do so with 

different target genes.  DNA methylation may contribute to disease risk other than 

through influencing gene expression, for example by affecting DNA stability. 

Alternatively, methylation effects on expression may be more difficult to detect due to 



153 
methodological limitations; for example, RNA is much more susceptible to degradation 

than DNA,  

The result of our cis eQTL enrichment analysis strongly demonstrates the 

influence of genetic regulation of gene expression in brain on Bipolar Disorder.  In 

contrast to a recent study [204] that reports enrichment for alleles that affect gene 

expression in brain among Schizophrenia susceptibility alleles, which tests a polygenic 

model that includes tens of thousands of SNPs, our enrichment results were observed in 

the most significant Bipolar Disorder susceptibility associations (p < 0.001).  

Furthermore, the enrichment among the top signals was observed to hold robustly at a 

more stringent threshold (p < 0.0001) for association with disease.  

Finally, through the use of local mQTL information, we identified a significant 

association, rs12618769, that can stand multiple testing correction for all mQTLs tested 

in the GWA studies of TGEN+GAIN Bipolar Disorder.  We found the SNP to regulate the 

methylation of INPP4A (p = 0.0009) in cis.  The gene INPP4A has been shown to protect 

neurons from excitotoxic cell death and to maintain the functional integrity of the brain 

[206].  Remarkably, a previous study has shown that increased excitotoxicity may 

account for disease progression in Bipolar Disorder [207].  We obtained replication of 

the association in the independent WTCCC GWA study.  We also found the SNP was a cis 

eQTL for UNC50 (p = 0.009). 

We believe that genome-wide association studies of neuropsychiatric 

phenotypes merit the kind of investigation made possible by the genome-wide maps of 
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mQTLs and eQTLs . Though much of the functionality of mQTLs that do not correlate 

with eQTLs remains to be elucidated, the effect of genetic variation on methylation 

suggests an important new area to explore and may provide mechanistic insights into 

genome-wide association findings.    

 

Materials and Methods 

Samples 

DNA and RNA of human cerebellum samples from 153 individuals of European 

ancestry were obtained from the Stanley Medical Research Institute (SMRI).  As 

previously described [205], the specimens came from patients with psychiatric disorders 

and normal controls.  Information on age, gender, ethnicity, brain pH, smoking and 

alcohol use, suicide status, postmortem interval (PMI) is available for the samples 

included in this study.  

Genotyping 

DNA was extracted from cerebellar tissues obtained from SMRI.  Sample 

genotyping was conducted using Affymetrix GeneChip Mapping 5.0K Array, at  

Translational Genomics Research Institute (Tgen).  BRLMM-p (Affymetrix) was used as 

the genotype calling algorithm. SNPs with call rates less than 99% were excluded from 

the analysis.  SNPs showing departure from Hardy-Weinberg equilibrium (HWE) were 

filtered (p < 0.001).  Of the remaining SNPs, only SNPs showing minor allele frequency 

(MAF) of at least 10% were carried forward for further analysis.  These quality control 
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filters yielded nearly 239,000 SNPs.  Imputation was performed using MaCH v1.0 [118, 

208] and only SNPs with MAF of at least 10% and  Rsq (the squared correlation between 

imputed and true genotypes) > 0.3.  886,338 autosomal SNPs were analyzed for 

association. 

To test for the presence of population structure, principal components analysis 

(PCA) as implemented in Eigenstrat was performed.  To identify novel relationships 

between the samples, pairwise identity by state analysis was done using PLINK. 

Microarray expression phenotyping:  

RNAs were extracted from the cerebellum cortex of 132 samples using the 

RNeasy Mini kit (Qiagen, Valencia, CA). The concentration and A260/A280 ratio were 

measured on the NanoDrop spectrophotometer. The ratio of 28S to 18S rRNA and RNA 

Integrity Number (RIN) were measured using an RNA LabChip kit on the Agilent 2100 

Bioanalyzer (Agilent Technologies, Santa Clara, CA). In order to avoid use of seriously 

degraded samples, only RNA samples with a RIN > 7 were used for the expression 

profiling. Affymetrix Human Gene 1.0 ST array was used for whole genome 

transcriptome profiling at the NIH Neuroscience Microarray Consortium. Experiments 

were performed at the facility at Yale University.  

DNA Methylation Phenotyping 

DNA methylation was assayed using the Illumina Infinium HumanMethylation27 

BeadChips (Illumina Inc., San Diego, CA) platform; the assay was performed at the 

Genomics Core Facility at Northwestern University.  27,578 CpG sites were probed, 
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almost all of which (approximately 97.7%) are within 1500 bp of a transcription start site 

(TSS).  Methylation level at each interrogated CpG site was defined as:  

methylated probe intensity / (sum of methylated and unmethylated probe intensities) 

Therefore, methylation level is a quantitative trait whose values range from 0 to 1. 

Expression and Methylation Data Preprocessing 

Affymetrix Expression Console was used to process raw data. All probes, which 

contain SNPs based on the 1000 Genome Project data or could be mapped to multiple 

genomic regions, were excluded from the analysis. ComBat [209] was used to correct for 

batch effects within the methylation and expression array data.  For later analysis of 

each technical replicate pair, the data were averaged for the replicated samples to 

obtain a single datum. In order to remove the effects of known and unknown covariates 

on the data, surrogate variable analysis (SVA) [210] was applied and the identified 

surrogate variables were regressed out. We have found that these methods perform 

well in removing the effects of batch and known covariates such as pH.  To fit a normal 

distribution, quantile normalization was used for both expression and methylation 

residuals.  

Association QTL Analyses 

 Imputed genotype dosage data was analyzed for association with methylation 

and expression phenotypes using PLINK [211].  Linear regression of the phenotype with 

dosage of the minor allele for each SNP was preformed.  Cis regions were defined as 4 
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Mb of the probe site.  Trans regions included the rest of the genome.  The significance 

thresholds were based on the estimated number of probes for the cis and trans-

analysis.  For the cis analysis, the significance threshold was 0.01.  For the trans-analysis, 

8597 and 25834 probes were analyzed for the methylation and expression data 

respectively.  The trans-analysis significance threshold was set to 0.05 divided by the 

number of probes. 

Simulation Analysis:  

 To determine the level of mQTL (or eQTL) enrichment in the set of top 

susceptibility variants (defined in terms of p-value threshold) from a GWAS, we 

generated 1000 sets, randomly drawn without replacement from the set of HapMap 

CEU SNPs, which match the SNP properties of the susceptibility variants, as previously 

described[15].  For each random set, the mQTL (or eQTL) count was determined, 

yielding the distribution under the null.  The observed mQTL (or eQTL) count enabled us 

to calculate an empirical p-value for the level of enrichment by considering the 

proportion of random sets with mQTL (or eQTL) count that matches or exceeds the 

observed count.  

Genome-wide Association Studies: 

 We utilized the results from several GWA studies of Bipolar Disorder. The TGEN 

sample set consists of 1,190 Bipolar Disorder cases from the Bipolar Genome Study 

(BiGS) and 401 controls [199].  The GAIN sample set, from an earlier study conducted 

under the GAIN initiative, consists of 1,001 Bipolar Disorder cases and 1,033 controls of 
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European ancestry [198].  The WTCCC study of seven common diseases, including 

Bipolar Disorder, had an experimental design of 2000 cases for each disease and 3000 

shared controls [200]. 

 

  



159 
Table 1.  A list of mQTLs associated with Bipolar Disorder in the NHGRI catalog of 
published genome-wide association studies.  The Gene column is the target gene for 
the mQTL.  P-value is from the association between the corresponding SNP and 
methylation level.  PMID is the Pubmed ID of the study of origin. 

Gene Chromosome Position SNP P-value PMID 

BRRN1 12 2215556 rs1006737 5.40E-05 20351715 

C12orf4 12 2215556 rs1006737 0.002529 20351715 

TEKT1 12 2215556 rs1006737 4.65E-05 20351715 

CCL3L3 13 41551437 rs1012053 2.37E-07 17486107 

PDK3 14 103578829 rs11622475 8.35E-05 17554300 

FLJ35695 15 36782783 rs12899449 1.63E-10 18711365 

NECAP1 3 3633840 rs1601875 2.84E-05 18711365 

TAS2R48 9 33789370 rs216345 5.15E-05 18711365 

C9orf82 2 241164269 rs2953145 9.67E-05 17554300 

FLJ38379 2 241164269 rs2953145 0.002306 17554300 

GUCY1A3 2 241164269 rs2953145 4.79E-05 17554300 

MYOZ3 9 129147785 rs4130590 5.64E-05 18711365 

GCKR 16 23541527 rs420259 8.92E-05 17554300 

HLA-C 16 23541527 rs420259 6.88E-05 17554300 

ZNF300 9 112237084 rs7042161 2.73E-05 18711365 

  

 

The Supplementary Material is available in the online version of this article. 
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Chapter 6 

The impact of human copy number variation 
on gene expression 
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Abstract 

Recent years have witnessed a flurry of important technological and 

methodological developments in the discovery and analysis of copy number variations 

(CNVs), which are increasingly enabling the systematic evaluation of their impact on a 

broad range of phenotypes from molecular-level (intermediate) traits to higher-order 

clinical phenotypes.  Like single nucleotide variants in the human genome, CNVs have 

been linked to complex traits in humans, including disease and drug response.  These 

recent developments underscore the importance of incorporating complex forms of 

genetic variation into disease mapping studies and promise to transform our 

understanding of genome function and the genetic basis of disease.  Here we review 

some of the findings that have emerged from transcriptome studies of CNVs facilitated 

by the rapid advances in -omics technologies and corresponding methodologies.  

Key points 

 Genome-wide association studies have characterized the effect of common SNPs 

on complex human traits, but have done a far less comprehensive interrogation 

of the effects of copy number variation. 

 Copy number polymorphisms have been associated in some cases with complex 

traits in humans. However the mechanisms underlying those associations have 

not been fully elucidated; thus, a comprehensive interrogation of the effects on 

molecular phenotypes, including gene expression levels, is warranted. 

 Copy number polymorphisms can affect gene expression through complex 

mechanisms that extend beyond simple gene dosage effects, and include, for 
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example, insertion and deletion of gene regulatory regions and alterations of 

physical proximity of genes and regulatory elements. 

 An understanding of the effects of copy number variation on gene expression, 

and how those effects relate to SNP effects is needed to understand the role of 

genetic variation in complex traits. 

 

Introduction 

Although genome-wide association studies (GWAS) have been unsurpassed in 

identifying disease susceptibility and quantitative trait loci[3], these studies have 

primarily focused on single-nucleotide polymorphisms (SNPs).  The SNP findings have 

been, on the whole, impressive, despite the fact that much more clearly remains to be 

done to identify additional sources of the missing heritability[7] and to assign a precise 

genetic variant and a causal mechanism to the growing number of discovered loci.   

Even with increased characterization of more complex forms of genetic variation[212], 

most prominently CNVs (usually defined as genomic segments of size 1 kb or greater 

showing copy number variability among individuals with respect to a reference 

genome), it is clear that little is known about the overall contribution of structural 

variation to complex phenotypes.  Certainly, CNVs are increasingly the focus of 

considerable research in medical genetics[213, 214], and their investigation has been 

particularly crucial in efforts to characterize the genetic underpinnings of psychiatric and 

neurodevelopmental phenotypes[215, 216].  Although generating reliable CNV data 
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continue to be a primary challenge, it should be noted that every SNP-based GWAS 

conducted to date has concomitantly generated data that can enable detection of copy 

number variation[217, 218].  Furthermore, there have been key analytic advances[219] 

in genotype calling as well as validation of these more complex types of genetic 

variation, paving the way for a more systematic integration of CNVs into studies of 

genome function and disease mapping. 

Copy number variation and the transcriptome: disease susceptibility and genome 

function 

Gene expression traits serve as a surrogate for the complexity and range of 

human phenotypic variation, and thus, a comprehensive survey of the impact of CNVs 

on variation in gene regulation can have profound consequences for our understanding 

of the genetic basis of complex traits.  The connection between CNVs and disease 

susceptibility has of course long been the subject of active research, across a range of 

disease architecture from Mendelian disorders (such as Williams-Beuren 

syndrome[220], Potocki-Lupski syndrome[221, 222], or Charcot-Marie Tooth 

neuropathy Type 1A[223]) to common complex diseases such as cardiovascular disease 

and diabetes, whose genetic etiology is relatively less well-understood[224, 225].  

Studies of neuropsychiatric phenotypes (e.g., schizophrenia[226, 227] and autism 

spectrum disorder[216, 228, 229]) have highlighted the important contribution of de 

novo copy number variation to disease pathogenesis.  Nevertheless, a map of the 

genetic basis of gene expression variation in a comprehensive collection of tissues[31, 

230] with a particular focus on CNVs can greatly expand our understanding of the 
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context specificity of their effect on disease.  Furthermore, as described in Maynard 

Olson’s “less-is-more” hypothesis, deletions may be a driving force in genome evolution, 

with loss of gene function a common evolutionary response to a change in the 

environment and pattern of selective pressures[231, 232], thus coupling molecular 

evolution and function.  More broadly, the enrichment of (human) genes, within CNVs, 

that impact inflammatory response, immunity, protein secretion, and olfaction may 

indeed indicate the adaptive benefit of gene dosage[233]. 

 Comprehensive catalogs of CNVs[218, 234-236] among putatively phenotypically 

normal individuals have reinforced the finding of extensive genetic heterogeneity[237] 

and a highly dynamic structure in the genome.  The International HapMap Consortium 

has facilitated large-scale CNV surveys of the human genome[235, 236] in world 

populations with ancestry from Europe, Asia, and Africa, and these studies have shown 

that copy number variable regions cover substantially more nucleotide content than the 

more widely studied SNPs, highlighting the importance of incorporating CNVs into 

studies of human disease and genome function.  The subsequent survey of genomic 

structural variants by the 1000 Genomes Project, which sought to discover and validate 

structural variants (of 50 bp or larger in size), mapped approximately 15,000 structural 

variants at nucleotide resolution[238] using whole genome sequencing data.  Nearly 

20% of the genotyped deletions were not tagged by HapMap SNPs[238], suggesting the 

importance of directly interrogating some CNVs for use in association studies. The 

catalog of CNVs and genome-wide gene expression data in the HapMap populations has 

afforded opportunities for annotating the identified CNVs with information on 
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expression quantitative trait loci (eQTLs) and for quantifying their contribution to gene 

expression variation relative to SNPs[239].   Stranger et al.[239] observed that CNVs 

(greater than 100 kb in length) and SNPs captured approximately 18% and 84% 

respectively of the total variation in gene expression in lymphoblastoid cell lines (LCLs). 

Although this may underestimate the impact of CNVs on the transcriptome (because of 

the relatively greater completeness of SNP catalogs, the greater challenge of genotyping 

CNVs and the much larger number of CNVs of < 100 kb in length that were excluded 

from the analysis), the study underscores the need to evaluate both types of variation to 

characterize the genetic basis of complex phenotypes.  The authors also reported that of 

the more than 14,000 genes tested in LCLs derived from Utah residents with ancestry 

from northern and western Europe (CEU), Han Chinese in Beijing, China (CHB), Japanese 

in Tokyo, Japan (JPT), and Yoruba in Ibadan Nigeria (YRI), 85, 44, 58, and 96 genes 

respectively showed significant associations in expression with at least one of the nearly 

25,000 autosomal comparative genomic hybridization (CGH) clones. Among these target 

genes, 12% replicated at the same significance level in at least one other population 

with 2% significant in all 4 populations.  Of note, the CNV associations with gene 

expression reported in the study appeared to be more highly population-specific than 

the identified SNP associations, among which, for instance, a much larger proportion 

(8%) were significant in all populations.  Early high-resolution population surveys of 

deletion sites indicated that such polymorphisms, consistent with similar findings on 

SNPs, show greater diversity among individuals of African descent, but also may be 

under more extreme selection than SNPs[212].  Certain CNVs show a highly unusual 
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degree of population differentiation[240], and selection on a copy-number variable 

gene (such as diet-related selective pressures on the salivary amylase gene 

[AMY1][241]) may offer insights into recent human evolutionary history. Additional in-

depth studies on the contribution of CNVs to population differences in gene expression 

variation are therefore warranted.        

 Among the CNVs that show replicated associations with expression across all the 

HapMap populations is a deletion influencing UGT2B17 -- a gene involved in the 

metabolism of sex steroid hormones.  The same deletion of the gene had been 

previously identified by an earlier study of common deletion polymorphisms in the 

human genome in a subset of the CEU[218] as one of the genes involved in olfaction, 

drug response, and steroid metabolism with coding exons that were found to be 

commonly deleted.  Furthermore, the UGT2B17 CNV has been found to be associated 

with osteoporosis[242] and was also identified as a causal variant for graft-versus-host 

disease (GVHD) after hematopoietic stem cell transplantation[243], suggesting potential 

pleiotropy.  The latter association with GVHD highlights the importance of assessing the 

effect of the deletion on the expression of the gene in multiple (GVHD-affected) tissues, 

including liver, intestine, and skin.  In a recent in-depth study of cis- and trans- acting 

factors influencing mRNA expression and catalytic activity of hepatic UDP-

glucuronosyltransferases[244], the UGT2B17 CNV was found to significantly account for 

variability in UGT2B17  transcription and testosterone glucuronidation rate in human 

liver.  Taken together, these results suggest that copy number variation may exert broad 

effects on complex traits and underscore the need for comprehensive assessment of the 



168 
functionality of CNVs as regulatory variation (eQTLs) in primary tissues to elucidate 

disease mechanisms.  

Analytic challenges in interpretation of CNV associations 

 The interpretation of CNV associations with phenotype is fraught with analytic 

challenges, not the least of which is that CNVs may be in linkage disequilibrium (LD), or 

share a common genealogical history, with SNPs[245].  The observation that common 

CNVs may be well-tagged by SNPs (r2 ≥ 0.80) as tCNVs[246] implies that their effect can 

be indirectly evaluated in SNP-based studies.  However, although LD may enhance the 

effectiveness of GWAS, it also may severely limit their resolution, affecting the ability to 

fine-map causal loci.   Indeed, in a large, direct genome-wide association study of eight 

common human diseases[247], most common CNVs were found to be tCNVs and have 

therefore been previously interrogated in SNP GWAS studies.  Furthermore, the study 

identified artifacts that can generate false positive associations in CNV studies, such as, 

for our purposes here, those of gene expression.  In particular, the study found 

systematic CNV differences between cell lines and blood.  The well-known example of a 

common deletion polymorphism 20 kb upstream of IRGM – a gene that has been shown 

to play a key role in autophagy and in the control of intracellular bacillary load[248] – 

that has been found to confer risk to Crohn’s disease[249] illustrates the difficulties in 

identifying the causal variant at a disease-associated locus.  The CNV is in perfect LD (r2 = 

1) with a variant (rs13361189)[250]   in the region that was the most strongly associated 

SNP with Crohn’s disease; therefore, the causal association and any association induced 

by LD are difficult to distinguish statistically. Sequencing of the coding region of the gene 
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demonstrated that the causal variants do not alter the amino acid sequence of the gene, 

hinting at a regulatory effect.   The combination of Inflammatory Bowel Disease (IBD) 

Genetics Consortium, HapMap, and extended HapMap data did not allow resolution of 

the functional variant, as the SNP and the CNV were perfectly correlated in samples of 

various ancestries[249].  The deletion and protective haplotypes showed divergent 

expression patterns in a variety of heterozygous cell lines.  HeLa cells, the hepatocellular 

carcinoma cell line SNU182, and LCLs showed higher expression levels of IRGM for the 

protective haplotype whereas the colon carcinoma cell line HCT116 and primary smooth 

muscle cells from human bronchus showed higher expression from the deletion 

haplotype.  Manipulation of IRGM expression in HeLa cells significantly regulated anti-

bacterial autophagy, which suggests a link to the disease. Collectively, these results from 

McCarroll et al.[249] highlight the challenges in fine mapping causal variants in copy 

variable regions of the genome, but also the indispensability of transcriptome studies, in 

multiple tissues, for identifying the genetic mechanism(s) of disease.  

CNVs as expression QTLs 

 The mapping of CNVs as eQTLs[246] can greatly facilitate the search for causal 

links between genetic variation and disease susceptibility.  Gene expression is a key 

intermediate phenotype and thus genetic variants (e.g., SNPs or CNVs) associated with 

gene expression as eQTLs may underlie the genetic basis of higher-order traits such as 

disease risk.  Although the WTCCC CNV study concluded that common CNVs appear 

unlikely to play a major role in the genetic basis of several complex diseases 

investigated[247] and that, furthermore, there is no enrichment of associations among 
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CNVs involving exonic deletions, CNVs may still be causal for some of the observed SNP 

associations with complex disease.  Indeed, as has been noted, tag SNPs for CNVs can 

facilitate SNP-level analyses and simulation studies (and also enable replication of CNV 

associations). Notably, tag SNPs (r2 ≥ 0.80) for tCNVs have been found to be significantly 

enriched for cis-eQTLs; furthermore, reproducible trait-associations (in the NHGRI 

catalog) show a significant overrepresentation for tCNVs[246].  It should be noted that 

the WTCCC CNV study has several important methodological shortcomings, which may 

apply more broadly to other CNV association studies.  For example, a large proportion of 

the CNVs examined in the study could not be reliably genotyped.  Moreover, although 

the MHC Haplotype Project[251] has identified numerous CNVs on HLA haplotypes, LD 

in this complex region makes fine mapping of the causal variants for the known disease 

associations (with autoimmune disorders[247]) or the associations with gene expression 

extremely challenging.  Furthermore, the WTCCC study focused primarily on common 

copy number variation, and the role of rare CNVs could not be systematically 

investigated. These limitations highlight the technical challenges in quantifying the 

contribution of CNVs to the genetic basis of common diseases as well as their regulatory 

impact on the transcriptome.  

 Identifying CNVs associated with gene expression is analogous to SNP-based 

eQTL mapping approaches which seek to relate variation in gene expression levels to 

genotype.  CNV genotype data are tested for association with gene expression traits, 

and, as in the case of SNPs, a multiple testing problem arises from the large number of 

resulting tests.  There are, however, differences with approaches to identify SNP eQTLs.  
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For example, multi-allelic CNVs[252] can have highly complex genotypes (with 3 or more 

segregating alleles).  As the range of copy numbers increases, molecular discrimination 

of high copy numbers becomes more difficult[253], thereby reducing the accuracy and 

power of eQTL mapping.  Because multi-allelic CNVs are the largest source of gene 

dosage variation in humans[252], this issue is particularly salient for mapping of CNV 

eQTLs.  Furthermore, inferring accurate integer copy number states is analytically 

challenging; Sudmant et al.[254], using whole-genome sequence data to overcome the 

challenges of hybridization-based methods for copy number assay, therefore treated 

copy number genotype as a continuous variable.  Indeed, mapping of CNV eQTLs may 

well assume a continuous genotype variable, in contrast to SNP eQTL mapping, which, 

even in the use of imputed dosages, assumes a very discrete genotype variable.   

Structural variation can control phenotype, including gene expression, in several 

ways[255] (Figure 1).  The expression of dosage-sensitive genes can be modified by a 

gene duplication or deletion event.  CNVs that only partially overlap a dosage-sensitive 

gene can induce reduced expression, or by disrupting structure, lead to novel 

transcripts. CNVs can influence the transcriptome not merely by regulating the 

expression of strictly co-localizing genes, but through a more distal regulatory 

mechanism that can reach several hundred kilobases from the breakpoints.  Indeed, 

CNVs have been found to regulate in cis normal-copy flanking genes (as in the case of a 

deletion that causes Williams-Beuren syndrome[256]), but CNVs can also mediate their 

phenotypic effect as trans regulators of gene expression[246].  Since deletion or 

duplication of regulatory SNPs can lead to altered transcription, the fact that a large 
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proportion of CNVs harbor regulatory SNPs[246] implies that certain CNVs may regulate 

the expression of target genes at a distance[257] from the CNV through position effects 

(e.g., through the insertion or deletion of regulatory elements)[255, 258].  Indeed, 

Stranger et al.[239] reported that more than half of expression probes (in LCLs) that 

show association with a CGH clone do map outside the interval defined by the CNV, 

suggesting that CNVs may act as potentially distal regulators of gene expression by 

altering regulatory and other functional elements, as opposed to altering dosage, of the 

target gene.  The presence, rather than the change in copy number, of the CNV interval 

can also have surprising effects on gene expression. Jacquemont et al.[259] investigated 

the phenotypic impact of the 16p11.2 CNV interval; notably, genes centromeric to the 

rearrangement interval displayed no significant difference between cases and controls, 

in marked contrast to genes telomeric to the interval, which showed significant 

variation.  The latter genes were, however, similarly upregulated in both deletion and 

duplication carriers, suggesting the presence of the interval (rather than the change in 

copy number) caused the effects on transcript levels. 
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Figure 1. CNVs may influence phenotype though several mechanisms. A gene 
duplication or deletion event can alter the expression of dosage-sensitive genes.  CNVs 
that only partially overlap a dosage-sensitive gene can induce reduced expression, or by 
disrupting structure, lead to novel transcripts.  CNVs can regulate normal flanking genes, 
often through a distal mechanism that can extend several megabases from the 
breakpoints, by modifying regulatory elements.   CNVs can also regulate the expression 
of target genes through position effects (i.e., through the insertion or deletion of 
sequences leading to alterations in distance to regulatory elements).  (Green boxes 
represent exons. Blue boxes represent promoters while orange boxes represent distal 
enhancers. Triangles mark the breakpoints of CNVs.  Circles represent transcription 
factors that may bind to regulatory elements.)    
 
 

Mechanistically, structural variation can induce alterations in chromatin 

architecture that is consistent with long-range effects on global expression[260]. CNVs 

combined with epigenetic mechanisms can influence transcription beyond the effect 

obtained from the chromosomal gain or loss; for example, CNVs on imprinted loci may 

result in allele-specific differences in expression of target genes according to parental 
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origin.  This combination of copy number and additional epigenetic changes can then 

lead to downstream phenotypic outcomes (such as the observed clinical heterogeneity 

of 15q11-13 duplication syndromes[261]).   

 Furthermore, incorporating CNVs into disease association studies or eQTL 

mapping may unmask otherwise undetected SNP effects on phenotype.  Besides 

regulating the transcription of dosage-sensitive genes, CNVs may influence the 

transcriptome via effects on dosage-insensitive genes by unmasking a functional SNP.  

Indeed, accounting for copy number status can be an approach to mapping variants 

associated with a variety of traits, most prominently regulatory variation[25].  In a 

recent study, annotation of SNPs located in CNV regions with information on chromatin 

state (e.g., enhancers, promoters, Polycomb-repressed regions, heterochromatic and 

repetitive regions), DNaseI hypersensitivity sites, and transcription factor  binding site 

(TFBS) regions in LCLs showed that the unmasked regulatory variants are highly enriched 

for enhancer elements (but not promoter elements) and accessible chromatin zones; 

furthermore, SNPs located in CNVs show significant differential allelic effect on 

TFBS[25]. These findings highlight the importance of an integrative approach to the 

functional analysis of CNVs and SNPs.   Moreover, loss-of-function variants identified 

through the 1000 Genomes Project data[70] located in CNV and copy number stable 

(CNS) regions appear to show differential effects on nonsense-mediated decay and on 

all known transcripts of a gene[25], suggesting potential rare-variant mechanisms 

through which CNVs may mediate global effects on the transcriptome.   

Future directions 
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 Transcriptome studies will continue to uncover the functional consequences of 

CNVs.  To elucidate the molecular mechanisms underlying disease risk, it will be 

important to assess how CNVs influence gene expression in a comprehensive collection 

of tissues[230] such as now being facilitated by the GTEx Project[31].  Studies of 

epigenetic mechanisms such as encoded in the complex chromatin architecture and the 

three-dimensional nuclear organization, using multiple reference tissues, promise to 

yield important insights into the global effects of CNVs on regulatory function.  The 

question of how CNVs modulate gene expression during development will require deep 

knowledge of tissue transcriptome dynamics and longitudinal analyses of their impact.  

Studies of potential interactions of CNVs with non-coding transcripts and 

pseudogenes[262] may help to dissect the multilayer regulatory circuitry of the human 

transcriptome.  Furthermore, evaluation of the causal role of CNVs associated with gene 

expression and in strong LD with SNPs may be accelerated by the application of the 

CRISPR-Cas systems[263] for genome editing.  Finally, more complete and accurate 

maps of structural variation in the genome will be needed to obtain accurate estimates 

of the relative (tissue-specific) contributions on gene expression of a widening spectrum 

of genetic variation.  
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Abstract 

The genetic architecture of psychiatric disorders is characterized by a large 

number of variants having small individual effects. These variants primarily lie in non-

coding regions, suggesting that associated loci may influence disease risk by modulating 

gene expression rather than by altering a gene’s protein product. Here we provide 

comprehensive analyses using transcriptome data from an unprecedented collection of 

brain samples as well as from additional tissues that may provide pathophysiological 

insights into the role of immune function, neuroendocrine factors and gastrointestinal 

systems in the development of psychiatric disorders. 

 

Introduction 

 

The genetic architecture of psychiatric disorders is characterized by a large 

number of variants having small individual effects[264]. A substantial proportion of the 

signals that have emerged from Genome-Wide Association Studies (GWAS) lie in non-

coding regions, suggesting that associated loci may influence disease risk by modulating 

gene expression rather than by altering a gene’s protein product[83] and demonstrating 

the importance of mapping expression Quantitative Trait Loci (eQTLs)[15, 22]. However, 

although eQTL studies are the most common approach for elucidating the mechanism(s) 

through which genetic variants influence disease predisposition, there has been a 

relative paucity of high-resolution studies in the tissue most relevant for psychiatric 
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traits, the brain. In addition, we are still in the early stages of such studies with the 

breadth and scale necessary to characterize the tissue-specific effects of disease-

associated variants on the entire transcriptome.   

Despite the identification of many reproducible genetic associations[83], a 

primary challenge in the field of psychiatric genetics is to gain key insights into the 

underlying neurobiological mechanisms[265] both to facilitate detection of additional 

disease-associated loci as well as to elucidate the precise molecular etiology of known 

loci. Addressing this challenge is critical for the development of novel therapeutic 

targets and for the prospects of personalized medicine in psychiatry[266] but immensely 

challenging for several reasons. The polygenicity of psychiatric traits (i.e., the large 

number of contributory variants, each of weak effect) impedes biological interpretation 

of the role of individual variants while the molecular networks and pathways targeted 

by known disease-associated variants as well as the degree to which these variants have 

convergent function are largely unknown. 

Integrative transcriptome studies promise to address the functional gap, but to 

date, analyses of gene expression[267] for psychiatric conditions have been hampered 

by the relative inaccessibility of the relevant tissue and the lack of clarity on the relevant 

brain region(s). Here we provide comprehensive genetic analyses of psychiatric 

disorders using transcriptome data from an unprecedented collection of brain samples 

as well as from additional tissues that may provide pathophysiological insights into the 

role of immune function, neuroendocrine factors and gastrointestinal systems in the 

development of psychiatric disorders. Specifically, this study has two primary aims. First, 
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we sought to assess the utility of a comprehensive transcriptome resource for 

identifying novel genetic variation associated with psychiatric traits. For this purpose, 

we performed a variety of aggregate-level analyses of the eQTLs identified in the various 

tissues to evaluate their (possibly tissue-dependent) contribution to disease risk as well 

as their ability to highlight novel genetic mechanisms for conferring disease risk. Second, 

we were interested in improved functional characterization of the known disease-

associated variants. For this purpose, we performed fine-mapping of the 108 

schizophrenia (SCZ) loci, conducted co-expression network and pathway analyses for the 

eQTL targets of the GWAS-identified SNPs for four phenotypes (i.e., schizophrenia [SCZ], 

bipolar disorder [BD], major depressive disorder [MDD] and Attention Deficit 

Hyperactivity Disorder [ADHD]) investigated by the Psychiatric Genomics Consortium 

(PGC. https://www.med.unc.edu/pgc) and evaluated the tissue-specificity of the 

regulatory function among these disease-associated variants.  

 

RESULTS 

 

Figure 1 is a schematic of the analytical strategy used in this study, showing the 

analyses performed for the two aims. The first aim involved a variety of global analyses 

to characterize the genetic architecture of a psychiatric trait using eQTLs as “probes.” 

The second aim, in contrast, involved several local analyses at known psychiatric disease 

associated loci (primarily, SCZ). 
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Figure 1. The analytical approach. Aggregate-level analyses (left panel) were conducted, 
utilizing the transcriptome data to characterize disease-associated variation. Known 
disease-associated SNPs (for, primarily, schizophrenia) were functionally analyzed (right 
panel) using the eQTL data. 

 

Tissues and eQTL data 

 In total, we analyzed 889 brain RNA-Seq samples from 10 brain regions and an 

additional 633 non-brain samples (Supplementary Table 1). We found (Figure 2) that 

sample size accounts for 78% of the variability in the number of eGenes (i.e., a so-called 

“target gene” of an eQTL or a gene with at least one [local] SNP significantly associated 
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with the gene’s expression at false discovery rate [FDR] < 0.05). Notably, nearly 20 

eGenes were identified for each additional sample (Figure 2). 

 

 

Figure 2. Tissues analyzed and number of eGenes detected. As the number of samples 
increases, so does the number of identified eGenes. Tissue type is color-coded (with all 
10 brain regions coded in green). 

 

 

Aim 1: Assessing the utility of transcriptome data for identifying novel genetic 

variation associated with psychiatric traits 
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Brain eQTLs are enriched for psychiatric disease susceptibility loci 

Among the eQTLs identified in brain, we found disease-dependent enrichment 

for trait associations. 

 

 

 

Figure 3. Enrichment for disease associations among the eQTLs in hypothalamus and 
(the more accessible tissue) whole blood. Each plot is a Q-Q plot of the distribution of 
p-values for association with the given disease for the eQTL SNPs identified in 
hypothalamus (left) and whole blood (right). We found disease-dependent enrichment 
for trait associations among the eQTLs identified in each tissue. For example, in 
hypothalamus, SCZ and ADHD demonstrated clear enrichment, but notably not MDD or 
BD. In contrast, BD showed clear enrichment in whole blood. 
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For example, eQTLs mapped in hypothalamus showed substantial enrichment (p < 0.05, 

Kolmogorov-Smirnov [KS] test) for low p-values (in particular, meeting Benjamini-

Hochberg FDR < 0.05) for association with ADHD and SCZ, but relatively little support for 

enrichment for BD, and none for MDD (Figure 3A). We note that Bonferroni (BF) 

adjustment (represented as a horizontal line in Figure 3) is highly conservative given the 

potential correlations between SNPs, and indeed, as the figure indicates, several more 

eQTL SNPs were found to satisfy FDR < 0.05 compared to pBF < 0.05 for association with 

SCZ. Supplementary Table 2 summarizes the enrichment results for all disorders and 

brain regions.  

 

Testing whole blood transcriptome as a resource for identifying psychiatric disease 

susceptibility loci 

Whole blood is a considerably more accessible tissue (though quite 

heterogeneous in terms of cell type composition) than brain and thus can be immensely 

useful as a diagnostics tool; consequently, we sought to evaluate the extent to which 

whole blood eQTLs could enhance our ability to identify genetic risk factors for 

psychiatric disease. Strikingly, we found no support for associations with ADHD among 

the eQTLs identified in whole blood (Figure 3B), in stark contrast to the (corresponding) 

results from hypothalamus (Figure 3A), despite the larger sample size (Supplementary 

Table 1) for whole blood. Although enrichment was observed in both tissues for SCZ, the 

two tissues are often highlighting distinct genetic effects on disease predisposition. For 



185 
example, some of the hypothalamus eQTLs (e.g., the SNP rs13196606 at the MHC locus, 

an eQTL for ZSCAN31) driving the enrichment in that tissue were not detected as eQTLs 

in whole blood. Conversely, some of the whole blood eQTLs (e.g., the SNP rs3818802, an 

eQTL for SDCCAG8) contributing to the enrichment in that tissue were not detected as 

eQTLs in hypothalamus. The lack of evidence for any association with gene expression 

was confirmed even at a less stringent threshold (p < 0.05). 

 

eQTL annotation improves identification of genetic susceptibility loci, in a tissue-

dependent manner, relative to the full GWAS 

The substantial improvement that can be gained from the incorporation of eQTL 

annotation into disease loci mapping is perhaps best illustrated in the case of ADHD. In 

this case, the full GWAS showed no departure from the null distribution at all (Figure 4). 

This lack of signal in the full GWAS data is in stark contrast to the results derived from 

the eQTLs identified in hypothalamus or cerebellum, which showed considerable 

improvement in signal to noise ratio (KS test, p < 0.05 each). 
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Figure 4. Incorporating eQTL annotation improves detection of genetic associations in 
a tissue-dependent manner. The Q-Q plots for PGC ADHD GWAS and the genome-wide 
eQTL-based results in two brain regions are shown. In the full GWAS for ADHD (shown in 
black), there was no significant disease association observed. This is in stark contrast to 
the genome-wide results from the eQTLs identified in hypothalamus (red) or cerebellum 
(blue). The leftward shift in the Q-Q plot for the eQTLs suggests substantial 
improvement in the detection of genetic susceptibility loci for this trait can be gained 
through the use of eQTL annotation.  

 

 

eQTLs mapped in non-brain tissues may implicate novel gene mechanisms 
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 There have been reports exploring the co-morbidities of gastrointestinal and 

psychiatric disorders[268] under the hypothesis that the intestinal microbiome may 

influence behavioral and brain biochemistry. We therefore explored the extent to which 

colonic regulatory variation may be associated with susceptibility to psychiatric 

disorders. We found considerable support for the notion that colonic eQTLs may 

contribute substantially to BD and SCZ (Supplementary Figure 1). In colon (and not in 

whole blood despite the larger sample size), an association with MDD (the SNP 

rs9323497, which is an eQTL for ATP6V1D) reached significance (after Bonferroni 

adjustment for the total number of colon eQTLs tested). 

 Similarly, neuroendocrine biology may represent an important source of genetic 

etiology for psychiatric traits. For example, the adrenal gland is known to interact with 

the central nervous system (via neuroendocrine factors); in addition, the hypothalamic-

pituitary-adrenal axis, whose dysregulation may contribute to psychiatric disease risk, 

mediates stress response[269]. We therefore also explored whether regulatory variation 

mapped in adrenal gland may improve detection of genetic susceptibility loci for 

psychiatric traits. Significant associations with SCZ were observed among the eQTLs 

mapped in this tissue (Supplementary Figure 1). We note also that there is some 

evidence that adrenal gland eQTLs may improve detection for genetic susceptibility loci 

with ADHD (see also Figure 4 for comparison with the full ADHD GWAS). 

Collectively, these results raise the possibility that shared regulatory variation 

among the brain regions and the colon or adrenal gland may be driving the observed 

enrichment for psychiatric disease associations among the non-brain eQTLs. Indeed, 
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shared eQTL-target gene pairs for cerebellum and colon constitute 32% and 25% of all 

eQTL-target gene pairs identified in cerebellum and colon, respectively. Analogously, 

shared eQTL-target gene pairs for cerebellum and adrenal gland constitute substantial 

(but relatively smaller) proportions, 23% and 25%, of all pairs identified in cerebellum 

and adrenal gland, respectively. These results support the view of quite extensive 

shared regulatory architecture between tissues (a result that is consistent with one of 

the main findings of the published GTEx  study[30]). Indeed, we find that the enrichment 

observed for either of these non-brain tissues gets incrementally reduced as we remove 

the eQTLs identified in each brain region. In other words, to take an example, colonic 

eQTLs that may increase predisposition to BD may also be eQTLs in some brain region. 

However, conducting stratified enrichment analyses in colon (Figure 5), we find that 

after accounting for the eQTL annotation mapped in the brain, there is still significant 

residual enrichment.  
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Figure 5. Stratified enrichment analysis of BD in a non-brain tissue. We found 
significant enrichment for associations with BD among the colon eQTLs (red). Colon-
specific eQTLs (i.e., colon eQTLs that were not detected as brain eQTLs) showed 
significant (residual) enrichment (green). In both cases, the level of enrichment was 
significantly more than that observed in a brain tissue (hypothalamus) (orange) or in the 
full GWAS (black), as shown by the overall leftward shift in the distribution of p-values.  

 

Characterizing disease-associated SNPs using the transcriptome 

We tested the hypothesis that disease-associated SNP that have come out of the 

large-scale GWAS meta-analyses of psychiatric traits are enriched for SNPs associated 

with gene expression. Whereas our earlier analyses evaluated the value of the eQTL 

annotation for identifying novel genetic risk factors for psychiatric traits, this hypothesis 
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is concerned with evaluating the regulatory nature of the variants that have emerged at 

the top of the meta-analysis results. Towards this end, we considered the entire 

distribution of SNP-gene expression association p-values for the disease-associated SNPs 

(p < 0.001 reported here but p < 10-5 was also tested and showed similar results) as well 

as for the non-disease-associated SNPs (defined as those at the other end of the 

[disease] p-value distribution, p > 0.999). We find considerable support for the 

hypothesis. For an underpowered GWAS such as ADHD (see Figure 4), the two sets of 

SNPs show different associations with gene expression (Figure 6). Although eQTLs are 

ubiquitous in the genome, the gene expression associations for the disease-associated 

variants nonetheless tend to show more significant p-values (as is evident from the Q-Q 

plot leftward shift seen for all tissues [Figure 6]). 
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Figure 6. Comparison of the regulatory potential of the disease-associated SNPs and 
non-disease-associated SNPs. For this analysis, we used the (relatively underpowered) 
ADHD dataset. The entire distribution of SNP-gene expression p-values for the disease-
associated SNPs (p < 0.001 for association with ADHD), shown in red, and that for the 
non-disease-associated SNPs (p > 0.999 for association with ADHD), shown in blue, 
clearly display a substantial difference. Each point in a Q-Q plot represents a SNP-gene 
pair. The y-axis is the –log (observed p-value) of the association between SNP and gene 
expression. Brain regions (left panel) and the non-brain tissues (right panel) were 
comprehensively analyzed. 

 

Determinants and confounders for enrichment for psychiatric disease associations 

The enrichment results show that for a given psychiatric disorder, there is tissue-

dependent enrichment for disease associations among the eQTLs, suggesting that 

differences in gene regulation among tissues are relevant for psychiatric disease 

susceptibility; furthermore, for a given tissue, there is disease-dependent enrichment 



192 
for trait associations among the eQTLs. While the enrichment for disease-associated 

SNPs among eQTLs in a tissue was not entirely explained by the tissue sample size, the 

enrichment of gene expression associations cannot be attributed solely to the 

differences in sample size for the source GWAS of the psychiatric disorders, as a lack of 

any enrichment in cerebellum with MDD was observed despite the much larger (GWAS) 

sample size for this disorder compared to BD. 

To investigate whether enrichment of eQTLs was due to characteristics of the 

genome that facilitates the detection of SNP-trait associations (e.g., strong linkage 

disequilibrium or increased gene density), we performed additional analyses[270] on 

disease-associated SNPs (p < 0.001) using 1000 simulated sets of SNPs that have been 

chosen to adjust for the local genomic property and we found that our enrichment 

results are robust to this potential source of confounding (Supplementary Figure 2).   

 

Heritability estimation using SNPs associated with gene expression 

 Having shown that eQTLs are enriched for psychiatric disease associations (as 

well as the converse), we then sought to quantify the phenotypic variance accounted for 

by the eQTLs identified in each tissue. While eQTL annotation is a dichotomous 

functional annotation, heritability (the proportion of phenotypic variance captured by 

the eQTL SNPs in aggregate) is, in contrast, a more quantitative measure of the 

contribution of the SNP functional class to disease risk. We used an approach LD Score 

regression that leverages summary statistics and assumes polygenicity of the traits[26] 
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applied to (non-family) PGC data[19, 83]. However, this approach requires a sufficiently 

large number of SNPs to generate a reliable estimate of heritability. We thus extended 

this analysis to a set of SNPs showing association with gene expression (eSNPs) at the 

nominal significance p < 0.01.  

 

 

 

Figure 7. Heritability estimation using eSNPs. We estimated the contribution of the 
eSNPs in each tissue to variance in disease predisposition for BD, MDD and SCZ. The 
estimated heritability and standard error are shown.  The tissues within each disease 
are ordered in the same way (from left to right): adrenal gland, the 10 brain regions, 
colon and whole blood. Note the estimated heritability may be negative in order to 
produce an unbiased estimate. 
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The eSNPs mapped in all tissues (including non-brain) consistently showed a significant 

non-zero contribution to heritability for SCZ (consistent with all enrichment results 

described above) (Figure 7). For MDD, the brain region putamen basal ganglia (h2 = 0.21, 

se = 0.08) – which is involved in mood regulation and in which neurodegeneration or 

abnormality has long been implicated in MDD pathophysiology[271, 272] – and whole 

blood (h2 = 0.14, se = 0.05) had a significant non-zero estimate of heritability; the 

standard errors for the remaining tissues, however, were too large for the estimate to 

be reliable. For BD, cerebellum, colon and whole blood showed significant non-zero 

estimates (consistent with the enrichment results for cerebellum and colon, but not for 

whole blood likely due to the fact that our definition of eSNPs here is much looser [p < 

0.01] than the much more stringent definition for an eQTL). Larger sample sizes will be 

required to yield smaller standard errors. 

The eQTL-based heritability is not entirely explained by the number of SNPs. 

Indeed, for a fixed tissue, one can look across diseases to see the varying level of 

contribution to disease risk by the (same) set of SNPs associated with gene expression in 

the tissue. 

 

GTEx eQTLs, genomic annotation and regulatory elements  

 We mapped the eQTLs in the brain regions/tissues to regulatory elements 

identified by ENCODE[80, 81] (e.g., histone marks for promoters and enhancers) and 

annotated them with genomic annotations (e.g., overlap with transcription factor 
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binding site [TFBS] and conservation scores, PhyloP and PhastCons). We tested for 

significant correlation (p < 0.05) between the eQTL annotation derived from a brain 

region/tissue and each genomic annotation or regulatory element annotation. 

 

 

 

Figure 8. Relationships among regulatory elements, eQTL information, and 
evolutionary conservation scores for SCZ-associated SNPs. For comparison with the 
eQTL enrichment results, eQTLs identified in hypothalamus, hippocampus and 
cerebellum as well as in whole blood are shown here. Additional annotations, including 
histone marks (indicating regulatory elements), transcription factor binding site (TFBS) 
and evolutionary conservation (PhyloP and PhastCons), were used. P-value refers to the 
disease association. For example, the brain eQTL annotation showed significant negative 
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correlation with disease association significance, i.e., the eQTLs were found to be 
significantly associated with lower p-value within the top SCZ SNP associations (p < 
0.001).  

 

For the SCZ-associated SNPs (p < 0.001), we observed a significant negative 

correlation between the distance to the nearest TSS and eQTL annotation in the brain 

regions (but, interestingly, not in whole blood), i.e., among the SCZ-associated SNPs, the 

eQTLs mapped in the brain tend to be closer to a gene than the non-eQTLs. For the SCZ-

associated SNPs, we also found a significant negative correlation between eQTL 

annotation in brain and the p-value from the disease association (Figure 8), i.e., among 

the top disease associations, the brain eQTLs tend to be more significantly associated 

with SCZ than the non-eQTLs. (This result further supports our enrichment findings [e.g., 

Figure 3]; however, the present result was restricted to the SNPs among the top disease 

associations.) This result is in contrast to whole blood (in which there was a significant (p 

< 0.05) positive correlation among the top SNPs, defined at the more stringent (disease 

association) p < 1x10-4).  

A significant positive correlation between eQTL annotation and conservation 

score among the SCZ-associated SNPs was observed in the brain regions (particularly in 

cerebellum) but not in whole blood (Figure 8), which may suggest the importance of 

studying brain regulatory mechanisms underlying SCZ from an evolutionary standpoint. 

Another striking observation was that there was little correlation between whole blood 

eQTL annotation and the brain eQTL annotation among the SCZ-associated SNPs (Figure 
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8), suggesting that these annotations may be providing orthogonal functional 

information. 

Among the SCZ-associated SNPs, we found a consistent significant positive 

correlation between eQTL annotation in the brain regions and H3 monomethylated at 

lysine 4 (H3K4me1), which marks histones that flank enhancers (Figure 8). In contrast, 

the eQTL annotation in the brain regions (consistently) showed significant negative 

correlation with H3K4me3 modifications, which mark nucleosomes flanking 

promoters[273] (Figure 8). Of note, there was a significant positive correlation, among 

the SCZ-associated SNPs, between DNAse I hypersensitivity site annotation in fetal brain 

and the cerebellum eQTL annotation (Supplementary Figure 3), raising the question of a 

possible link between fetal brain biology and schizophrenia risk[274]. 

In general, although there are significant relationships among the various 

annotations, we note that (a) the evolutionary conservation metrics, (b) the histone 

marks and transcription factor binding sites (TFBS), (c) the brain eQTL annotation and (d) 

the (more accessible) whole blood annotation clustered strongly together as units 

(Figure 8), defining “annotation classes” that may capture overlapping but distinct types 

of information for genetic susceptibility loci for psychiatric disorders.  

   

Genetic correlation of psychiatric traits using the transcriptome 
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Figure 9. Genetic correlations between traits as captured by eSNPs. The genetic 
correlation between a pair of disorders was estimated using the eSNPs from each tissue. 
In general, the SCZ-BIP pair consistently showed the largest genetic correlation and the 
smallest standard error for each tissue. The eSNP-based SCZ-BIP genetic correlation 
approaches the estimate obtained from the full GWAS.  

 

 Genetic correlations between psychiatric traits may highlight novel genetic 

mechanisms and prove useful as an approach to mapping disease-associated loci. For 

example, SCZ susceptibility loci may serve as candidate risk loci for a psychiatric trait 

with substantial genetic correlation with SCZ; genetic studies of the psychiatric trait can 

thus leverage the relatively large sample size that has been generated for SCZ. Genetic 

correlation derived from eQTLs would quantify the extent to which gene mechanisms 
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proposed for one trait through the eQTL annotation may contribute to genetic 

predisposition for the second trait. Using GWAS summary statistics (and assuming 

polygenicity of the traits), we quantified[275] the genetic correlation captured by the 

eSNPs mapped in each brain region/tissue for each pair of psychiatric traits. As eSNPs 

may capture a sizable fraction of the heritability (as shown above), the use of this 

functional class may be especially powerful for estimating genetic correlation. The 

genetic correlation between SCZ and BD was previously reported to be high[275, 276], 

at 0.68 (with standard error [SE] of 0.04). Notably, we observed that the eSNPs mapped 

in each tissue (Figure 9) significantly and consistently captured much of this genetic 

correlation. In contrast to the results from heritability estimation, all eQTL-based 

genetic correlations are significantly (p < 0.05) non-zero with the exception of MDD-SCZ 

in brain anterior cingulate. Larger sample sizes will be required to make more definitive 

comparisons across tissues and disease-pairs. 

 

Aim 2: Characterizing known disease-associated loci 

 

eQTL target genes of known disease-associated loci 

 Currently, the functional interpretation of GWAS findings is, to a large extent, 

based on the functional characterization of the genes that are located near the SNPs 

that are significantly associated with the disorder. However, identification of the eQTL 

target genes whose expression is regulated by disease-associated SNPs may provide a 



200 
better way to determine the regulatory mechanisms underlying disease etiology. We 

focus here on characterizing the known 108 SCZ loci[83] with genomic annotation and 

transcriptomic data. We thus annotated the index SNPs and SNPs in linkage 

disequilibrium with these loci (r2 > 0.80) with their eQTL target genes in all ten brain 

regions and in the three non-brain tissues.  

 As shown in Figure 10A, the known 108 SCZ loci, in general, contain multiple 

genes, complicating the search for the causal (gene) mechanism and supporting the 

importance of incorporating eQTL and other functional information to identify the most 

relevant gene. Furthermore, the 108 SCZ loci have numerous proxy SNPs (Figure 10B), 

making identification of the causal variant within each locus difficult. Figure 10C is an 

example locus at the extended MHC region, showing the adjacent SNPs in linkage 

disequilibrium with the index SNP as well as the genes within the locus. The large 

number of proxy SNPs and the high gene density at this locus illustrate the challenges in 

the fine-mapping of the causal variant and in finding the causal gene mechanism, 

respectively. 
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Figure 10. Genomic properties of the 108 SCZ loci. At the known SCZ loci, identification 
of the relevant gene cannot be easily made unambiguously. Furthermore, fine-mapping 
of the causal variant is complicated by the presence of a large number of proxy SNPs. 
Shown here is the distribution of the number of genes (A) (maximum at 50 genes) and 
the number of proxy SNPs (B) (maximum at 200 SNPs) with each of the 108 loci. The 
LocusZoom of an example from the list of 108 SCZ loci (at the extended MHC locus) is 
shown in (C) including the proxy SNPs (shown as colored dots depending on the strength 
of linkage disequilibrium) and the nearby genes (shown as arrows at the bottom). 

 

We investigated the pattern of SNP-gene expression associations in each brain 

region for the 108 SCZ loci. Across all brain regions, these loci show substantial evidence 

for being regulatory (Supplementary Figure 4), consistent with the earlier enrichment 

result found for the SCZ-associated variants at the looser (trait-association) threshold p 

< 0.001. Notably, there are many examples where the eQTL target gene is different from 

the most proximal gene. Furthermore, the eQTL target genes may differ between tissues 
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(Supplementary Table 3). For example, the SCZ-associated SNP rs8042374, which lies in 

the intron of the gene “cholinergic Receptor nicotinic alpha 3” (CHRNA3), has been 

shown to be associated with risk for nicotine dependence[277], possibly contributing, as 

a shared mechanism, to the known association between schizophrenia and 

smoking[278]. This SNP is an eQTL for “cholinergic Receptor nicotinic alpha 5” (CHRNA5) 

in the brain region nucleus accumbens (known for its central role in drug addiction)[279] 

and for “proteasome subunit alpha 4” (PSMA4) in whole blood (Figure 11). Although 

whole blood has the largest sample size of the tissues analyzed here (and therefore 

should have maximal power), there was no association found between the SNP and 

CHRNA5 expression in this tissue. Nor was there an association observed between the 

SNP and the whole-blood target PSMA4 in nucleus accumbens. Notably, the eQTL target 

gene in either tissue is discordant with the host gene CHRNA3. Furthermore, the region 

is characterized by strong linkage disequilibrium and high gene density (Figure 11). Thus, 

from the GWAS findings alone, it is difficult to make definitive conclusions about the 

relevant gene. The eQTL analysis reveals that CHRNA5 is the most relevant functional 

gene within this region.  
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Figure 11. eQTL target and proximity-based gene assignment. The SCZ-associated SNP 
rs8042374 is intronic to the gene CHRNA3. The target gene for this SNP differs between 
brain nucleus accumbens (CHRNA5) and whole blood (PSMA4) and, indeed, is discordant 
with the host gene (CHRNA3). (Association figures were generated from the GTEx 
Portal.) The LocusZoom of the region illustrates the gene density in the locus. 

 

 

Co-expression networks 

We also considered the expression target genes for the SCZ-associated loci. We 

found some significant correlations (in expression) among these genes in all tissues (see 

Figure 12A for hypothalamus), raising the possibility that they belong to co-expression 

networks or that some are regulatory for others. Hierarchical clustering highlights 

several clusters among these genes that may have coordinated expression (Figure 12B 

for hypothalamus). These results require additional studies for confirmation and should 
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be interpreted in the realization that patterns of correlation do not provide any 

information on causal direction. We note, however, that these genes are located 

throughout the genome, and thus these correlations among them may highlight 

“convergent” function for the SCZ loci and, possibly, trans-regulatory mechanisms[280] 

in the brain underlying SCZ genetic predisposition.  Indeed, trans-eQTL associations may 

be mediated by the expression of genes cis-regulated by the SNPs showing the trans-

associations[281].  

 

  

Figure 12. Co-expression networks and pathways derived from the 108 SCZ-associated 
loci. The gene expression correlation matrix (panel A) for the eSNP target genes (in this 
case, in hypothalamus) may be used to identify novel trans-regulatory mechanisms 
driving SCZ genetic susceptibility. For example, a cis eQTL (SCZ-associated) SNP for a 
gene may serve as a trans eQTL for another gene (that is correlated with the first). 
Hierarchical clustering (panel B) shows several clusters among the target genes. These 
clusters may highlight SCZ-associated molecular networks with some level of 
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coordinated expression. Different (Gene Ontology) sets of biological processes are 
implicated by the often discordant target genes in hypothalamus and in whole blood, as 
the ClusterProfiler plot shows (panel C). 

 

Discordance of eQTL target genes between tissues translates into downstream 

differences in biological processes 

Despite the fact that disease-associated SNPs are often regulatory in brain as 

well as in non-brain tissues (and are thus shared eQTL SNPs), the target genes, 

nonetheless, are often discordant in these tissues (Supplementary Table 3), suggesting 

potential pleiotropic effects. Indeed, Gene Ontology (GO) enrichment analysis showed 

that very different sets of “biological processes” are implicated by the targets in the 

different tissues (see Figure 12C, for example, for the comparison between 

hypothalamus and whole blood), reflecting the discordance in the target genes among 

the tissues. This suggests that shared regulatory variants among the SCZ-associated 

SNPs may exert their tissue-specific function by modulating the expression of different 

target genes in the different tissues.  

 

Multi-tissue eQTL mapping 

So far, we have primarily focused on single-tissue analyses. Provided that the 10 

brain regions show relatively large overlap with respect to gene expression associations, 

we hypothesized that combining the different tissue within a single analysis would 

improve the ability to determine the regulatory mechanisms underlying SCZ. Therefore, 
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we performed multi-tissue eQTL mapping using the 10 brain regions for the 108 SCZ loci 

using an empirical bayes method (see Methods), which borrows information across the 

tissues to map the eQTLs and also provides an approach to investigate the tissue 

specificity of the regulatory effect of the SCZ loci. We found substantial sharing of SNP-

gene pairs across the brain regions (Figure 13) from this analysis with a substantial 

proportion of SNP-gene (regulatory) pairs active in all brain regions (shown as yellow in 

Figure 13). 

 

 

 

Figure 13. Multi-tissue eQTL mapping for the 108 SCZ-associated loci. This shows a 
random sampling of the identified SNP-gene pairs from the multi-tissue eQTL mapping. 
Each row is a SNP-gene pair and each column a brain region. Yellow indicates regulatory 
activity (i.e., the SNP is an eQTL for the gene in the brain region). Green indicates no 
evidence for the SNP being regulatory for the gene. A substantial fraction of the 
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identified SNP-gene pairs from the multi-tissue QTL mapping show regulatory activity 
across all regions of the brain. Some SNP-gene pairs, however, are active in only some of 
the regions, potentially contributing to region-specific effects.   

 

Co-localization analysis 

 To determine whether SCZ-associated variants co-localize with eQTLs more 

frequently than expected by chance, we assessed co-localization of the eQTL and the 

susceptibility variant within a larger region consisting of SNPs in linkage disequilibrium 

(r2 > 0.80 in 1000 Genomes European [EUR] samples) with the risk variant. The goal of 

this analysis is to identify those disease-associated SNPs which more often overlap with 

the eQTL annotation than expected by chance. If a SNP co-localizes with an eQTL more 

strongly than expected, this SNP should be considered a candidate causal variant in the 

associated locus and should be prioritized for additional functional studies. The SNP 

score reflects the probability that the SNP overlaps with the eQTL annotation under the 

null (with lower SNP score indicating that the SNP more likely overlaps the eQTL not by 

chance); in addition, the SNP score depends on the relative size of the region and the 

patterns of linkage disequilibrium. Notably, we found a significant correlation (Figure 

14) in SNP score between hypothalamus and whole blood (representative of all pairwise 

comparisons between tissues). This suggests that when a disease-associated SNP 

overlaps the eQTL annotation in the two tissues under comparison, both tissues are 

likely to yield a consistent picture in terms of prioritizing potential causal variation. 
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Figure 14. Co-localization analysis at the SCZ loci using transcriptome data. A 
significant correlation (spearman correlation = 0.68) was observed between the tissues 
(here, hypothalamus and whole blood) in the co-localization of the SCZ-associated SNP 
with an eQTL, suggesting that both tissues may consistently implicate the same causal 
variant when the candidate SNP overlaps with the eQTL annotation from each tissue. 

 

Discussion 

 Studies of the genetic architecture of psychiatric traits have witnessed some 

recent notable advances[83]. GWAS have been unmatched in enabling the identification 

of genetic susceptibility loci; the accumulation of ever increasing samples is underway 

and likely to lead to new genetic discoveries. Our results indicate that the statistical 

power to detect disease susceptibility loci may be improved not only by using larger 
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samples but also by reducing the “noise” in the genetic data with the use of variants 

with prior functional support. Of note, many of the discovered GWAS loci are in 

noncoding regions, and thus the question of their role in gene regulation is immediately 

raised. Large-scale surveys of gene expression[30, 280] promise to yield crucial 

functional insights. Here we undertook a systematic study of the human transcriptome 

in a diverse set of tissues in order to evaluate how eQTL data may be systematized into 

an etiological understanding of psychiatric disease predisposition. 

It is of critical interest to investigate the nature of the shared regulatory 

architecture in gene expression between a more accessible tissue and a comprehensive 

sampling of brain regions, and to explore how this shared architecture enhances or 

constrains disease-associated loci mapping. Our study of whole blood eQTL annotation 

suggests that despite the substantial overlap with brain eQTL annotation, gene 

regulation in whole blood and brain may highlight distinct genetic effects on psychiatric 

conditions. These findings have important implications for the use of whole blood as a 

model system in psychiatric genomics or as a diagnostic tool for psychiatric disorders. 

Interestingly, we did find that among the known SCZ loci, eQTLs identified in whole 

blood propose genetic effects on disease predisposition that implicate immune-

related[282] “biological processes”, including “immune system development” and 

“leukocyte activation”.  

Our study suggests that there is enormous value in non-brain eQTL annotations 

for comprehensively characterizing the phenotypic effects of genetic susceptibility loci 

for psychiatric disorders. The evaluation of the annotations derived from colon and 
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adrenal gland (in addition to whole blood) was originally motivated by previous reports 

implicating neuroendocrine-central nervous system interactions and gastrointestinal 

systems for psychiatric disease pathophysiology. Our findings suggest that some of 

those eQTLs that show significant associations with psychiatric disorders have highly 

tissue-specific effects (indeed, were not detected as brain eQTLs). Even when the eQTL 

is shared between tissues, the regulatory variation may be responsible for pleiotropic 

effects by regulating distinct target genes. Co-morbidity analyses of psychiatric traits as 

well the study of other classes of disease with shared etiology with psychiatric disorders 

may thus be enhanced by comprehensive transcriptome studies involving non-

conventional tissues. 

Our analysis of other types of annotations (including those from epigenetic 

marks and evolutionary conservation) suggests that an integrative approach may further 

provide functional insights. The pairwise correlations among disease association 

significance, epigenetic marks as well as the eQTL annotation in brain imply that a more 

refined characterization of the nature of the regulatory activity underlying psychiatric 

disease susceptibility can be obtained through data integration. The contrast in the 

relationship between evolutionary conservation and brain-derived eQTL annotation 

(with that using whole blood) suggests that an evolutionary analysis of implicated gene 

mechanisms in the brain may be particularly relevant as a methodology for a better 

comprehension of this class of diseases. 

Our study highlights the need for sustained methodological efforts towards more 

precise quantification of the contribution of functional classes of SNPs to disease risk. 



211 
Existing methods such as LD score regression, which assumes only GWAS-based 

summary statistics that are increasingly becoming publicly available, reveal that there is 

a significant contribution from regulatory variation to phenotypic variance and, more 

robustly, that the regulatory variation accounts for a substantial fraction of the genetic 

correlation that has been reported between traits. Nevertheless, a broad spectrum of 

neuropsychiatric traits remain to be explored and collecting the prerequisite sample size 

will be immensely challenging. In addition, our results suggest the potential value of 

exploiting the substantial genetic correlations among the psychiatric traits for 

identifying novel disease mechanisms. If two psychiatric conditions show substantial 

genetic overlap, gene mechanisms obtained from a systematic eQTL study of the first 

disorder are prime candidates for conferring risk of the second disorder. If the GWAS of 

the first disorder has substantially larger sample size than that of the second disorder, 

the genetic correlation may be leveraged to improve detection of disease mechanisms 

for the second disorder. 

Our analyses of the known SCZ loci yielded some notable findings. Certainly, 

there is substantial sharing, between tissues, of regulatory variation among the 

susceptibility loci. Nonetheless, there is also discordance in some of the target genes 

between tissues. This is reflected in the tissue discordance in the set of “biological 

processes” implicated by the target genes; such discordance may substantially 

contribute to downstream pleiotropic effects. Despite the extensive shared regulatory 

architecture between tissues, our findings lend support to the utility of non-brain tissues 

for characterizing the distinctive functional effects of susceptibility loci. Stratified 
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enrichment analysis of bipolar disorder using colon demonstrated that after accounting 

for the brain eQTL annotation, significant residual enrichment for disease associations 

remained. This suggests that transcriptome analysis of the non-brain tissues examined 

here may help to uncover novel mechanisms contributing to psychiatric disease 

susceptibility. Interestingly, when a genetic predisposition is an eQTL in brain and, say, 

in a more accessible tissue such as whole blood, our study suggests that fine-mapping 

and co-localization analysis in both tissues are likely to yield a consistent prioritization 

for the causal variant. Additionally, we found extensive gene expression correlation 

between the target genes in brain for the disease-associated variants, suggesting that 

these genes may be organized according to co-expression networks. Notably, these 

networks may prove particularly useful for identifying trans-regulatory mechanisms 

contributing to psychopathology. There is very little known about the role of trans-

eQTLs in driving genetic predisposition to psychiatric traits primarily because of the 

large-scale mapping required to detect them, but they may provide an important source 

of novel and surprising biology underlying disease risk.  

 

Materials and Methods 

  

Tissues and eQTL data 

 We used GTEx v6 dataset in the analyses presented here. We calculated the (cis) 

eQTLs in each of the brain regions (N = 10) and in select non-brain tissues (whole blood, 
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adrenal gland and colon). (Henceforth, “eQTLs” will refer to cis-acting ones unless 

otherwise stated.) See Supplementary Table 1 which lists the sample size for each 

tissue. We followed the eQTL-mapping method previously described in the first-phase 

GTEx manuscript[30]. Briefly, all SNPs within 1 Mb of the transcriptional start site (TSS) 

of each gene were tested. We used a linear model, as implemented in Matrix eQTL[71], 

between genotype and quantile-normalized gene expression level after correction for 

gender, the first 3 genotype-derived principal components and PEER factors[66]. 

 

Aim 1: Transcriptome analysis and identification of novel genetic variation associated 

with psychiatric traits 

Integrating transcriptome data derived from 10 brain regions and additional 

tissues, we conducted global analyses of the genetic basis of psychiatric traits. Towards 

this end, we performed enrichment analyses using the eQTLs identified in each tissue, 

estimated the proportion of heritability for the PGC phenotypes, i.e., schizophrenia 

(SCZ), bipolar disorder (BD), Attention-Deficit Hyperactivity Disorder (ADHD) and Major 

Depressive Disorder (MDD), attributable to these eQTLs – both in aggregate and as 

annotated to the different categories of functional elements (e.g., DNAse I 

hypersensitivity sites, chromatin defined enhancers, etc.) – and estimated the genetic 

correlations for the traits based on the eQTLs. 

 

Enrichment analyses  
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We quantified the level of enrichment for association with each psychiatric trait 

among the eQTLs identified separately in each tissue. For each disease phenotype, we 

extracted the disease association p-values of the eQTLs from the PGC meta-analysis data 

and generated a quantile-quantile (Q-Q) plot from their distribution. The leftward shift 

for the p-value distribution indicates evidence for enrichment for low disease 

association p-values. We identified those eQTLs that meet FDR < 0.05 as well as the 

more stringent Bonferroni-adjusted threshold of 0.05.  

We also tested the converse, i.e., whether the disease-associated variants (from 

each psychiatric trait meta-analysis) are enriched for the eQTL annotation (in each 

tissue) by generating a Q-Q plot showing the distribution of SNP-gene expression 

associations. (For disease-associated variants, we used the threshold p < 0.001 but also 

evaluated p < 10-5.)  

 

Heritability estimation 

 We sought to quantify the proportion of heritability[283] attributable to the 

genetic variants that were found to be associated with gene expression in the each of 

the tissues. For each psychiatric disorder, we estimated the eQTL-derived heritability 

from the summary statistics using LD Score regression[26]. Briefly, the heritability  

attributable to the eQTLs identified in tissue  can be estimated as the “effect size” in 

the following linear regression from the  statistics for an eQTL (as the dependent 

variable) and  (as the independent variable): 
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Here  is the number of eQTLs,  is the sample size and  is the LD score for the eQTL 

SNP. (The term  is the y-intercept of the best fit line and quantities the degree of 

inflation in the statistics.)  

 

GTEx, SNP annotation, and regulatory elements 

 We mapped the cis eQTLs identified in the GTEx tissues to the genomic segments 

defined by the regulatory elements (in particular, DNAse-I hypersensitivity sites and 

histone marks that define enhancers and promoters) in a broad array of primary cell 

types and cell lines[81]. This enabled us to correlate the eQTL annotation with the 

chromatin-defined regulatory element annotation for the most highly associated SNPs 

(p < 0.001) for each disease phenotype. The chromatin-based annotation provided a 

means to assess whether the activating regulatory elements are more likely to harbor 

psychiatric trait associated regulatory SNPs than repressive sites or whether disease loci 

with regulatory function in the tissues are enriched in enhancer versus promoter 

regions. We also tested for correlation between eQTL annotation for each brain 

region/tissue and genomic annotations, including distance to nearest transcription start 

site (TSS), coding SNP functional class, conservation scores (PhyloP[284] and 

PhastCons[285]). 
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Genetic correlation of psychiatric traits using the eQTLs 

Improved understanding of shared genetic etiology[286] between the traits may 

facilitate identification of novel disease-associated variants. (For example, if two traits 

show substantial genetic correlation, SNPs associated with the first trait may be 

prioritized for association testing with the other trait (thereby reducing the multiple 

testing burden).) We therefore examined the extent to which the tissue-specific eQTLs 

capture the genetic correlation between the psychiatric traits. Using bivariate LD Score 

regression, we estimated[275] the genetic correlation between the traits and the 

corresponding standard error using the eQTLs in each tissue. 

 

Aim 2: Functional characterization of known disease-associated loci  

 Next, we utilized the transcriptome data and the regulatory variation mapped in 

the various brain regions and the non-brain tissues to functionally characterize the 

known psychiatric trait associated variants. For known disease-associated loci, we 

focused primarily on schizophrenia given the relatively large number (N = 108) of 

discovered and replicated susceptibility loci for this disorder, but we note that the 

methods we present here can be applied broadly to other psychiatric traits.  

 

eQTL target genes of disease-associated loci 
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 We compiled a comprehensive list of the eQTL target genes in each tissue for the 

disease-associated loci at the stringent threshold FDR < 0.05 as well as at the looser 

nominal threshold (p < 0.05) for (cis) association with gene expression traits. From the 

eQTL data, we identified those SNP-target gene expression pairs among the disease-

associated SNPs that are shared across all tissues as well as those with tissue-specific 

effects from the separate-tissue eQTL mapping analyses. We also identified those 

disease-associated SNPs with multiple eQTL target genes in the various tissues as well as 

those with “convergent function” (defined as having shared target genes in a tissue). 

The latter may provide a picture of pleiotropy, facilitating a look at the various effects of 

the disease-associated SNPs in multiple tissues whereas the former would determine 

whether multiple disease-associated SNPs may implicate the same gene mechanism by 

regulating the same target. 

  

Co-expression analysis and hierarchical clustering 

 We investigated the expression variability of the eQTL target genes for the SCZ 

loci in the various tissues. This facilitated comparison (Mann Whitney U test) of the 

inter-individual variability of the implicated genes within each tissue relative to genomic 

background and of their correlation between tissues. We also performed hierarchical 

clustering of the eQTL target genes (using one minus the Pearson correlation coefficient 

as the distance metric) to determine whether the target genes belonged to tissue-

dependent co-expression networks. Finally, we determined the correlations of the gene 
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expression phenotypes for these eQTL targets within each tissue, allowing us to 

evaluate whether the genes were more highly correlated than expected and to explore 

whether some genes were regulatory for other genes. 

 

Multi-tissue eQTL mapping 

 In addition to single-tissue eQTL mapping, the joint analysis of the brain regions 

and the additional tissues could facilitate identification of additional eQTLs and 

quantification of their tissue specificity. We thus performed MT-eQTL mapping[287], an 

empirical bayes approach for multiple-tissue eQTL analysis, across the 10 brain regions, 

whole blood, adrenal gland and colon. Multi-tissue eQTL mapping extends single-tissue 

eQTL mapping results by borrowing information across tissues. The hierarchical 

multivariate bayesian model captures the presence or absence of eQTLs in each tissue 

and heterogeneity of effect sizes across tissues while taking into account the differences 

in the number of samples for the tissues, the extent of overlap among the tissues and 

expression variation between tissues. 

 

Co-localization  

 We used GoShifter[270], which provides a ranking of the co-localization of 

disease-associated variation and the eQTL annotation. This approach provides a SNP 

score, which quantifies the probability that the SNP overlaps the annotation by chance. 
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Applying this approach to the eQTL annotation in the individual tissues, we investigated 

whether the tissues generate a consistent eQTL-annotated-based prioritization 

(Spearman correlation) for potential causal variation at the known SCZ loci.  

 

Statistical analysis and visualization 

 The software package R (https://www.r-project.org/) was used for the statistical 

analysis. We used the libraries “ggplot2” and “corrplot” for visualization. 

 

The Supplementary Material can be downloaded from 
http://www.scandb.org/newinterface/SuppMaterialVol.zip 
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Abstract 

It is widely held that a substantial genetic component underlies Bipolar Disorder 

and other neuropsychiatric disease traits.   Recent efforts have been aimed at 

understanding the genetic basis of disease susceptibility, with genome-wide association 

studies (GWAS) unveiling some promising associations.  Nevertheless, the genetic 

etiology of Bipolar Disorder remains elusive with a substantial proportion of the 

heritability – which has been estimated by ourselves and others to be 80% (congruent 

with previous reports based on twin and family studies) – unaccounted for by the 

specific genetic variants identified by large-scale GWAS.  Furthermore, functional 

understanding of associated loci generally lags discovery.  Studies we report here 

provide considerable support to the claim that substantially more remains to be gained 

from GWAS on the genetic mechanisms underlying Bipolar Disorder susceptibility, and 

that a large proportion of the variation in disease risk may be uncovered through 

integrative functional genomic approaches.  We combined recent analytic advances in 

heritability estimation and polygenic modeling and leveraged recent technological 

advances in the generation of -omics data to evaluate the nature and scale of the 

contribution of functional classes of genetic variation to a relatively intractable disorder.  

We identified cis eQTLs in cerebellum that capture nearly half of the total heritability 

attributable to SNPs interrogated through GWAS and showed that eQTL-based 

heritability estimation is highly tissue-dependent.  Our findings show that a much 

greater resolution may be attained than has been reported thus far on the number of 
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common loci that capture a substantial proportion of the heritability to disease risk and 

that, importantly, the functional nature of contributory loci may be clarified en masse. 

 

Introduction 

 Recent advances have facilitated high-throughput explorations of function-

related aspects of the genome [63, 288, 289].  These developments have yielded 

comprehensive maps of functional elements, providing an unparalleled resource to infer 

the phenotypic consequences of genetic variation.  Our group has been particularly 

interested in clarifying the impact of regulatory variation on pathophysiology [15] and in 

integrating heterogeneous genomic datasets to expand on GWAS findings. 

 For many complex traits, there is an enormous, much-lamented gap between 

estimates of heritability derived from population studies (e.g., family and twin studies) 

and the proportion of variation explained by specific genetic loci identified by genome-

wide scans [7, 290].  A second equally fundamental lacuna exists, namely that between 

the set of genetic variants identified by GWAS and the functional role of the implicated 

variants in mediating the trait.  

Recent reports from our group and others have evaluated the utility of 

expression quantitative trait loci (eQTL) [15, 41, 195], and more recently methylation 

quantitative trait loci (mQTL) [291] and microRNA quantitative trait loci (miRNAQTL) 

[292], to enhance discovery of the genetic basis of complex traits.  All together, these 

studies have demonstrated that trait associations from a comprehensive catalog of 
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published GWAS [3] as well as from the top ranks of GWAS results, at least for some 

complex traits, are significantly enriched for functional quantitative trait loci of 

molecular-level phenotypes, raising the possibility of utilizing functional genomics to 

increase the power of a genome-wide scan to detect true associations as well as  to 

clarify the nature of the identified associations.  However, it remains to be seen to what 

extent the findings emerging from functional genomic studies (e.g., eQTLs) may explain 

the so-called missing heritability characteristic of GWAS findings.      

 A flurry of recent studies have utilized random effects models (mixed linear 

modeling) [293, 294] to estimate the heritability that may be attributed to SNPs 

interrogated in GWAS and a weighted risk score analytic approach (polygenic modeling) 

[295, 296] to quantify the contribution of SNPs that fail to reach genome-wide 

significance in GWAS scans.  However, the findings from the application of these 

methods to GWAS thus far have yielded little insight into the nature of the polygenic 

component to trait variation. In the case of Bipolar Disorder, partly due to the 

challenges of replicating associations identified in genome-wide studies, the complex 

trait has been seen as especially intractable and, in certain quarters at least, as 

emblematic of the failure of GWAS to illuminate the nature of the genetic architecture 

of disease risk.  We hypothesized that the convergence of functional genomic 

approaches and these recently developed techniques for analysis of GWAS data may 

shed light on the number of contributory loci for Bipolar Disorder and provide a global 

molecular perspective on their mode(s) of functional mediation.  Although a recent 

study [295] concluded that Bipolar Disorder and Schizophrenia share a polygenic 



225 
component with tens of thousands of common genetic variants of small effect size likely 

to be contributory, studies we report here show that a much greater resolution may be 

attained on the number of common loci that capture a substantial proportion of the 

heritability to disease risk and that, importantly, the functional nature of contributory 

loci may indeed be clarified en masse.      

 

Results 

 We had conducted genome-wide expression profiling to map eQTLs (and mQTLs) 

in the cerebellum cortex, as previously described [291].   We classified eQTLs into cis 

and trans regulators of gene expression phenotypes on the basis of the SNP’s distance 

to its target gene and on the strength of the evidence for association with gene 

expression (see Methods).  Using the Wellcome Trust Case Control Consortium (WTCCC) 

GWAS study in Bipolar Disorder [200], we found a highly significant enrichment for cis 

eQTLs in cerebellum (enrichment p < 0.001) among the top SNPs (defined as p < 0.001) 

(Figure 1) relative to random SNPs matched on minor allele frequency and location with 

respect to gene.   In contrast, no enrichment was found for cis eQTLs in lymphoblastoid 

cell lines (LCLs).  We quantified the contribution of eQTLs in cerebellum to the 

heritability of Bipolar Disorder disease risk.  We utilized the TGen+GAIN dataset for this 

analysis, which consists of data from the Bipolar Genome Study (TGen) and from an 

earlier study (GAIN) conducted under the GAIN initiative (Supplemental Table 1).  All 
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together, the sample set included in our analysis consists of 2,191 cases and 1,434 

controls.  

 

 

 Figure 1. Enrichment of cis eQTLs among the top SNPs from the WTCCC study. 

Following Yang et al. [293], we utilized a linear mixed model (LMM): 

       (1) 

               (2) 

where Y is a phenotype vector of size N x 1, β is a vector of fixed effects, g is a vector of 

random additive genetic effects (the “polygenic component” of trait variation) from the 

set of eQTLs under study (more generally, any set of QTLs with a priori support from 

functional genomics, e.g., mQTL [203, 291, 297] or miRNAQTL [292, 298]), and e is a vector 

of residuals.  This model leads to two variance components, namely the additive genetic 

variance σ2g captured by the tested SNPs and the residual variance σ2e.  We estimated 
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the (narrow-sense) heritability, σ2g / (σ2g + σ2e), explained by the cis eQTLs and, 

separately, the trans eQTLs (despite differential power) [21].  These estimates, derived 

from the genotyped SNPs, quantify the proportion of phenotypic variance attributable 

to causal variants in linkage disequilibrium (LD) with the tested eQTL SNP sets.  A genetic 

relationship matrix (GRM), denoted by A (with entries Aij between pairs of individuals i 

and j), was estimated from each SNP set, and variances were estimated using restricted 

maximum likelihood (REML) [21].   We were interested in the heritability captured by 

the cis eQTLs (and the trans eQTLs) as a proportion of the heritability attributable to all 

SNPs interrogated in the GWAS and passing QC filters (see Methods), h2eqtl / h2all, 

hereafter referred to as the heritability concentration index.  We demonstrated, on 

theoretical grounds (see Methods) and empirically, that the heritability concentration 

index is the same whether calculated on the observed scale or estimated on the liability 

scale (the latter premised on a continuous liability threshold model).  Furthermore, it is 

independent of disease prevalence (K) or ascertainment bias (P, the proportion of cases 

in the samples, which may be >K) (see Methods).  

Selecting samples so that |Aij| < 0.025 for all pairs i and j (n =3,189 individuals) 

and conducting extensive QC on the genotype data (see Methods), we performed the 

heritability estimation analysis in the TGen+GAIN dataset with and without the study ID 

as covariate, with no substantial difference in the estimates (Table 1).  Consistent with a 

previous report [299] on the WTCCC study of Bipolar Disorder [200], the genome-wide 

SNPs explained 35% (s.e. = 6%) of the phenotypic variance on the liability scale 

(assuming disease prevalence K = 0.01).  Remarkably, we found that the cis eQTLs (n = 
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27,107) in cerebellum included in our analysis had heritability concentration index (h2eqtl 

/ h2all) of 0.57.  The heritability captured by the cis eQTLs previously identified in LCLs 

[15] was less than 1%, which demonstrates the tissue dependence of eQTL-based 

heritability estimation.  The inclusion of 20 principal components as fixed effects yielded 

similar estimates (Supplemental Table 2).  Although our study was not sufficiently 

powered to reliably identify trans eQTLs, we found that the set of SNPs (n = 6,892) 

included in our analysis with association p < 1.9 x 10-6 with at least one gene expression 

trait in cerebellum had heritability concentration index of 0.11.  

 

  

 

Figure 2. Partitioning of variance attributable to cis eQTLs by chromosome.  The 
estimates of variance, from the two GWAS GAIN and TGen, captured by the cis eQTLs on 
each chromosome were highly correlated (pearson correlation = 0.60).  Red corresponds 
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to the GAIN study while orange the TGen study.  These estimates are on the observed 
scale. 

 

When we evaluated each GWAS (TGen and GAIN) separately and partitioned the 

genetic variance captured by the cis eQTLs onto the individual autosomes (by fitting the 

GRMs of the chromosomes simultaneously in a joint analysis), we found that the 

estimates of variance explained by each chromosome (Figure 2) were highly correlated 

between the two studies (pearson correlation = 0.60).  Notably, each GWAS study 

showed a peak on chromosome 11.  Supplemental Table 3 provides a list of the 

chromosome 11 transcripts implicated by this analysis, including some with a number of 

independent (r2 < 0.10) cis eQTLs.  In particular, using gene set enrichment analysis 

[300], we found that the chromosome 11 transcripts with 5 or more cis eQTLs 

contributing to our estimate of heritability are significantly enriched for Immunoglobulin 

C-2 Type (IGc2) proteins (Benjamini Hochberg adjusted p = 6.2 x 10-3; Supplemental 

Table 4), which raises the question of an infectious etiology to Bipolar Disorder [301].   

Since experimental or genotyping artifacts as case-control differences may 

appear as “heritability” (more so than in the case of quantitative traits, which are less 

likely to be correlated with these artifacts) [299], we investigated the effect of QC 

thresholds on the estimates of heritability captured by the genome-wide SNPs as well as 

the cis eQTLs and the trans eQTLs among the interrogated SNPs (see Methods) and 

found these estimates to be stable.   To test for the presence of inflation in these 

estimates, we conducted heritability estimation using the genome-wide SNPs and, 



230 
separately, the subset of cis eQTLs on permuted traits (n=1000) while conditioning on 

the same corresponding genetic relationship matrix A (one for each SNP set).  This 

analysis showed that estimates of heritability of simulated phenotypes derived from the 

genome-wide SNPs and from the cis eQTLs were not significantly different from zero.  

Supplemental Figure 1 illustrates the (null) distribution of the heritability estimate for 

the cis eQTLs.    

SNP-based heritability estimation is susceptible to confounding by population 

stratification [302]. The use of principal components (as fixed effects) in the LMM model 

may not adequately correct for such confounding, and indeed principal component-

adjusted estimates may yield substantially similar values as the non-adjusted ones in the 

presence of fine-scale population structure [302].  To quantify the effect of population 

structure, we used several approaches, the aggregate of which (Supplemental Table 5) 

suggest that our findings are not likely to be substantially influenced by this 

confounding.  First, we estimated heritability from the sum of heritabilities obtained 

from two disjoint sets of chromosomes (chr 1-10 and chr 11-22), which we then 

compared with the estimate derived from genome-wide SNPs [303].  Second, we 

compared the estimate of heritability captured by the cis eQTLs with the estimate 

obtained from a random set of SNPs matched on count, allele frequency distribution, 

and location with respect to nearest gene. Finally, we calculated the genomic control 

inflation factor (λ) from the association analysis with genome-wide SNPs. 

Contributions to the heritability concentration index from causal variants tagged 

by the cis eQTLs may be distorted by patterns of LD.  Indeed, regions of strong LD may 
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amplify a SNP-based estimate of heritability while contributions from poorly tagged 

variants may be underestimated.  We therefore utilized an LD-adjusted kinship matrix 

recently developed by Speed et al. [304] to tease apart the impact of local LD from that 

of the architecture of causal variants on our estimate of the heritability concentration 

index.  We calculated h2eqtl / h2all for cis eQTLs using a genetic relatedness matrix derived 

from scaled SNP genotypes (Supplemental Figure 2).  The heritability concentration 

index did not change substantially with the use of LD-adjusted kinship matrix (LD-

adjusted h2eqtl / h2all = 0.572 vs. non-adjusted h2eqtl / h2all = 0.570).       

The estimated proportion of phenotypic variance captured by the cis eQTLs was 

noteworthy. We took a second analytic approach to evaluate to what extent cis eQTLs 

may have a collective effect on disease susceptibility.  The polygenic modeling (PM) 

approach has been utilized in several recent studies to demonstrate a polygenic 

component to an array of complex human traits, including schizophrenia [295], 

rheumatoid arthritis, myocardial infarction and coronary artery disease [296].  We 

selected an LD-pruned set of cis eQTLs that meet a P-value threshold in a “discovery” 

GWAS (TGen) and calculated a polygenic risk score (see Methods) from this set for each 

individual in a “replication” GWAS (GAIN).  We followed the LD parameters used by 

Purcell et al. [295], to enable direct comparison (see Methods).  We utilized several P-

value thresholds for association with Bipolar Disorder in TGen (namely, P-value TGEN < 

0.0001, 0.01, 0.05, and 0.10) to define a set of cis eQTLs and evaluated the polygenic risk 

score for association with case-control status in the second independent GWAS (GAIN) 

using logistic regression. 
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Figure 3.  Polygenic risk score and association with Bipolar Disorder. We determined, 
for each individual in the “replication” GAIN study, a polygenic risk score, which is 
defined as the sum of the risk allele counts weighted by the log odds ratio using the risk 
alleles and the effect sizes from the “discovery” TGen study.  The polygenic risk score 
was then tested for association with disease status in the GAIN study.  An LD-pruned 
SNP set consisting of cis eQTLs with p < 0.05 in the TGEN study showed the most 
significant association with case control status in the GAIN study.  The horizontal line 
corresponds to p < 0.05 for association of polygenic risk score with disease status. 
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 Figure 3 illustrates the dependence of the association of the polygenic risk score 

with disease status on the P-value TGEN threshold.  In particular, the set of cis eQTLs 

defined by P-value TGEN < 0.05 (n = 2,375 SNPs) showed the most significant association 

with case-control status.  Figure 4 shows the chromosomal location of this particular set 

of cis eQTLs, which appear to be uniformly scattered throughout the genome. 
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Figure 4.  Chromosomal location of cis eQTLs (n=2,375) with substantial contribution 
to heritability.  Each red mark indicates a cis eQTL SNP.   Each autosome is represented. 

   

Several observations are worth noting here.   First, this set of eQTLs constitutes a 

much smaller number of SNPs (than has previously been reported) that underlie a 

polygenic variation in the trait.  Second, the association of the polygenic risk score with 

case-control status is more significant for the set of cis eQTLs with P-value TGEN < 0.05 
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than it is for the larger set of interrogated SNPs that satisfy P-value TGEN < 0.05.  Third, 

our approach highlights a potential functional mechanism for the polygenic component.  

Finally, both statistical approaches, LMM and PM, yield consistent findings on the effect 

of cis eQTLs, in aggregate, on Bipolar Disorder susceptibility.     

 In summary, we have undertaken to quantify the heritability captured by a 

functional class of quantitative trait loci for an important complex disorder.  Our study 

not only provides support for the role of common genetic variation in disease 

susceptibility, but importantly also yields a functional basis for the polygenic variation in 

the trait.  This understanding of the genetic architecture of disease risk could have direct 

clinical utility and inform the design of future studies.    

 

Methods 

eQTL Mapping 

 The results of our eQTL studies in cerebellum were previously reported [291]. 

Briefly, DNA and RNA of cerebellum samples from 153 individuals of European descent 

were obtained from the Stanley Medical Research Institute.  Genotyping was done on 

the Affymetrix GeneChip Mapping 5.0K Array (Affymetrix, Santa Clara, CA, USA).  

Genome-wide expression profiling was performed using the Affymetrix Human Gene 1.0 

ST Array.   SNPs with call rates less than 99% were filtered out, as were SNPs that 

departed from Hardy-Weinberg equilibrium (P<0.001) and SNPs with MAF<10%. 

Principal components analysis, as implemented in Eigenstrat [305], was used to test for 

the existence of population structure.  We performed imputation using MACH v1.0 
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[118].  We excluded from analysis all probes that could be mapped to multiple genome 

regions as well as all probes that contain common SNPs (MAF>0.01) on the basis of 1000 

Genomes and HapMap data.  ComBat [209] was used to adjust for batch effect. 

Surrogate variable analysis was conducted and identified surrogate variables were 

regressed out. Quantile normalization was used on the residuals.  Linear regression with 

dosage of the minor allele for each SNP was then performed to identify eQTLs.  In this 

study, a cis region is defined as within 4 MB of the probe site, while a trans region refers 

to the rest of the genome.  A threshold of <0.01 was used for the cis analysis, while the 

trans analysis threshold was 0.05 divided by the number of probes. As our primary 

interest was in quantifying the heritability captured by these sets of SNPs (and certain 

subsets thereof), we started from these thresholds.   

Genome-wide Association Studies in Bipolar Disorder 

 Two genome-wide studies of Bipolar Disorder were utilized for our study of 

heritability estimation.   The TGen GWAS [199] consists of 1,190 cases from the Bipolar 

Genome Study and 401 controls.  In the original GWAS study, QC procedure excluded 

SNPs with low MAF (<1%), significant departure from Hardy-Weinberg equilibrium in 

controls (p < 10-6), low call rate (<95%), and other criteria.  A second GWAS, from the 

GAIN initiative [198], consists of 1,001 cases and 1,033 controls of European descent.  As 

in the TGEN study, SNPs were not included in the analysis if the MAF was less than 1%, 

the SNP violated Hardy-Weinberg equilibrium (p < 10-6) in control samples, if the call 

rate was low (< 95%), if there were 3 or more Mendelian errors, or if there was more 

than one discrepancy among duplicate samples.   
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Following Lee et al. [299], we performed additional QC steps to ensure the 

robustness of our estimates of heritability such as excluding SNPs with p < 0.05 for 

Hardy-Weinberg equilibrium and for missingness-difference between cases and 

controls.  Only autosomal SNPs were included in our heritability estimation analysis. 

Heritability Estimation on the Observed Scale and on the Liability Scale 

 The liability threshold model presupposes an underlying continuous random 

variable that defines case-control status.  Cases are those subjects for which the liability 

exceeds a given threshold t.  For our purposes, suppose that the population prevalence 

is K.  Suppose P is the proportion of cases in the sample set; in general, this proportion, 

an ascertainment parameter, may not be a random sample from the population.  Then 

the relationship between the heritability on the observed scale   and the heritability 

on the liability scale  is given by the following expression [299]: 

      

where Φ(t) is the y-value of the standard normal curve at the point t.   Note the same 

scaling factor between the observed scale and the liability scale applies to the estimate 

of heritability for the cis eQTLs or trans eQTLs as for the genome-wide SNPs: 

 

Thus, the ratio of the estimate of heritability attributable to cis eQTLs (or to trans eQTLs) 

relative to the estimate of heritability attributable to all interrogated SNPs, which we 
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call eQTL “heritability concentration index”, is the same whether on the observed scale 

or on the liability scale, and is independent of disease prevalence and of ascertainment: 

 

In our heritability estimation analysis, we selected samples so that |Aij| < 0.025 

for all pairs i and j (leaving n = 3,189 individuals). 

Permutation Analysis Under the Null 

 We conducted permutation analysis (n = 1000) to test for the presence of 

inflation in our estimates of the heritability captured by the genome-wide SNPs and, 

separately, by the cis eQTLs.  In this analysis, we preserved the genotype correlation 

structure, utilized the genetic relationship matrix defined by each set of SNPs, and 

calculated the heritability for a permuted trait (n = 1000).   An empirical p-value was 

generated for the estimate of heritability, defined as the number of times the estimate 

for a simulated trait matches or exceeds the observed estimate.   Additionally, we 

determined the number of times an estimate for a simulated trait is consistent with zero 

heritability, e.g., in the case of cis eQTLs, the set of points (  , ) in [0,1]x[0,1] 

that satisfy 

 where  is the standard error for the estimate. 

Polygenic Modeling with Functional Variation 
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 We utilized polygenic modeling [295] to evaluate the effect of large numbers of 

weakly associated SNPs characterized by very small allele frequency differences 

between cases and controls. To facilitate direct comparison with the Purcell et al. study, 

we pruned a given SNP set (e.g., the cis eQTLs) to filter SNPs in strong LD with other 

SNPs (using a pairwise r2 of 0.25, within a 200-SNP sliding window).   Using the set of risk 

alleles from the resulting LD-pruned set and the corresponding effect size from a 

“discovery” GWAS, we calculated, in a “validation” GWAS, a polygenic score from the 

log odds ratio-weighted sum of risk allele count  for each individual j:   

 

For polygenic modeling, we evaluated the sets of cis eQTLs defined by P-value TGEN < 

0.0001, 0.01, 0.05, and 0.10.  We tested the calculated polygenic score for association 

with disease status. 
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Supplemental Table 1.  Genome-wide association studies of Bipolar Disorder 
evaluated in our study. 

Study Cases Controls 

TGEN 1190 401 

GAIN 1001 1033 
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Chapter 9 

Structural architecture of SNP effects on complex 
traits 
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Abstract 

 Despite the discovery of copy number variation (CNV) across the genome nearly 

ten years ago, current SNP based analysis methodologies continue to collapse the 

homozygous (i.e., A/A), hemizygous (i.e., A/0) and duplicative (i.e., A/A/A) genotype 

states treating the genotype variable as irreducible or unaltered by other co-localizing 

forms of genetic (e.g., structural) variation. Our understanding of common, genome-

wide CNV suggests the canonical genotype construct may belie the enormous 

complexity of the genome. Here we present multiple analyses of several phenotypes 

and provide novel methods supporting a conceptual shift that embraces the structural 

dimension of genotype. We comprehensively investigate the impact of the structural 

dimension of genotype on (1) GWAS methods, (2) interpretation of rare LOF variants, (3) 

characterization of genomic architecture, and (4) implications for mapping loci involved 

in complex disease. Taken together, these results argue for the inclusion of a structural 

dimension and suggest that some portion of the “missing” heritability may be recovered 

through integration of the structural dimension of SNP effects on complex traits. 

 

Introduction 

Germline copy number variation (CNV) has, since its discovery on a large scale a 

decade ago, been of enormous interest in medical genetics and has been extensively 

studied across a number of phenotypes [306-313]. While there remain challenges to 
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generating high-confidence CNV data sets, there has been significant progress in the 

development of detection algorithms and validation methods [314-322]. 

 However, the direct effect of copy number variability on genotype dosage has 

received far less attention. For example, the hemizygous genotype left behind in the 

wake of a deletion, or the multiplicative genotype in a region of segmental duplication 

both vary with respect to a structural dimension representing genotype categories that 

do not fit neatly into homozygous or heterozygous designations. This observation has 

important implications for the impact of genotypic complexity (i.e., layering of SNP 

variation within copy number variable (CNV) and stable (CNS) regions) on genome 

annotation and on disease gene mapping [323-325]. Here we offer methods, provide 

real-world results, and assess the functional impact of including the structural 

architecture of genotype across different modes of analysis (i.e., GWAS, rare variant, 

variance components) and phenotypes, challenging the long held convention that 

genotype essentially exists in only three states.  

We investigated the structural dimension of SNP effects on (1) GWAS methods, 

(2) interpretation of rare LOF variants, (3) characterization of genomic architecture, and 

(4) implications for mapping loci involved in complex disease (Figure 1).  First, we sought 

to test the hypothesis that by integrating both the number of alleles (derivative of CNV) 

and the allelic content in a single test we would more precisely delimit genotype, thus 

increasing power to identify significant associations and recover additional heritability. 

We apply our approach, termed “copy number indexed GWAS” (cni-GWAS), in a proof-

of-principle experiment, to the detection of expression quantitative trait loci (eQTLs) but 
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note that our approach applies, without loss of generality, to other traits. Our approach 

differs from previously described methods [324] in that it utilizes post-QC CNV data 

generated from any CNV caller and subject to the desired quality control stringency, 

allowing for the use of a vetted CNV data set. This important distinction allows the 

analyst (1) to reliably detect CNVs using multiple SNPs simultaneously with multiple 

algorithms, reflecting the current state of the art methods for CNV detection, (2) to 

determine the level of QC stringency required for the CNV data, and (3) to mine massive 

amounts of publically available CNV and genotyping results that have already been 

generated. For these reasons, we believe this approach is preferable to attempting to 

determine dosage on a SNP-by-SNP basis.  
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Figure 1.  Schematic diagram of our analytic approach. We developed an approach that 
incorporates structural information to identify regulatory variants hidden from standard 
GWAS. The central figure displays a cartoon image of two alleles (orange and blue) each 
associated with a specific level of transcriptional efficiency and each represented with 
multiple structural variations. The remaining panels of the figure illustrate the focus of 
analyses presented in the paper including (1) GWAS methods, (2) interpretation of rare 
LOF variants, (3) characterization of genomic architecture, and (4) implications for 
mapping loci involved in complex disease. 

 

Our use of eQTL detection as a test case also permits us to explore the broad 

relevance of these “unmasked” association signals to complex human disease traits. It 

has been previously established that trait-associated SNPs discovered by GWAS [3] are 

enriched for eQTLs [15, 194, 326, 327] identified in LCLs. Using the results from the 

NHGRI GWAS catalogue [3] as well as all results from the seven disease association 

studies conducted by the Wellcome Trust Case Control Consortium [328], we tested 



246 
several additional hypotheses relating to the enrichment and biological relevance of 

eQTLs derived from cni-GWAS compared to eQTLs derived from traditional GWAS.  

Second, in order to assess the extent of genomic complexity on rare variants 

from exome sequencing we investigated the structural architecture of the genome in 

regions harboring putatively deleterious loss of function (LOF) variants (Figure 1). We 

determined the proportion of LOF variants that fall within CNS versus CNV regions of the 

genome in exomes from healthy controls [70], as well as transmitted and de novo LOF 

variants drawn from recent studies of autism exomes [329-332]. We then investigated 

differences in the functional characteristics of LOF variants in CNV and CNS regions to 

gain insight into the relevance of the structural dimension on the phenotypic 

consequences of rare coding variation. With cni-GWAS and the LOF analysis, we 

demonstrate the impact of the structural dimension of genotype on rare variants and 

variants tested individually in a GWAS framework. However, it has become clear that 

many complex traits are highly polygenic, therefore we provide a third and final line of 

evidence for the global and pan-phenotypic impact of the structural dimension on 

genotype in a polygenic framework.  Here we partition the genome according to known 

CNV and CNS regions and calculate the heritability of Tourette Syndrome (TS) and 

obsessive compulsive disorder (OCD) captured by each partition using a mixed linear 

model. We assessed the significance of the partitioned heritability to determine 

whether CNV or CNS regions of the genome appeared to concentrate heritability.  
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Methods 

Unmasking novel regulatory variation by modeling the structural dimension of SNPs 

cni-GWAS analysis  

Using the combined HapMap genotype data, we ascertained SNPs located within 

the boundaries of a set of CNV regions that had been previously identified in the same 

samples [333]. This resulted in a total of 17,565 SNP variants in 1,397 CNV regions. We 

developed cni-GWAS, which assumes an additive linear model that utilizes locus-specific 

covariate-adjustment, with CNV status as a covariate, then tests the SNP genotype 

against all gene expression phenotypes. This approach effectively integrates both SNP 

allelic content and copy number dosage in a single model and estimates their joint 

effects on gene expression.  In contrast to the traditional eQTL mapping approach that 

assumes diploidy at each candidate eQTL SNP or assumes no SNPs at a CNV locus, we 

assume that CNVs and SNPs may co-localize (genome-wide).   We thus fit the following 

regression model: 

     (1) 

     

where Y is a gene expression trait, C is the CNV genotype, S is the SNP genotype, β1 is 

the CNV genotype effect, β2 is the SNP genotype effect, Xβ is the effect of non-genotype 

covariates (e.g., age, sex, or principal components), and e is the residual. The residuals e 

are assumed to be independently and identically (normally) distributed.  Note that, in 

the absence of a CNV, the model reduces to the simple model which tests only for the 
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presence of a SNP effect.  Furthermore, in the absence of a SNP at a CNV locus, the 

model reduces to a regression which tests for the presence of a CNV eQTL effect [246].   

Thus, this approach contains the traditional single-variant approaches as special cases.  

We note that the model in (1) tests for a non-zero additive SNP effect unmasked by 

incorporating the CNV effect. To test for “SNP x CNV epistasis” and for departure from 

additivity of SNP effect, we subsequently fit the following interaction model for SNP and 

CNV pairs for which marginal SNP association with gene expression, using model (1), 

was found: 

    (2) 

        

Here β3 is the SNP x CNV epistatic effect. 

High correlation between SNP and CNV genotypes in the model (equation 1) may 

have undesirable consequences.  Indeed, such correlation would likely induce a less 

precise estimate of the SNP effect on gene expression while controlling for CNV status. 

Furthermore, the redundancy in information provided by SNP genotype and CNV status 

may produce overfitting in the regression model. However, as the cni-GWAS approach 

deals with the association of SNPs that lie within regions of CNV, linkage disequilibrium 

(LD) between the SNP being tested and the CNV being tested is not a significant concern. 

This is because, in the case of deletions, the remaining allele is on the opposite 

chromosome as the deleted allele and therefore not in LD with the deletion. In the case 

of duplications, one allele exists within the duplicated haplotype and is therefore in 



249 
perfect LD with the CNV, and the model is irreducible. In both cases, the presence of the 

CNV dictates the allelic dosage (i.e., 0,1,2,3) to be used in the model.    

Quality Control 

Both CNV and SNP genotype data used in this study may be considered well-

vetted sources of data (for details please see the primary publications Mills et al., and 

Conrad et al.)[236, 238]. Nevertheless, we were presented with additional opportunity 

for QC and examined the data to test for genotypic incompatibilities (i.e., heterozygous 

genotype in regions of unique deletion). No genotypic incompatibilities were detected 

for the data reported here. Finally, in an effort to measure and control for the possibility 

of overfitting, we calculated the correlation between the SNP-level p-value and the CNV-

level p-value from the cni-GWAS analysis.  Furthermore, we identified SNP-CNV pairs 

with significant coefficients for both SNP genotype and CNV status as well as those pairs 

with a significant coefficient for only one. 

Defining cni-GWAS eQTLs, eSNPs, and eCNVs 

Cis eQTLs are defined as SNPs within 1 Mb of their target genes (FDR < 0.05) 

[334]. Given the number of SNPs present in regions of CNV (17,565) and the number of 

expressed genes (13,080) tested, we defined a trans eQTL as a SNP associated with a 

(distal) gene expression trait at p < 2.18x10-10 (=0.05/(17565*13080)). Throughout our 

study, we reserve the term “eQTLs” strictly to refer to SNPs that are significantly 

associated with a gene expression trait after multiple testing adjustment (e.g., FDR < 

0.05 for cis eQTLs, p< 2.18x10-10 for trans eQTLs) [334].   
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For the purposes of methodological comparison and additional exploratory 

analyses, we also defined a broader group of SNPs showing moderate association with 

gene expression (p<10-4), which we refer to as “eSNPs” throughout the manuscript. 

eSNPs have been useful in exploratory functional analyses and enrichment analyses 

relative to random sets of SNPs in the genome that are matched on genomic features of 

the eSNPs, enabling genomic discoveries that may be difficult to obtain through single-

locus analyses [23, 85, 86].  

While the remaining analyses focus on eSNPs, we also summarized the eCNV 

results under cni-GWAS (supplementary figure 3 and supplementary table 1). The cni-

GWAS derived p-values for the eCNVs shown in supplementary figure 3 were calculated 

after accounting for the presence of a SNP within the CNV region. This set of results 

refines previous traditional GWAS analysis identifying CNVs as eQTLs without 

conditioning on SNP genotype [246]. 

Comparison of cni-GWAS and traditional GWAS eQTL mapping approaches 

In order to assess the power of cni-GWAS to detect associations, we examined 

the distribution of p-values yielded by both cni-GWAS and the traditional GWAS 

approach to eQTL detection. This allows a comparison of the methods for eSNP 

detection and a test of the sensitivity of our findings using a variety of significance 

thresholds. Additionally, we compared the list of eQTLs identified through cni-GWAS to 

that of eQTLs identified through traditional GWAS in order to measure the number of 

novel discoveries generated by the new method.  
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To determine whether the improvement in significance under cni-GWAS was 

driven by spurious small p-values stemming from low MAF variants, we examined the 

relationship between MAF and p-value and compared the minor allele frequency 

distribution of eSNPs from cni-GWAS compared to standard GWAS.  Furthermore, we 

compared the expression mean and variance of the eQTL targets from the two 

approaches (i.e., cni-GWAS and standard GWAS) to test whether CNV-driven differences 

in gene expression variance could have contributed to the gain in significance.   

We provide summary statistics for the cni-GWAS eQTLs (eSNP and eCNVs), 

including coefficient of determination (R2), p-value and beta, through the publicly 

available SCAN database (http://www.scandb.org) [194, 335]. 

Functional analysis of cni-GWAS eSNPs using ENCODE  

We downloaded ChromHMM data, DNaseI hypersensitivity uniform peaks data 

in the lymphoblastoid cell line GM12878 and transcription factor binding site (TFBS) 

ChIP-seq data from the UCSC Genome Browser website [336, 337].  Regions identified as 

enhancers or weak enhancers were classified into a single enhancer annotation. 

 Using bedtools, we mapped SNPs in CNV regions to genomic features defined by 

these regulatory annotations from functional and epigenomic datasets, facilitating the 

annotation of such SNPs with information on (a) chromatin state (enhancers; active, 

weak and poised promoters; Polycomb-repressed regions; heterochromatic and 

repetitive regions); (b) co-localization with open chromatin regions from DNaseI 

hypersensitivity data; and (c) overlap with TFBS regions [338].   
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We tested for enrichment of cni-GWAS eSNPs within chromatin state and DNaseI 

hypersensitivity annotations by first identifying the cni-GWAS eSNPs that map to these 

regulatory annotations then, using the frequency in the genome as the expectation, we 

applied the binomial test to obtain an enrichment p-value.  We also investigated the 

effect of the cni-GWAS eSNPs on regulatory motifs.  The difference in log-odds (LOD) 

score between the reference allele and the alternative allele was used as a measure of 

the differential allelic effect of the eSNP on the TFBS.   If an eSNP was annotated with 

multiple transcription factors, we used the maximum, over all affected motifs, of the 

LOD scores.   Using the Wilcoxon test, we compared the LOD scores at the cni-GWAS 

eSNPs and the remaining SNPs. 

Analysis of cni-GWAS eSNPs in WTCCC phenotypes 

In order to illustrate the relevance of cni-GWAS results to disease, we examined 

our cni-GWAS eSNPs (p < 10-4) for associations with the seven WTCCC diseases (Crohn’s 

Disease [CD], Rheumatoid Arthritis [RA], Coronary Artery Disease [CAD], Hypertension 

[HT], Type 1 Diabetes [T1D], Type 2 Diabetes [T2D], and Bipolar Disorder [BD]) [328].  

The summary results in the second release of the WTCCC data were downloaded with 

permission (www.wtccc.org.uk). Next, the eSNPs identified with cni-GWAS (p<10-4) were 

extracted from each set of disease associations and the results of only those disease 

associations were plotted in a Q-Q plot for each disease. The degree of enrichment is 

represented by the leftward shift (methods appendix) from the diagonal line (on which 

there is perfect agreement between observed and expected p-value). Three FDR 
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thresholds are represented (FDR < 0.05, FDR < 0.10, and FDR < 0.25) with each disease 

trait to quantify the enrichment.  

Quantifying the phenotypic variance explained by cni-GWAS eSNPs 

 For each disease phenotype, we evaluated the amount of additional heritability 

that could be explained by the cni-GWAS eSNPs outside of the human leukocyte antigen 

(HLA) region.  A variance-components-based approach (via restricted maximum 

likelihood) to the estimation of the heritability explained by eSNPs has also been 

previously described [339] and applied to reveal differences in genetic architecture 

between related diseases [23]. Here we use the theory of quadratic forms to develop a 

method, modeling LD between SNPs in local regions, to estimate the explained variance 

for all eSNP loci.  An unbiased estimate of the variance explained by a locus L consisting 

of p possibly correlated variants can be written in terms of the SNP correlation matrix C, 

the sample size N and the p-vector of estimated effect sizes : 

         (3) 

 See appendix for derivation.   

Detecting effects of rare coding variants in CNV and CNS regions of the genome 

Determining CNV and CNS regions of the genome 

  Copy number variable regions of the genome were defined according to their 

presence in the Database of Genomic Variation [340]. This includes all autosomal 

regions of deletion or duplication between 50 bp and 3 Mb in size detected in healthy 
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controls and reported in at least one of 55 studies of CNV deposited in the DGV. 

Variants identified with bacterial artificial chromosome (BAC) array technology were 

removed, as these variants are known to overestimate CNV size. Additionally, variants 

spanning a gap in the reference assembly or corresponding to Decipher Genomic 

Disorders database were also filtered. Variants that overlap at least 70% by length and 

position reported in the same study were merged. Copy number stable regions of the 

genome were stringently defined as all remaining regions of the genome not otherwise 

annotated as copy number variable in the DGV download. 

Exonic loss-of-function (LOF) variants in variable and stable genomic regions 

We used publically available lists of LOF variants identified through next 

generation sequencing methods in healthy individuals from the 1000 Genomes Project 

[70] as well as inherited and de novo LOF variants found in cases and controls from the 

recently published autism exome analysis [329-332]. We annotated these variants to 

indicate their presence in CNV or CNS regions as defined above. Then, using data from 

the 1000 Genomes project, we tested the LOF variants in CNV and CNS regions for 

differential effects on nonsense-mediated decay.  Furthermore, we evaluated whether 

both types of LOF variants (CNV and CNS) are equally likely to affect all known 

transcripts of the affected gene or to leave some known transcripts of a gene 

unaffected.  For this analysis, we included only those LOF variants that had been 

confirmed by one of several methods (1KG-P12, ImmunoChip, Omni2.5, Sequenom, or 

through HapMap), as previously described by MacArthur et al [70]. 
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Aggregating distributed SNP effects across CNV and CNS regions 

Estimating heritability of CNV and CNS regions of the genome 

 We used data from a recently published study of the SNP heritability of TS and 

OCD, including 617 TS cases and 4,116 TS controls genotyped on 393,387 SNPs, as well 

as 1,061 OCD cases and 4,236 OCD controls genotyped on 373,846 SNPs after extensive 

quality control [23]. We fit a linear mixed-effects model with 2 random effects 

(representing the complementary CNV and CNS regions) and the top 20 principal 

component covariates as fixed effects:   

       (4) 

  

Here, Y is a vector of phenotype values, gCNV and gCNS are random (polygenic) effects 

corresponding to the CNV and CNS regions with gi ~ N(0,  Aiσ2i), b is a vector of fixed 

covariates, and e is the residual term.  GCTA v1.2 [21] was used to generate two genetic 

relationship matrix (GRM) files containing IBD relationship calculations for all pair-wise 

sets of individuals. One GRM, ACNV, utilized all SNPs residing in CNV regions of the 

genome and the other GRM, ACNS, included all SNPs in CNS regions of the genome. The 

restricted maximum likelihood (REML) approach was then used to estimate the variance 

components corresponding to the CNV and CNS regions.  A population prevalence 

conversion (i.e., 0.8% for TS and 2.5% for OCD) transformed the observed heritability to 

the underlying liability scale.  

Assessing the significance of the CNV- and CNS- anchored heritability estimates 



256 
 To determine the significance of the heritability estimates for the CNV and CNS 

regions derived from the mixed-effects model, we performed phenotype permutation 

analyses, swapping case-control labels to generate null datasets (N=1000).  We preserve 

the overall LD structure between SNPs (in the CNV and CNS regions, separately) for both 

the actual and permuted datasets.  The proportion of permuted sets for which the 

estimated heritability matches or exceeds the observed heritability yields an empirical 

p-value for the significance of the heritability estimate.  This empirical p-value is to be 

distinguished from the p-value derived from the likelihood ratio test statistic [i.e., twice 

the difference of the log likelihood for the full model and that for the reduced model] in 

the REML analysis, which, in the case of multiple genetic variance components, has the 

theoretical distribution of a mixture of 0 and chi-squared [with degrees of freedom 

equal to the number of components evaluated] with probability of 0.5.   

 

Results 

cni-GWAS eSNPs and eCNVs 

The cni-GWAS results showed a substantial increase in eSNPs (p< 10-4) when 

compared to the standard GWAS (Table 1) and 106 new eQTLs (i.e., FDR < 0.05 for cis 

eQTLs, p< 2.18x10-10 for trans eQTLs).  The mean gain in significance for SNP/gene 

associations significant at p < 0.01 was 1.35 orders of magnitude (i.e., mean of –log10 

(Pnew / Pold) = 1.35) (figure 3) and twenty percent of SNP/gene associations increased in 

significance by nearly two orders of magnitude.  Four hundred and fifty one SNP/gene 
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associations increased in significance by at least three orders of magnitude (Table 1). 

Moreover, we observed a dramatic change in the rank order of the SNPs by association, 

as opposed to a simple scaling upwards of p-values, and discovered a total of four 

hundred and eighteen new eSNPs.  Based on the number of variants (17,565) and the 

number of expressed genes (13,080) tested, we found 73 significant trans eQTL 

associations (p < 2.18x10-10) under cni-GWAS. Of these, 14 (~19%) are novel trans eQTLs 

identified only under cni-GWAS.  

The minor allele frequency distributions of the eSNPs identified by the two 

approaches were similar (supplementary figure 1), showing no excess of low frequency 

variants among the cni-GWAS eSNPs relative to the standard eSNPs.  An analysis of the 

SNP-gene association p-value distribution in separate MAF bins showed no difference 

between cni-GWAS and standard GWAS in the low frequency (≥5% and <10%) and mid-

frequency (≥10% and <20%) range, but revealed a substantial gain in significant 

associations among the common eSNPs (≥20%) for cni-GWAS (figure 2).  Thus, the 

substantial increase in eSNPs from cni-GWAS was not due to spurious small p-values 

from low frequency variants and, given the sample size and the allele frequency of a 

candidate SNP (both important determinants of power to detect an eQTL), cni-GWAS 

was more likely to identify an eSNP than standard GWAS among common SNPs. 
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Figure 2.  P-value distribution of SNP-gene associations by MAF bins under cni-GWAS 
and traditional GWAS. An analysis of the SNP-gene association p-value distribution in 
separate MAF bins showed no difference between cni-GWAS and standard GWAS in the 
low frequency (≥5% and <10%) and mid-frequency (≥10% and <20%) range, but revealed 
a substantial gain for cni-GWAS in low p-values among common variants (≥20%). 

 

Due to the high degree of structural and regulatory complexity present in the 

HLA region we removed entirely all cis and trans eQTLs associated with the HLA to 

ensure our genome-wide results were not driven completely by HLA complexity [341, 

342]. The HLA region did show a greater than average degree of variation and a highly 

significant improvement in eQTL detection with the cni-GWAS approach, however, the 
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results of our global analysis remained robust to the removal of this region of the 

genome.  

By symmetry, the method described in equation (1) identifies CNVs associated 

with expression in the presence of a co-localizing SNP. We report the distribution of p-

values from eCNV results of cni-GWAS analysis (supplementary figure 3). The results 

demonstrate robust detection of CNV eQTLs after accounting for the effects of co-

localizing SNP variation.  

 

 

Figure 3. A histogram of the change in significance (in log10 scale) for the SNPs found to 
be associated with gene expression at p<0.01 under cni-GWAS.  The mean gain was 
1.35, which indicates a gain of at least one order of magnitude.  Twenty percent of these 
SNP-gene associations identified by cni-GWAS showed an improvement of nearly two 
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orders of magnitude. The red line indicates no change in significance between cni-GWAS 
and standard GWAS. All results to the right of the red line represent an increase in 
significance and results to the left represent a decrease in significance. (Figure 3 inset) 
SNPs in CNV regions drive eSNP enrichment (in LCLs) among NHGRI trait-associated 
SNPs and their LD proxies. Cni-GWAS eSNPs showed a significant excess of low p-values 
with gene expression under cni-GWAS (red). Furthermore, when we excluded the SNPs 
in CNVs and their LD proxies from the NHGRI catalog, this excess of low p-values with 
gene expression for these trait-associated SNPs was no longer present (blue), suggesting 
that the observed eSNP enrichment among the trait-associated SNPs was driven by this 
special class of SNPs. 

 

We finally fit a “SNP x CNV epistasis” model (see equation (2) in Methods) for the 

identified eSNPs to test for any departure from SNP additive effect.  We found no 

significant evidence of epistasis after multiple testing adjustment (Bonferroni-adjusted p 

< 0.05), which implies either no substantial departure from additivity of SNP effect or 

lack of power to detect such interaction.  The most significant p-value for the epistatic 

effect with the eSNPs (N=4,570) from this analysis was p=1.5x10-3. 

Functional analysis of SNPs located in CNV regions 

 We tested for overlap with ENCODE-derived regulatory elements identified in 

the LCL GM12878, a cell line derived from the HapMap CEU sample used in this paper.  

The cni-GWAS eSNPs showed highly significant enrichment for enhancer elements 

(p=0.03); 245 were found with 213 expected (SD=14). We found no such enrichment 

(p>0.05) for promoter-associated epigenetic marks.  However, we observed a significant 

enrichment for DNaseI hypersensitivity sites among the cni-GWAS eSNPs (p=0.038), 

indicating that the cni-GWAS eSNPs are enriched for accessible chromatin zones; 57 

such sites were identified with 43 expected (SD=6.5).  To further evaluate the role of 

these variants in transcriptional regulation, we tested for the presence of differential 
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allelic effect on transcription factor binding sites (see Methods) in the same cell line 

GM12878.  We found a greater (p= 6.62x10-15; see Methods) difference in the effect of 

the reference and alternative allele for these variants on binding motifs relative to what 

is expected in the genome. 

eSNP Analysis of NHGRI GWAS Catalogue 

Upon inspection of the NHGRI catalogue, we discovered that 751 NHGRI GWAS 

SNPs (p<10-8 or SNPs in strong LD with them (r2 ≥ 0.80)) resided in CNV regions within 

our samples and had therefore been tested with the cni-GWAS model. Of these, cni-

GWAS identified 242 as eSNPs while traditional GWAS identified only 216 as eSNPs. This 

represents a significant enrichment (p<0.001) of cni-GWAS eSNPS among NHGRI 

Catalogue SNPs as well as a significant enrichment (p=0.04) relative to the eSNPs 

identified by standard GWAS. For further discussion of this method, as well as an 

example of novel insights to a previous disease association, see supplementary 

materials.   

In addition, we discovered that the reported NHGRI SNPs and their LD proxies 

showed a significant excess of low p-values with gene expression under cni-GWAS. 

Furthermore, when we excluded the SNPs in CNVs and their LD proxies from the NHGRI 

catalog, this excess of low p-values with gene expression for these trait-associated SNPs 

was no longer present, suggesting that the observed eSNP enrichment among the trait-

associated SNPs was indeed driven by this special class of SNPs (figure 3 inset). The 

twenty-six (=242-216) additional trait-associated SNPs and their proxies identified as 
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eSNPs by cni-GWAS have been implicated in autoimmune, neuropsychiatric and 

hypertension phenotypes among others (supplementary materials).  

Association analysis of cni-GWAS derived eSNPs with WTCCC disease phenotypes 

We determined the utility of the identified cni-GWAS eSNPs in disease mapping 

studies.  We extracted, from each WTCCC disease set of GWAS results, the set of eSNPs 

(gene expression association p<10-4) identified with cni-GWAS and examined their 

association with WTCCC phenotypes.  We found that by restricting to the cni-GWAS 

eSNPs, we retained the very most significant associations with phenotype for type 1 

diabetes and rheumatoid arthritis, but also identified novel associations with Crohn’s 

disease (bonferroni-corrected p<0.05 among the tested eSNPs)  (figure 4). Furthermore, 

the most significant findings for these autoimmune disorders are highly enriched for 

eSNPs identified through the cni-GWAS approach (figure 4), consistent with the utility of 

LCLs as a surrogate tissue for these traits.  

As CNVs are known to be enriched for genes involved in immunity, we 

considered the possibility that our cni-GWAS derived eSNPs may be enriched for target 

genes involved in immunity as well. Taking advantage of this point, we performed joint 

multi-SNP association analyses of the cni-GWAS eSNPs in T1D, RA, and CD.  The eSNPs 

identified by our model selection approach for each disease are shown in 

supplementary table 1, which also shows each SNP’s effect size, standard error of the 

beta, and the p-value from the joint multi-SNP analysis.  In total, 22, 28, and 33 cni-

GWAS eSNPs were included in the T1D, RA, and CD joint eSNP models, respectively.  
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Further details of the joint multi-SNP analyses are presented in supplementary 

materials. 

We found extensive overlap between T1D and RA for the target genes of the cni-

GWAS eSNPs identified by the joint association analysis (supplementary table 1); the 

overlap includes well-known genes in the HLA region [343, 344].   Indeed, 27 of the 55 

(49%) target genes (significantly more than expected by chance, p<2x10-16) of the cni-

GWAS eSNPs included in the RA joint eSNP model were also expression targets of the 

eSNPs included in the T1D joint eSNP model.  In contrast, only 3 of the 55 (5%) were 

shared between RA and CD although this was still greater than expected by chance 

(p=1.7x10-4).  Notably, the substantial level of overlap between T1D and RA held 

robustly (p<2x10-16) when the 2 implicated gene targets from the HLA region were 

excluded.  

As we noted before, the very most significant associations (meeting genome-

wide significance, p<5x10-8) with T1D and RA were also identified as cni-GWAS eSNPs.  

Therefore, we assessed the variance in liability to disease explained by the cni-GWAS 

eSNPs, excluding the HLA region, which is already known to explain up to 50% of familial 

clustering of T1D [343]. We accounted for additional heritability by non-HLA cni-GWAS 

identified eSNPs, which explained 2%, 10%, and 1.8% of the variance in disease risk for 

T1D, RA, and CD respectively.   

Results of analysis on CNV and CNS exonic loss of function (LOF)  
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Our results show that approximately 70% of LOF mutations found in exome 

studies fall within regions of the genome known to be polymorphic with respect to copy 

number variation. These results were consistent across mutation type (i.e., frameshift, 

nonsense, splice site) and phenotype with the same rates observed in autism cases and 

healthy controls, and regardless of de novo status.   

Using the 1000 Genomes data, we tested for differential effect of LOF variants 

between CNV and CNS regions. We found suggestive evidence that LOF variants in CNS 

regions are more likely to trigger nonsense-mediated decay (p=0.07).  However, LOF 

variants in CNV regions are significantly more likely to impact all known transcripts of 

the affected gene (p=0.03).  

Aggregate SNP effects in CNV/CNS regions: heritability analyses in TS and OCD 

 We used a linear mixed-effects model with 2 random effects representing the 

CNV and CNS regions of the genome and used REML to quantify the corresponding 

variances.  The significance of the h2 in the CNV and CNS regions of the genome was 

evaluated using a permutation analysis approach (see Methods) that preserves the LD 

structure of each region.  In the analysis of directly genotyped data, CNS variants 

represented 33% of the total SNPs tested, but accounted for 46% (h2=0.26, se=0.06; p < 

0.001) of the total TS heritability and 40% (h2=0.15, se=0.05, p < 0.001) of the total OCD 

heritability (Supplementary Table 2).   

 

Discussion 
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Our findings highlight the improvement in power to detect trait-associated loci 

with a nuanced mapping approach and show that cni-GWAS has “unmasked” additional 

regulatory variation. The integrative GWAS method termed cni-GWAS, shows 

compelling support for improved eQTL detection in the number of associations and the 

gain in significance (Table 1 and Figure 3). Additionally, we see the most substantial gain 

in significance for eSNPs with a MAF > 20% indicating that the result is not influenced by 

spurious association driven by low MAF SNPs (Figure 2). But, is this improvement in 

power reason enough to adopt a novel approach to GWAS and a structural dimension to 

genotype? We demonstrate through further analyses of additional phenotypes and 

genetic architectures that base content and chromosome structure are indivisibly linked 

and the degree to which we integrate the structural dimension of genotype in genome 

analysis may well determine how effectively we can bridge the genotype-phenotype 

divide (Figure 1). 

The functional importance of eSNPs with dosage-sensitive effect is provided by 

their enrichment for regulatory annotations including enhancer elements and DNase 

hypersensitivity sites. Additionally, this class of eSNPs can be found within transcription 

factor binding sites with greater than expected binding affinity. This finding shows that 

SNPs within CNVs have dosage-sensitive effects and provides a plausible biology 

through which these properties manifest in a tissue, highlighting the link between 

structure and function of a genotype. Given these observations, it will be important to 

determine whether structural effects of eSNPs equally influence expression across 

tissues, or if there is any part of eSNP structural architecture that is tissue specific. These 
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results lay the groundwork for the investigation of co-variation of CNVs and eQTLs 

across different tissues such as now being facilitated by the Genotype-Tissue Expression 

(GTEx) Project [31]. 

While enrichment for functional elements provides a plausible biological 

explanation for expression regulation, it does not necessarily provide evidence that 

accounting for the structural architecture of genotype is relevant to genomics of human 

disease. In order to address this claim, we should first note that SNPs significantly 

associated with human traits (e.g., NHGRI GWAS Catalogue SNPs and their LD proxies) 

are more likely to be eQTLs than expected from GWAS[15, 326]. Analyses described 

here refine this initial observation and importantly, show that SNPs with dosage-

sensitive regulatory effect are (1) driving this enrichment, and are (2) more significantly 

associated with gene expression when tested under the cni-GWAS model (figure 3 

inset).  

NHGRI GWAS catalogue SNPs represent a unique set of SNPs with known 

phenotypic consequences, which likely not reflect typical SNPs studied in GWAS. 

Therefore we also investigated the distribution of cni-GWAS eSNPs among all SNPs 

tested for association with WTCCC disease phenotypes (Figure 4). The eSNPs identified 

through the cni-GWAS method were enriched for significant associations with multiple 

WTCCC disease phenotypes including type 1 diabetes (T1D), crohn’s disease (CD), and 

rheumatoid arthritis (RA), accounting for additional heritability in each phenotype. Using 

this set of eSNPs, we were also able to identify shared risk between T1D and RA as 

nearly half of the disease associated eSNP target genes were shared between these 
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phenotypes (supplementary table 1). The strength of the results are not surprising given 

the discovery tissue type (LCLs) and the observation that CNVs are also enriched for 

genes in immune pathways, suggesting that cni-GWAS may be particularly powerful for 

mapping of autoimmune related disease genes and variants. However, as our variance 

components analysis of TS and OCD show, the importance of genomic complexity is not 

likely to be restricted to autoimmune phenotypes (Supplementary Table 2). 

 

  

Figure 4. cni-GWAS eSNPs and association with disease. Shown here are the Q-Q plots 
of the distribution of p-values for association with disease from each of the seven 
WTCCC phenotypes for those eSNPs identified by cni-GWAS.  Note the enrichment for 
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trait associations with autoimmune disorders.  Furthermore, several of the cni-GWAS 
eSNPs attained FDR<0.25 with Bipolar Disorder, in contrast to the full GWAS SNPs.  The 
leftward shifts corresponding to FDR < 0.05, FDR < 0.10, and FDR < 0.25 are shown as 
red, orange and yellow lines, respectively (in relation to the diagonal gray line of perfect 
concordance between observed and expected p-value).  A horizontal black line 
representing bonferroni correction is also shown whenever the eSNPs meet this 
threshold.  

 

While these results all highlight the importance of accounting for structure in a 

polygenic framework, we also note results from rare variant data may benefit from 

annotations of known stable and variable regions of the genome. Detecting rare alleles 

that actually increase susceptibility for common diseases is challenging given the 

abundance of rare but neutral mutations in the genome, and gene-based tests of rare 

variants, such as those identified by exome-sequencing, are still underpowered [345, 

346].  The disproportionate presence of LOF variants in CNV regions suggests the value 

of a structural annotation approach to rare coding variation and is consistent with 

reduced purifying selection in CNV regions [347]. Moreover, CNS regions harbor a larger 

proportion of LOF variants that trigger nonsense-mediated decay than CNV regions 

while LOF variants in CNV regions are more likely to affect all known transcripts of a 

gene, highlighting the importance of the structural dimension for elucidating the 

downstream functional consequences of such variants.    

The methods and results provided here are not without limitation. First, the CNV 

data was primarily composed of deletion regions, as these were the main focus of the 

CNV studies on the HapMap/1000 Genomes samples. Duplications were explored in less 

detail, which may translate into a loss of signal among results presented here. 



269 
Additionally, complex duplications or deletions within duplications were not considered 

in this analysis. The results presented here provide rationale for the development of a 

more nuanced method to efficiently phase CNV and SNP genotype data, which would 

facilitate a fully integrated approach to analysis of variation in regions of high structural 

complexity.  

In 1966, Dr. John Stewart Bell formally described the problem of hidden variable; 

“whether the quantum mechanical states can be regarded as ensembles of states 

further specified by additional variables such that given values of these variables 

together with the state vector determine precisely the results of individual 

measurement” [348]. Modern genetics has acknowledged that genotypic complexity 

(e.g., an ensemble of co-localizing genetic variations) is fundamentally a problem of 

hidden variables, yet there have been surprisingly few attempts to address this problem 

head-on.  We argue that the ubiquity of structural variation raises the fundamental 

question “how should we define genotype?” In this study, we provide proof-of-principle 

evidence using multiple approaches, data sources, and phenotypes to show that the 

genotype state at any genomic position should be regarded as an ensemble of states 

comprised of SNP allelic content and copy number status. This is not solely an important 

philosophical point, but also carries with it practical implications for genetic analyses.  
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Supplementary Table 1. Joint multi-SNP analysis results.  This analysis identified a list of 
cni-GWAS eSNPs with conditionally independent sources of association with the 
immune-related diseases (T1D, RA, and CD).  Shown are the beta, the standard error of 
the beta, and the p-value from the joint eSNP analysis as well as the gene targets of 
each eSNP. 

Supplementary Table 2. Concentration of polygenic heritability by copy number stable 
regions of the genome. Heritability of Tourette Syndrome (TS) and obsessive 
compulsive disorder (ocd) partitioned by copy number variable regions of the genome. 
Log ratio test (LRT) derived p-value is included to test the estimates deviation from zero. 

Supplementary Figure 1.  Minor allele frequency distribution of eSNPs.  We compared 
the allele frequency distribution of the cni-GWAS eSNPs and the standard GWAS eSNPs. 
We observed no excess of low frequency variants among the cni-GWAS eSNPs relative 
to the standard eSNPs. 

Supplementary Figure 2.  Target gene overlap between the immune-related disorders.  
The figure illustrates the degree of overlap of gene targets for the cni-GWAS eSNPs 
included in the joint multi-SNP models.  Each cell in the matrix shows the proportion of 
shared eSNP targets between a pair of immune related diseases.  The disease for each 
row determines the denominator in the proportion; thus, the matrix is not symmetric.  
Note the tight clustering between T1D and RA. 

Supplementary Figure 3. QQ plot of eCNV p-values.  

 

The Supplementary Material is available in the online version of this article.  
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Table 1. Comparison of standard regression and cni-GWAS analysis and results.  

  

Traditional GWAS 

 

 

Copy Number Indexed  

GWAS 

Total Number of SNPs    

 

Total Number of SNPs Tested 

 

 

17,565 

 

17,565 

 

Total Number of Structural Variants 
Tested 

 

 

1,397 

 

1,397 

 

Total NHGRI SNPs Tested 

 

 

3,124 

 

3,124 

eQTLs Discovered (FDR<0.05 for cis 
eQTLs,  p<2.18x10-10 for trans eQTLs) 

90 106 

 

 eSNPs Discovered (p<10-4) 

 

 

4,152 

 

4,570 

 

eSNPs in LD with NHGRI SNPs 

 

 

216 

 

242 

bP-value Change in Orders of 
Magnitude 
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Number of SNP/gene pairs with 

log(Pnew/Pold) > 1 

 

NA 142,794 

 

Number of SNP/gene pairs with 
log(Pnew/Pold) > 3 

 

 

NA 

 

451 

 

Number of SNP/gene pairs with 
log(Pnew/Pold) > 5 

 

 

NA 

 

12 
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Methods Appendix 

Methods for determining enrichment of cni-GWAS eSNPs in WTCCC phenotypes 

 

We define, following Storey et al. [334, 349], the false discovery rate (FDR) as 

follows: 

 =    (5) 

where m denotes the number of eSNPs included in the analysis,  is the set of their p-

values with disease indexed by the eSNP i, and  is the estimate for the proportion of 

null SNPs, which is quantified here as follows: 

    (6)  

for a given tuning parameter  (chosen here, as in Storey et al., as 0.5).  We find, from 

equation (5), that the –log10( ) is approximately equal to the difference between 

log10(empirical quantile) and log10(p), assuming that  is close to 1, as would be 

expected from GWAS.  From equation (5), this assumption actually yields a conservative 

estimate of FDR. We note that this numerical difference between log10(empirical 

quantile) and log10(p) corresponds, in a Q-Q plot, to the leftward shift from the diagonal 

line of perfect concordance; furthermore, a greater shift corresponds to lower FDR.  The 

eSNPs detected using cni-GWAS that meet FDR < 0.05, FDR < 0.10, and FDR < 0.25 with 

each disease trait were identified. 
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Examination of the data from the bipolar disorder GWAS conditioned on cni-

GWAS eSNP status showed that four SNPs passed FDR < 0.25 (namely, rs1422969, 

rs2161430, rs10893666, and rs10893668), in marked contrast to the lack of enrichment 

for the full set of GWAS SNPs when conditioned on eSNP status from traditional GWAS 

(data not shown). Furthermore, these data show that SNPs highly associated with many 

of the WTCCC phenotypes are also detected as eQTLs in LCLs when conditioned on CNV 

status, as in the cni-GWAS approach. 

Joint multi-SNP analysis of immune-related diseases using cni-GWAS eSNPs 

We used a step-wise model selection approach, similar to that used in [350], to 

choose associated SNPs iteratively over the cni-GWAS eSNPs.  The most significant eSNP 

in a univariate association analysis that did not exceed a p-value of 0.05 divided by the 

number of tested eSNPs initiated the model selection procedure.  We then iteratively 

added the SNP with the lowest conditional p-value lower than 0.05 while avoiding 

collinearity (by ensuring that the squared multiple correlation between a tested eSNP 

and the selected eSNPs did not exceed the 0.90 threshold, as in [350]).  Finally, we fit a 

joint linear model using the selected eSNPs and the SNP with the largest p-value greater 

than 0.05 was dropped. This procedure was continued until no eSNP could be included 

or dropped. This procedure resulted in a set of eSNPs showing conditionally 

independent associations for each phenotype. 

Heritability analysis of WTCCC phenotypes  
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For a causal variant with genotype g, the variance explained is a function of the 

effect size β (with y = βg + ε, where ε ~ N (0, σ2)): 

  

and therefore the heritability is given by the following expression: 

  =  

Here without loss of generality, we suppose that phenotype and genotype have been 

normalized, with mean zero and unit variance across the samples.  In general, the 

variance explained by a given locus L (such as one included in our final joint eSNP model) 

consisting of p possibly correlated variants can be quantified in terms of the quadratic 

form:  

 =   

where C is the SNP correlation matrix and  is the p-vector of effect sizes. We denote by 

 the p-vector of estimated effect sizes from least squares regression: 

 ~ ) = )              (7)     

To derive an unbiased estimate  for , we note, from the theory of quadratic forms 

[351], the following relationship:  

 = ( ) +   

where E( ) and tr( ) are the expectation and trace operators respectively and  is the 

covariance matrix of . (We note here that the matrix C can be calculated using a 
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reference dataset [e.g., HapMap or 1000 Genomes].)  Thus, we consider the following 

estimator of : 

=                                                                      (8)   

Again, from the theory of quadratic forms, the variance of this estimator is given by the 

following: 

=                                          (9)    

Substituting the expression for  (equation (7), replacing  by its unbiased estimate 

) into equation (8) yields:  

 =   =   

Simplifying yields an unbiased estimate of :  

                               (10) 

Using equation (10), we can estimate the total explained variance for the joint model as 

the sum over all (disjoint and independent) loci .   Similarly, from equation (9), we 

obtain an estimate of the variance of :  

  =                (11) 

As a corollary, the use of a smaller subset of (conditionally independent) SNP  

predictors, as described above in the formulation of the joint eSNP model, reduces the 

noise in the variance explained by the locus ( ).  
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SNP-based heritability estimation: 
measurement noise, population stratification, 
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Abstract 

Siddharth Krishna Kumar [28] and co-authors claim to have shown that “GCTA 

applied to current SNP data cannot produce reliable or stable estimates of heritability.” 

Given the numerous recent studies on the genetic architecture of complex traits that 

are based on this methodology, these claims have important implications for the field. 

Through an investigation of the stability of the likelihood function under phenotype 

perturbation and an analysis of its dependence on the spectral properties of the genetic 

relatedness matrix, our study characterizes the properties of an important approach to 

the analysis of GWAS data and identified crucial errors in the authors’ analyses, 

invalidating their main conclusions. 

 

Introduction 

 Heritability estimation using genome-wide SNP data is a fundamental research 

topic with profound implications for studies of the genetic architecture of complex 

traits. The development of a novel methodology [21, 293] in this direction has spurred 

studies, on a broad spectrum of complex traits, that have reinforced the view that a 

substantial portion of missing heritability can be accounted for by hitherto undiscovered 

common variants [6, 23] and has led to substantial research that has demonstrated that 

certain functional categories of SNPs contribute disproportionately to the heritability of 

complex diseases [22, 283, 352]. However, in a recent report [28], Krishna Kumar and 

co-authors claim to have proved that the method “may not reliably improve our 
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understanding of the genomic basis of phenotypic variability” even when the 

assumptions of the method are satisfied exactly and that the heritability estimates 

produced are highly sensitive to the choice of sample used and to measurement errors 

in the phenotype. We investigated these claims by characterizing the dynamical 

properties of the likelihood function and identified crucial analytic errors that seriously 

undermine the validity of the authors’ conclusions.  

The GREML model 

 

 
Figure 1. A) The GREML model (which underlies the GCTA software implementation) 
has been simplified here, as in the Krishna Kumar et al. study, to exclude fixed effects. 
Note that the phenotypic covariance decomposes into a genetic covariance and a 
residual covariance. The Genetic Relatedness Matrix (GRM), which quantifies the 
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genetic similarity between pairs of individuals using the genotype data , can be written 
as . Using Restricted Maximum Likelihood (REML), GCTA provides estimates 

of  and  and thus of the SNP-based heritability:  . The dynamics of 
the log-likelihood can be investigated by considering a perturbation in the phenotype 
vector (e.g.., the gradient or the local curvature) or the spectral properties of the GRM. 
B) Simulation analysis. We performed simulations, assuming 

. For each 
value of the minor allele frequency (MAF) ϵ {0.10, 0.30}, we generated the matrix  by 
drawing from the binomial distribution  and standardizing (i.e., by 
centering and scaling) the entries. We simulated 100 phenotypes for each MAF. The 
genetic effects  were drawn from the standard normal . We used the generative 
model described in (A) and the necessary residual to arrive at the required level of 
heritability. The distribution of GREML estimates for  and corresponding standard 
error is shown for each MAF.  

 

We consider the following model (Figure 1A) of the phenotype  (which has 

been simplified, as in Krishna Kumar et al., to exclude any fixed-effects):  

                                   [e1] 

where  is a  vector of random (genetic) effects,  is a (standardized genotype) 

matrix and  is the (non-genetic) residual. Here 

 

 

Thus, the distribution of  assumes the following form: 

 

Note that the phenotypic covariance, , is the sum of a genetic covariance and a 

residual covariance. The Genetic Relatedness Matrix (GRM), which quantifies the 
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genetic similarity between pairs of individuals using the genotype data , can be written 

as follows: 

 

Singularity index and induced quadratic form 

We refer to the function  as the singularity 

index (because it provides a formal test for the invertibility of the phenotypic covariance 

matrix ) and refer to the function  as 

the induced quadratic form. Note the log-likelihood of the observed phenotype data  

is given by 

 ,   

[e2] 

Using Restricted Maximum Likelihood (REML), GCTA estimates the variances  and  

given the observation , thereby providing an estimate of the SNP-based heritability:   

 

Equivalently, the log-likelihood function, now viewed as a function of  and , can be 

written as a sum involving the singularity index and the induced quadratic form:  

 ,  

Perturbation of the standardized genotype matrix  and the GRM  
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Because the  in the GREML model is a standardized genotype matrix (wherein each 

entry is a function of the number of copies of the reference allele and the reference 

allele frequency at a SNP), this implies that there are implicit constraints on what is a 

valid perturbed genotype matrix  (i.e., constraints which determine 

whether  is a realizable or ill-defined standardized genotype matrix). A 

perturbation matrix  may generate a matrix that departs substantially from 

a standardized genotype matrix, yielding an ill-defined revised model. To illustrate this, 

if the original (e.g., independent, real and random) entries in  have mean 0 and 

variance 1, a perturbation with elements on the primary diagonal due to the 

introduction of the phenotype noise  would preserve the mean of these 

elements but alter their variance,  possibly quite substantially. In short, not every 

element of  represents a standardized genotype matrix, and not every 

perturbation is a reasonable one. For the same reason, a perturbation of the GRM (by 

an error matrix , as in the authors’ equation [A17] of the Appendix) does not 

necessarily generate a valid (revised) GRM. (For example, the resulting perturbed GRM 

must be symmetric, which implies that the perturbation matrix  must be symmetric as 

well.) Furthermore, modeling the difference between the true  and sample  through 

an error matrix  via an additive model ( ) makes some very strong 

assumptions, including that the two matrices,  and , are of the same 

dimension (in particular, same number of variants). It is therefore more sound to 

evaluate the discordance between the true GRM ( ) and the estimated GRM 

( ). The impact of this discordance (arising, for example, from the imperfect 
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tagging of causal variants [293, 304]) on the REML estimate of heritability is indeed a 

valid subject of research [21]. Interestingly, this issue is related to the classic Horn’s 

conjecture in matrix theory (which was finally settled [353]) on the spectrum of the sum 

of two Hermitian matrices and on how the eigenvalues of two Hermitian matrices 

constrain the eigenvalues of their sum. 

A critique of the authors’ claims 

The authors evaluated the sensitivity of the likelihood function, and the resulting 

GREML estimate, to the GWAS data (specifically, phenotype measurement noise and 

population stratification). We report here crucial errors in the authors’ analyses, on 

which the main conclusions of the study are based. Furthermore, we highlight a 

methodological gap, which we address using an approach that may be of interest to 

future studies in population genetics and GWAS of complex traits.  

(We should note a random matrix theory for the Wishart product matrix  (or 

the GRM) generally assumes a  with independent Gaussian entries, and any application 

in genetics must demonstrate that the relevant theoretical results apply (robustly) to a 

(non-Gaussian) matrix (e.g., one consisting of standardized genotype data). The authors 

appear to claim, clearly incorrectly and rather confusingly, for both  and its 

symmetrization  a Wishart distribution (e.g., see pages E62 and E68 of the authors’ 

paper [28]). In what follows, we will assume that  is a standardized genotype matrix 

(and thus non-Gaussian), and Gaussian-based results that require extension to the non-

Gaussian case will be explicitly stated.) 
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1. Sensitivity of third term of log-likelihood to phenotype noise 

 

The authors sought to show the instability of the induced quadratic form , 

and thus of the log-likelihood, by showing its sensitivity to the phenotype measurement 

(i.e., to a perturbation of ). In their analysis, this conclusion follows from the 

instability of the spectral properties of  even under a “small perturbation.” The authors 

used the following “equivalence” of perturbations (see equation [A10] of their Appendix 

A) – namely, the perturbation to the phenotype measurement and the induced 

perturbation of the matrix : 

        [*] 

Applying the Sherman-Morrison-Woodbury identity to the third term of the log-

likelihood (equation [e2]), one obtains 

 

  

Thus, the sensitivity, assuming phenotype perturbation (equation [*]), depends not only 

on the factor with an underlying bracket (i.e., the spectral properties of ), but also on 

the remaining terms (including . (The authors highlighted the former and, 

curiously, disregarded the latter.) Ignoring these remaining terms may yield invalid 

inferences concerning .  
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Importantly,  is an -valued continuous function at every 

, i.e., 

 

where  is the distance function 

defined by: 

        

Here, for , . The 

distance function endows the set  with the topology of a Euclidean 

space (homeomorphic to ) on which , consisting of sums and products of 

continuous functions, is continuous.  Similarly, the proper subset 

, which is embeddable into  via the canonical inclusion, gets 

an induced subspace topology on which  is continuous.  

Given a fixed matrix , we ask how a perturbation in  changes . The 

rate of change in  with respect to (the vector)  is given by the gradient:  

   , with 

 

This simplifies to the following expression (by symmetry of ): 
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        [e3] 

which allows us to quantify the -norm  as a function of (the perturbed) . 

Because  does not depend on , this also gives the rate of change of the entire log-

likelihood with respect to the phenotype vector (up to a constant factor). Furthermore, 

the expression for  shows that , i.e., it is actually continuously 

differentiable as a function of .  involves a second-degree polynomial in  and is 

therefore continuous as a function of the GRM. Finally, the second derivative (Hessian) 

matrix, which carries information about the local curvature, does not vary with the 

phenotype:  

     

implying that higher-order derivatives do not vary with phenotype. This “curvature” 

matrix, along with the gradient, allows us to write a perturbation expansion, i.e., the 

local Taylor series expression, for the value of the log-likelihood at a perturbed value 

, demonstrating the stability of the log-likelihood under phenotype 

measurement noise. Having ruled out phenotype perturbation as the source of the 

claimed instability in the likelihood function, we proceeded to characterize the 

dynamical properties of the likelihood under a perturbation in the genetic relatedness 

(see next section).  

Consistent with (a) the continuity of the function  in , (b) the linear 

rate of change in  with respect to  and (c) the well-behaved local Taylor series 
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expansion, simulations we performed confirm the stability of the GREML estimate 

(Figure 1B). We note that, in fact, both terms (  and ) of the log-likelihood 

are continuous functions at every . 

The authors’ figure 5, which was intended to show the variation in the GREML 

estimates from random sampling from repeated measures of a phenotype, is not 

unexpected and, furthermore, does not empirically support the flawed theoretical 

argument about the instability of the log-likelihood.  

2. Stability of second term of log-likelihood in stratified population 
 

Here we are interested in describing the dynamics of the likelihood function with 

respect to the spectral properties of the GRM in the general context (i.e., not merely 

when the GRM reflects population stratification). But first we consider a particular 

structure of genetic relatedness to evaluate the authors’ claims concerning the 

instability of the singularity index  under population stratification. Using the 

singular value decomposition (SVD) of  ( ) and applying the Matrix 

determinant lemma, one obtains the following decomposition: 

        [**] 

The last term of equation [**] can be written in terms of the singular values of  as 

. (Here we suppose that the singular values are ordered in 

magnitude from largest to smallest.) From this, the authors concluded (incorrectly, as 

we will see) that in a stratified population (for which, it is claimed, thousands of the  
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are close to 0), this expression for the last term of [**] (and thus the entire expression 

itself) is sensitive to small changes in the values of the . However, one cannot show 

the instability of the singularity index without also considering the rest of the terms in 

equation [**]. Indeed, equation [**] can be rewritten as follows: 

 

 

                                 [e4] 

For singular values  of  that are close to 0,   (based on the 

Taylor series expansion). Thus, the sampling variability for near-zero singular values 

(from the expression for ; see equation [e4]) does not arise from the terms  (as 

the authors claim), but from . Such near-zero singular values should add little to the 

singularity index and closely-packed singular values (i.e., for which , for some 

constant ) should affect  nearly similarly, and thus the claim that near-zero 

singular values lead to unreliable estimates of the variance explained by all SNPs (

) remains unfounded. In contrast, very large eigenvalues (such as reflecting non-

random population structure) affect the stability of the index. The rate of change of the 

index with respect to , namely , is given by the following expression:  
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                                            [e5] 

The rate-vector  is highly informative about the sampling behavior of the index at 

extreme singular values. Note that at ,  is approximately . Thus, the marginal 

effect of increasing singular value on the index decays at infinity in a manner inversely 

proportional to the magnitude of the singular value. Clearly, , which implies 

that the rate of change becomes almost negligible for singular values near 0.  

 As we have already noted, the singularity index is also a continuous function at 

each  and, by projection to the first coordinate, a 

continuous function of the matrix . A natural question is how a perturbation (error) in 

the genotype matrix determines its spectral properties. The classical Weyl’s inequality 

[354, 355] implies that, given  

  

with , then  

   

i.e., the size of the perturbation bounds the size of the resulting perturbations in 

singular values. A corollary of Weyl’s inequality is that the following functions: 
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 (for ) are continuous. Thus, the authors’ working premise that “a small 

perturbation of  causes a large change in its spectral properties” (see page E67), 

notwithstanding the serious limitation (described above) inherent in the use of a 

perturbation in  for this type of stability analysis, appears to conflict with this 

fundamental result.  

If a small perturbation in  implies a correspondingly small perturbation in the 

singular values, what can be deduced about the dynamical properties of the likelihood 

assuming large errors in ? It is important to note that when the perturbation (i.e., 

) is large, Weyl’s inequality, as stated (or, indeed, as in the version stated in the 

reference cited by the authors [355]), sets a correspondingly large bound on 

. The large upper bound does not of course mean a large change in 

the spectral properties, but does imply less discrimination in our ability to distinguish 

between the (paired) singular values. Thus, additional machinery would be required to 

make accurate inferences from the singular values or the spectrum of the GRM. 

3. Methodological gap  
 

 What is notably missing from the authors’ analysis, given its use of the 

eigenvalues ( ) of the GRM (from the SVD) to evaluate the stability of the 

GREML approach, is a quantification of the degree to which the eigenvalues reflect non-

random population structure versus random expectation. A large eigenvalue may well 

be “within null expectation,” and there is thus a need to quantify its significance. (Note 

this is different from the empirical distribution of the GRM eigenvalues as presented in 
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the authors’ figure 1, which aimed to show, despite the small sample sizes considered, 

concordance of the data with the asymptotic behavior of eigenvalues from the 

Marchenko-Pastur theory.) Consideration of the null is also missing from the authors’ 

appropriation of the notion of an “ill-conditioned” matrix , which is defined in terms of 

the condition number , as an approach for investigating the effect on GREML 

estimates. In addition to these key methodological gaps, it is important to note that  is 

a property of the matrix  rather than of the GREML method. Indeed, a very large  

would also affect effect size estimation in simple linear regression that jointly fits 

multiple SNPs as fixed effects; a very large  would imply that even a small change in  

could have a destabilizing impact on the estimated SNP effect sizes and that matrix 

inversion would be unstable with finite-precision numbers.  

The distribution of the largest eigenvalue of the Wishart matrix of a matrix  

with independent Gaussian entries is known [356]. For large values of  and , if λ 

denotes the largest eigenvalue, then  assumes the Tracy-Widom distribution 

[357]; here both the centering constant  and the scaling constant  

depend on only  and . If the following assumptions are met for the symmetrization 

 in the GREML model (where now  is the standardized genotype matrix 

with non-Gaussian entries): 

(a) the (independent real random) entries have mean 0 and variance 1 

(b) all moments of these random variables are finite 
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(c) , for some constant  (i.e., the distributions of the entries 

decay at least as fast as a Gaussian distribution) 

Soshnikov’s extension theorem [358] implies that the ratio , for some centering 

and scaling constants that depend only on  and , converges in distribution to the 

Tracy-Widom distribution, just as in the Wishart case. The ratio thus provides a way to 

assess the significance of the largest eigenvalue of a GRM and to quantify the presence 

of non-random population structure in the genotype data [359]. (For example, using the 

Framingham dataset presented in the authors’ figure 3, one concludes that the dataset 

shows extreme population stratification, p<2.2x10-16.) Exact expressions for the density 

and the moments of the distribution of the smallest eigenvalue (in terms of polynomials, 

exponentials and hypergeometric functions) for a matrix with independent Gaussian 

entries have been derived, and, interestingly, the form of this distribution depends on 

whether  is odd or even [360]. Additionally, the work of Edelman provides a 

closed form for the distribution of the condition number . Indeed, for  with 

independent standard-Gaussian entries and large  [360], we can write 

 

providing an asymptotic distribution for .   

The claims made by the authors concerning the stability of the GREML estimates 

such as through their use of the skew in singular values (such as the “Largest Singular 

Value” of Figure 3 and the discussion thereof in the text) are, as currently presented, 
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statistically problematic without consideration of what is expected under the null 

distribution, which we characterized here.  

 

Conclusions 

We investigated the dynamics of the GREML model to evaluate the dependence 

of the heritability estimate on phenotype perturbation and on the spectral properties of 

the genetic relatedness matrix. We explored the properties of the singularity index and 

the induced quadratic form as functions of the GRM and the phenotype. Furthermore, 

we derived an explicit expression for the rate of change (as well as all higher-order ones) 

in the log-likelihood with respect to the phenotype vector. Having ruled out phenotype 

perturbation as a cause of the claimed instability, we then explored the dynamical 

properties of the likelihood function under perturbations in the spectral properties of 

the GRM. In particular, we examined the sensitivity to outlier singular values, 

demonstrating that the authors’ claims regarding the impact of sampling variability for 

near-zero singular values were based on an analytic error (and assumed an incorrect 

view of the structure of genetic relatedness under population stratification). (It should 

be noted that the observation that population structure, which may be reflected in the 

largest eigenvalues of the GRM, may confound heritability estimation, and must thus be 

adjusted for, has been repeatedly discussed and investigated [302, 361].) Finally, we 

investigated a methodological gap in the authors’ study and highlighted an approach to 
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address it, which may be of broad interest to methods development in population 

genetics and genome-wide association analysis. 
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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). 
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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). 



301 
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-



305 
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 



309 
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.  
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Chapter 12 

SCAN database: facilitating integrative 
analyses of cytosine modification and 

expression QTL 
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Abstract 

 

 Functional annotation of genetic variants including single nucleotide 

polymorphisms (SNPs) and copy number variations (CNV) promises to greatly improve 

our understanding of human complex traits. Previous transcriptomic studies involving 

individuals from different global populations have investigated the genetic architecture 

of gene expression variation by mapping expression quantitative trait loci (eQTL). 

Functional interpretation of genome-wide association studies (GWAS) has identified 

enrichment of eQTL in top signals from GWAS of human complex traits. The SCAN (SNP 

and CNV Annotation) database was developed as a web-based resource of genetical 

genomic studies including eQTL detected in the HapMap lymphoblastoid cell line (LCL) 

samples derived from apparently healthy individuals of European and African ancestry. 

Considering the critical roles of epigenetic gene regulation, cytosine modification 

quantitative trait loci (mQTL) are expected to add a crucial layer of annotation to 

existing functional genomic information. Here, we describe the new features of the 

SCAN database that integrate comprehensive mQTL mapping results generated in the 

HapMap CEU (Caucasian residents from Utah, USA) and YRI (Yoruba people from Ibadan, 

Nigeria) LCL samples and demonstrate the utility of the enhanced functional annotation 

system.  

Database URL: http://scandb.org/newinterface/index_v1.html 

 

Introduction 
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High-throughput genotyping and sequencing technologies have facilitated 

genome-wide scans of genetic variants associated with human complex traits including 

quantitative traits and risks for common, complex diseases. To date, genome-wide 

association studies (GWAS) have identified genetic variants, particularly single 

nucleotide polymorphisms (SNPs), associated with more than 500 traits [3]. For 

example, the NHGRI (National Human Genome Research Institute) GWAS Catalog [3] has 

curated a list of >15,000 SNPs associated with more than 500 traits from the ever-

increasing number of GWAS publications. Except for the rare instances in which a GWAS 

locus is already known to affect certain biological functions, the majority of the 

identified GWAS loci remain to be functionally characterized. Understanding the 

functional basis for genetic variants associated with human complex traits is, therefore, 

critical for understanding the underlying biological processes. 

 Intermediate molecular phenotypes (e.g., gene expression and cytosine 

modification) are clearly defined traits with a strong genetic component. Previous 

studies using the HapMap Project [384, 385] human lymphoblastoid cell line (LCL) 

samples have identified expression quantitative trait loci (eQTL), particularly cis-acting 

or local eQTL implicated in gene regulation [239, 386]. GWAS of complex trait-

associated loci [15] as well as toxicity-associated loci detected for various anti-cancer 

chemotherapies [41] are enriched in eQTL, thus providing important novel annotations 

for these genetic variants and contributing to an improved understanding of their 

functional consequences. The SNP and CNV (Copy Number Variant) Annotation (SCAN) 
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database [194] was developed specifically to store and serve the eQTL mapping data 

identified using this widely used human genetics model, and has been welcomed by the 

research community as evidenced by >2.5 million unique queries from >56,000 unique 

IP addresses since its launch in 2009 (09/2009 – 10/2014). Applications of SCAN may 

include prioritization and annotation of GWAS findings for follow-up 

validation/functional studies or fine-mapping of associated loci using linkage 

disequilibrium (LD) information [194]. 

 Given the complex nature of gene expression regulation, and the critical roles of 

epigenetic systems including cytosine modifications (primarily DNA methylation at CpG 

dinucleotides) in gene regulation and in a broad range of biological processes, our team 

has undertaken a more comprehensive study of gene regulation by integrating cytosine 

modifications into the current HapMap resources [387]. Specifically, we quantified 

cytosine modification levels of >480,000 CpG sites using the Illumina 

HumanMethylation450 BeadChip array (450K array) [388] in the European and African 

panels of the original HapMap samples that were previously used by our team to profile 

gene expression for eQTL mapping [386, 389]. In addition, we mapped cytosine 

modification quantitative trait loci (mQTL) to investigate the genetic architecture of 

cytosine modifications, and found significant enrichment of mQTL for trait-associated 

GWAS loci in addition to eQTL [390, 391], highlighting the potential relevance of using 

mQTL as a functional annotation approach. Considering the complex relationships 

across CpGs, SNPs, and gene expression, we may facilitate novel, integrative, and 

systematic functional genomic studies by providing an updated SCAN database with 
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mQTL data. We describe here the updated SCAN database featuring the newly released 

mQTL mapping results. 

Database Content Update 

 

SCAN has been expanded to integrate the newly released mQTL detected in 60 HapMap 

CEU (Caucasian residents from Utah, USA) and 73 YRI (Yoruba people from Ibadan, 

Nigeria) panels [391]. The following sub-sections describe the mQTL data as well as new 

features that facilitate integrative analyses of these new data and the eQTL data 

featured in our previous version of SCAN [194]. The original database architecture and 

the technical details about database implementation were described in our previous 

publication [194].  We upgraded SCAN to the human genome reference build 19 and 

incorporated GENCODE (v20) gene-level annotations [392]. 

Description of the mQTL data 

Cytosine modification data 

 

In total, 133 unrelated HapMap LCL samples (60 CEU and 73 YRI) were profiled for 

cytosine modification levels using the Illumina 450K array, which interrogates ~480,000 

CpGs across the human genome [388]. Sample preparation and the 450K array profiling 

were described in Moen et al [390]. The raw and processed cytosine modification data 

including the summarized modification levels for each individual have been deposited 

into the NCBI Gene Expression Omnibus (Accession Number: GSE39672). Various 

filtering criteria were applied to the data to ensure that we had reliable cytosine 
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modification profiles of these samples. To avoid potential probe cross-hybridization, 

which particularly could be an issue for a relatively degenerated target sequence after 

bisulfite treatment of genomic DNA, we re-aligned the 450K array probes to identify 

matched multiple genomic locations [390, 393]. We also removed CpG probes 

containing common SNPs (minor allele frequency >0.01) [390] based on the dbSNP v135 

database [394]. Besides our internal controls using the same samples, comparing our 

450K array data with the Encyclopedia of DNA Elements (ENCODE) Project [395] 450K 

array data for three same LCL samples (NA12891, NA12892 and NA19239) demonstrates 

the stability of cytosine modification profiles across experiments (r: 0.95-0.99) [390]. 

 

Detection of mQTL in the HapMap samples 

 

Details on mQTL mapping were described in Zhang et al [391]. Briefly, 283,540 

autosomal CpG sites that met our previously described criteria (e.g., calling rate>95%, 

not ambiguously mapped to multiple loci, not containing common SNPs) [390] were 

used in mQTL mapping. The M-values, defined as the log2 ratio of the intensities of 

modified probe versus unmodified probe [396], were quantile normalized across all of 

the 133 samples, and adjusted for batch effect using COMBAT [209]. Local scans of 

mQTL were then performed for SNPs <100 Kb away from the target CpG sites. Top 

principal components were regressed out to account for potential confounding variables 

and to achieve the greatest detection sensitivity in each population. Cytosine 
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modification levels, i.e., M-values, were regressed on SNP allele dosages within the CEU 

and YRI samples, separately.  

Integration of mQTL data and other features of SCAN 

 

The SCAN database has been updated to integrate the mQTL mapped in the CEU and YRI 

samples. In total, 58,530 unique local mQTL for 5,240 CpGs in the CEU and 43,412 mQTL 

for 7,306 CpGs in the YRI (at nominal p<0.01) samples were included in the updated 

database. The architecture of the underlying database is similar to the previous version 

of SCAN [194] for eQTL information. Briefly, the database has three tiers to allow 

extensibility, easy maintenance, and user-friendly database experience. The updated 

SCAN supports both gene and SNP-focused queries (batch queries allowed) and an 

option to specify significance level for the mQTL data. mQTL mapping results (i.e., p-

value and population) for significant CpG sites, together with target gene annotations 

and eQTL data are output from the SNP-query tool. Individual methylation levels (i.e., 

normalized β-values) can be displayed and downloaded from CpG identifiers (Figure 1). 

Relevant SNP, gene, and genomic region information (e.g., genomic position, functional 

feature, LD information) are provided as the previous version of SCAN to provide 

genome context of these genetic variants. Examples of input and an online tutorial for 

the database are also provided at the SCAN website. 
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Figure 1. Interface of the updated SCAN database. (A) The SNP-focused interface is 
shown as an example. The updated SCAN supports both gene and SNP-focused queries. 
Users may specify significance level for the mQTL data (up to nominal p<0.01). Batch 
queries are allowed. (B) An example for the output from a SNP-focused query is shown. 
The mQTL or eQTL p-value in a population (CEU or YRI) for a particular CpG site or a 
gene expression phenotype respectively, together with target gene, is shown 
(depending on the query selected). CEU – Caucasian residents from Utah, USA; YRI – 
Yoruba people from Ibadan, Nigeria. (C) An example for the individual methylation level 
data (normalized β-values) accessed through the CpG identifier.  

 

Application Examples 

With the new mQTL data, the updated SCAN database allows annotation of genetic 

variants by not only eQTL but also mQTL from the HapMap CEU and YRI samples. We 

present two examples here to illustrate the potential applications of the new mQTL data 

and updated features of SCAN. Although two candidate genes are showcased here, the 

integrated mQTL and eQTL data provided by SCAN can support larger-scale 

investigations through batch queries.  

Case Study #1 - Evaluation of mQTL associated with population-specific CpGs 

 The updated SCAN contains mQTL data generated from two global populations: 

persons of European (CEU) and African (YRI) descent. The following example shows how 

the integrated data may be used to identify genetic variants associated with population-

specific CpG sites [390], which may underlie certain health disparities between ethnic 

groups.  
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 Acute respiratory distress syndrome (ARDS) is a life-threatening condition with a 

substantial mortality rate [397]. A significant disparity in mortality rate exists between 

patients of African descent and those of European descent, after controlling for access 

to health care and socioeconomic status [398], implying a possible genetic influence on 

clinical outcome. The underlying mechanisms of these health disparities in ARDS have 

been investigated to a great extent, but the precise processes remain indistinct. Prior 

studies have linked candidate genes involving endothelial and epithelial permeability to 

ARDS, particularly MYLK (encoding myosin light chain kinase), which has been 

thoroughly examined for its role in vascular endothelial cell barrier disruption and 

inflammatory responses [399]. Exploring the potential functions of genetic variation in 

MYLK may help to interpret the observed health disparities in ARDS [400].  

 Taking advantage of the cytosine modification data profiled in the CEU and YRI 

samples [390], we evaluated if there were population-specific CpG sites located in the 

MYLK gene. At a false discovery rate (FDR) less than 1%, eight CpG sites (out of 52 total 

CpG sites in MYLK profiled on the 450K array) were characterized as differing between 

the two populations (Figure 2A), indicating a baseline cytosine modification variation 

pattern in MYLK between individuals of African and European ancestry. The integrated 

mQTL data in the updated SCAN were used to search for local genetic associations of 

these population-specific CpG sites. In particular, local SNPs were evaluated for 

association with all of the eight population-specific CpGs. Figure 2B shows an example in 

which the allele C (which has a frequency of 0.425 in YRI and  is not present in CEU) of 

an intronic SNP in MYLK (rs6438808) was associated (p=5.40e-10) with higher 
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modification level of a gene body CpG (Illumina probe ID: cg12235788) in the YRI 

samples, suggesting that the underlying genetic variation may contribute to the 

observed population-specific cytosine modification variation in MYLK. Thus, findings in 

the HapMap samples provide some evidence for a relationship between the genetic and 

epigenetic variations in MYLK. Importantly, these association relationships could guide 

future functional and validation studies in patient cohorts to elucidate the observed 

ethnic disparities in ARDS [400]. 
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Figure 2. Detecting mQTL for population-specific CpGs - MYLK as an example. (A) The 
distribution of population-specific CpG sites in MYLK is shown. In total, 52 CpG sites in 
MYLK were profiled on the Illumina 450K array. At FDR<1%, eight CpG sites were 
characterized as differentially modified between the CEU and YRI samples. (B) An mQTL 
for a population-specific CpG in MYLK is shown. The allele C of an intronic SNP in MYLK 
(rs6438808) was found to be associated (p=5.40e-10) with higher modification level of a 
gene body CpG (Illumina probe ID: cg12235788), explaining the higher modification 
levels in the YRI samples.  MYLK – myosin light chain kinase; CEU – Caucasian residents 
from Utah, USA; YRI – Yoruba people from Ibadan, Nigeria; FDR – false discovery rate. 

 

Case Study #2 – Integrative analysis of mQTL and eQTL 
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 We show here an example of integrating mQTL and eQTL using the updated 

SCAN. Clinical studies and GWAS have demonstrated that the MGMT gene (encoding 

DNA repair protein O6-methylguanine-DNA methyltransferase) plays a role in sensitivity 

to temozolomide, an oral alkylating agent used for the treatment of brain tumor. For 

example, in a genome-wide pharmacogenomic study using 516 LCLs derived from a 

cohort of European descent, an eQTL (rs477692) in MGMT was identified to be 

associated with cytotoxic response to temozolomide [401]. Previous studies also 

reported that promoter hypermethylation of MGMT could predict low expression levels 

of MGMT in gliomas, despite observed discordance between promoter methylation and 

protein levels. In 91 human glioblastoma samples from the Cancer Genome Atlas 

Project, we further observed significant variation in MGMT expression levels in patients 

with an unmethylated promoter, with higher levels of gene body cytosine modification 

correlating with higher gene expression levels [402].  

Using the updated SCAN, we found that the temozolomide-associated SNP, 

rs477692, is an mQTL for MGMT gene body (Illumina probe ID: cg05714579) cytosine 

modification levels (p=1.57e-7) and an eQTL for MGMT (p=0.0001) in the CEU samples 

based on our previously published gene expression data using the Affymetrix Human 

Exon 1.0ST Array (GSE9703) (Figure 3). In comparison, we did not observe this SNP to be 

an eQTL for MGMT in the YRI samples (p=0.6).  This may suggest a different set of 

genetic regulators of MGMT expression in the two populations although the difference 

in allele frequency at the SNP may also lead to a difference in statistical power. The 

integrative analysis of both eQTL and mQTL thus suggests that genetic variation (e.g., 
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rs477692) may play a role in regulating MGMT expression through regulation of gene 

body CpG sites. Future clinical applications guided by these findings could improve the 

care of cancer patients receiving this therapy. 

 

  

Figure 3. An integrative analysis of mQTL and eQTL - MGMT as an example. The 
temozolomide-associated SNP, rs477692, is an mQTL for MGMT gene body (Illumina 
probe ID: cg05714579) cytosine modification levels (p=1.57e-7) and an eQTL for MGMT 
(p=0.0001) expression in the CEU samples. The arrow indicates the transcription 
direction of MGMT. The triangle indicates the QTL position (cis-acting). The cross 
indicates the CpG location.  MGMT – O6-methylguanine-DNA methyltransferase. 

 

 

Conclusions and Future Development 
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 Understanding the genetic architectures of gene expression and cytosine 

modifications offer opportunities to assign functional annotations to genetic variants 

associated with human complex traits and phenotypes, such as those genetic loci 

identified in GWAS. Therefore, one of the primary applications of SCAN is in conducting 

follow-up analyses of the results from GWAS, including prioritizing GWAS findings for 

functional or validation studies. The updated SCAN has new features that allow queries 

for mQTL detected in the HapMap CEU and YRI samples together with relevant genome-

context information. More importantly, the updated SCAN integrates mQTL into the 

existing eQTL resource from the same HapMap samples that have been widely used as a 

model of natural variation. Integration of mQTL and eQTL data will open up avenues to 

systematically characterize trait-associated loci from GWAS. Future developments may 

include integrating additional molecular phenotype trait loci measured in the same 

HapMap samples, such as protein-level QTL (pQTL) [403], as well as independent 

eQTL/mQTL data derived from other tissues such as findings from the GTEx (Genotype-

Tissue Expression) Project [404]. The SCAN database will be updated regularly to 

incorporate novel findings generated on these samples. Integration with other genomic 

resources including PACdb [405], a database for cell-based pharmacogenomics, may 

help to better elucidate the mechanisms underlying genetic variants implicated in drug 

response traits, which have been widely investigated using this model. 
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Chapter 13 

Alternative splicing and genome evolution 
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Abstract 

 The alternative splicing of pre-messenger RNAs is an important mechanism of 

proteomic diversity and plays a significant role in determining a protein’s structure, 

function and localization. Because of its ubiquity as a mechanism (affecting most human 

genes) and its broad functional role (in development and physiology), it is expected to 

make an important contribution to the evolution of trait complexity. Here we consider 

the evolutionary consequences of this key cellular mechanism, which are being 

uncovered by important developments in genomic technology and methodological 

approaches. 

Key concepts 

 Alternative splicing is a key cellular process driving phenotypic diversity and 

functional innovation. 

 Gene duplication and other molecular processes can interact with alternative 

splicing in highly complex ways to drive genome evolution. 

 Gene regulation, including alternative splicing, is thought to account for the 

extraordinary divergence in traits between closely related species given the 

small degree of molecular divergence between orthologous protein sequences. 

 Nonsense-mediated decay (with its conserved machinery and targets across 

large evolutionary timespans) can act as a quality control mechanism on 

alternative splicing to guard the cell against potentially deleterious gene 

products. 
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 In studies of the evolutionary landscape of alternative splicing (in multiple 

tissues across hundreds of millions of years of evolutionary timespan), the 

identity of the species is the primary source of the variability in overall 

alternative splicing patterns whereas tissue type is the main source for overall 

gene expression patterns. 

 

Introduction 

Alternative splicing is a fundamental cellular process in eukaryotes for regulating 

the transcriptome and plays a central role in cellular homeostasis. The finding that 

eukaryotic messenger RNA (mRNA) precursors are interrupted by non-coding sequences 

(introns) that need to be excised to form translatable mRNAs[406] and that the coding 

sequences can be assembled in different combinations highlights a complex gene 

organization that underlies a dynamic transcriptome. The spliceosome, a 

ribonucleoprotein complex that performs the splicing, is a complex macromolecular 

machine consisting of over 200 proteins and highly conserved small nuclear RNAs 

(snRNAs)[407].  The process of intron excision requires exquisite control and precise 

identification of the intron boundaries achieved through U-rich small snRNAs and 

specific intronic motifs near the splice sites[408]. Alternative splicing generates diversity 

in the proteome[409] (the complete catalog of proteins encoded by the genome) by 

allowing multiple, distinct transcripts to be formed from the same precursor molecule, 

which are subsequently translated into variant polypeptide sequences. The advent of 

high-throughput sequencing has facilitated a comprehensive exploration of genes that 
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undergo alternative splicing and, indeed, it has been estimated that over 90% of genes 

in humans have alternative splice forms[410].  

Alternative splicing and complexity-generating molecular processes 

The first draft of the human genome revealed a genome with a much smaller 

gene content than anticipated or predicted, and an adequate account of organismal 

complexity observed in nature had to be located elsewhere. Alternative splicing 

provided an alternative to gene content for explaining the enormous diversity and 

complexity in higher eukaryotes. Of course, other engines of functional diversity exist in 

the genome. For example, gene duplication is an important factor driving functional 

innovation and phenotypic diversity[411]. As a process for generating function, gene 

duplication can result in non-functionalization (i.e., a non-functional duplicate) or the 

functional divergence of the ancestral gene and the duplicate copy, either through neo-

functionalization (in which one of the two retains the original function while the other 

evolves a novel [perhaps beneficial] function) or through sub-functionalization (in which 

the ancestral and duplicate copies come to assume complementary functions already 

present prior to the divergence)[412]. It has been proposed that several rounds of large-

scale genome duplication in early vertebrate evolution account for the increased 

complexity and genome size of vertebrates[413], suggesting the importance of large-

scale gene duplication events in driving the evolutionary fate of the vertebrate 

lineage[414]. RNA editing is a post-transcriptional modification that has attracted 

considerable recent attention as a process that may diversify protein function[415]. RNA 

editing alters the nucleotide content of an RNA molecule from the corresponding DNA 
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sequence, potentially leading to codon change and altered protein structure. It has been 

suggested that RNA editing may provide a mechanism for adaptive evolution and fast-

evolving genes may lead to increased diversity in editing (possibly due to the larger 

number of RNA folds), which in turn feeds the generation of novel alleles in the genome 

in a feed-forward complexity-generating process[416]. Other RNA maturation processes 

that may underlie functional diversity include alternative polyadenylation[417] and 

alternative transcription initiation[418]. RNA transport and localization may also 

contribute to phenotypic variability although the dynamics of these processes are 

relatively poorly understood.  

We propose here that alternative splicing must be viewed within the context of 

the wide variety of molecular processes that may influence the protein repertoire and 

genome evolutionary dynamics, and that may well interact in complex ways (Figure 1A). 

Indeed, these sources of proteomic diversity may not evolve independently. For 

instance, a study[419] of the evolutionary trend of alternative splicing after gene 

duplication by Su et al. reported that duplicate genes tend to have fewer alternative 

splice forms than single-copy genes and that, more broadly, the mean number of 

alternative splice forms is negatively correlated with gene family size. Roux and 

Robinson-Rechavi[420] challenged the interpretations of the Su et al. study and 

reported that instead of gene duplication leading to a loss of splice forms, genes with 

low levels of alternative splicing tend to undergo gene duplication more frequently, and 

that a progressive acquisition of new splice forms with evolutionary time is more 

consistent with genomic data (with single-copy genes generally younger than duplicate 
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genes so that the previously reported relation between the level of splice forms and 

gene family size is confounded by gene age). 

  

 

Figure 1.  (A) Alternative splicing and other molecular processes may interact in 
complex ways to drive the evolution of trait complexity. Three (hypothetical) species-
specific transcript isoforms (SF1, SF2 and SF3) are shown.  The structure of the splice 
form (i.e., exon skipping) is regulated by the presence of editing sites. Boxes represent 
exons whereas lines represent introns. The stars in the splice form SF1 show the 
location of the RNA editing sites.  (B) Alternative splicing can influence trait complexity 
through the regulatory circuity of the cell.   Shown here is a cis-acting splicing 
regulatory element (an ISE) that regulates the skipping of an adjacent exon. The arrow 
indicates a variable site within the ISE. The domain affected by the exon skipping can 
result in a dramatic change in protein function. 
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The interaction between a molecular process and alternative splicing can assume 

many complex forms, leaving highly complex exon-intron structural signatures in 

eukaryotic genomes. For example, Zhang et al.[421] has proposed that some intron-loss 

events cannot be attributed to either retroposition (whereby the cDNA of a gene is 

inserted back into the genome, resulting in an intron-less gene) or RNA-based gene 

conversion (arising from homologous recombination between a copy of a gene and a 

cDNA copy). Indeed, they argue that duplicated genes with introns in the child copy that 

are missing in the parental copy have intron-retention alternatively spliced isoforms, 

highlighting the evolutionary role that alternative splicing may play in driving exon-

intron structure complexity. 

Alternative splicing and gene regulatory mechanisms 

Comparative analyses[422] of protein-coding genes in humans and chimpanzees 

showed a high level of similarity between orthologous proteins, raising the question of 

what accounts for the phenotypic divergence in physiology and behavior. Given the 

small degree of molecular divergence at the level of protein sequence, King and Wilson 

proposed that changes in the mechanisms regulating the expression of genes form the 

basis of the extraordinary divergence in traits between these closely related species.  

Recent advances in functional and comparative genomics have provided the 

means to investigate, at an unprecedented resolution, the importance of gene 

regulatory elements in morphological evolution. Genome-wide maps of regulatory 

regions are being generated and refined by surveys of genetic variation (e.g., the 
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International HapMap[423, 424] and 1000 Genomes[425] projects for human genome 

variation) and chromatin-defined elements as well as genome-wide analyses of 

sequence conservation and regulatory motifs. The Genotype-Tissue Expression (GTEx) 

project[79, 426] is generating gene expression data in a comprehensive set of human 

tissues using high-throughput RNA sequencing to serve as a reference panel for human 

transcriptome studies (including those of the tissue-dependent effect of genetic 

variation on gene expression and alternative splicing as well as of shared genetic effects 

across tissues). In particular, the consortium quantified the contribution of primary 

transcription and post-transcriptional processing (primarily, alternative splicing) to 

isoform abundance, with gene expression accounting for only 45% of the variance 

between individuals and 84% of the variance between tissues[371]. The Encyclopedia of 

DNA Elements (ENCODE) project[81] aims to uncover all functional elements encoded in 

the human genome by mapping transcribed regions, chromatin structure and epigenetic 

changes. In particular, to gain insight into splicing, the project developed predictive 

models for investigating the relationship between histone modification levels and 

inclusion of exons in alternative spliced transcripts and showed a connection[427] 

between chromatin structure and splicing, indicating that the splicing process occurs 

predominantly during transcription. Furthermore, recent studies of the three-

dimensional spatial organization of chromosomes (e.g., using chromosome 

conformation capture [3C] technologies) are uncovering the effect of genome topology 

on gene regulatory networks[428-430]. To elucidate species-specific and shared 

transcriptional and regulatory processes, genome-wide studies[431, 432] aimed at 
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mapping functional elements have been conducted in model organisms. We stress that 

the significance and scope of alternative splicing must be assessed within a broader 

characterization of an array of regulatory mechanisms and their impact on the evolution 

of new functional forms[433]. 

Indeed, the landmark study by King and Wilson[422] launched a body of research 

that underscores the impact of the evolution of non-coding regulatory sequence on 

organismal evolution. Non-coding sequences are much more difficult to functionally 

characterize than amino-acid altering sequences, and this has led to a serious bias in 

comparative genomics towards mechanisms that alter coding sequences (such as gene 

duplications)[433]. Undoubtedly, there is support for the evolutionary role of coding 

sequences such as the highly polymorphic major histocompatibility complex (MHC) loci, 

which have been shown to be a substrate for natural selection acting to diversify 

immune effectors[434], and the various photosensitive molecules, termed visual 

pigments (profoundly important for color vision), in which amino acid changes have 

modified absorption spectra and have been found to be responsible for adaptive 

evolution at the molecular level[435]. However, it has become evident that regulatory 

sequences have made substantial contribution to the evolution of form[433] (given the 

discrepancy between the evolution of proteins and the evolution of anatomy) despite 

the fact that inferring function for non-coding sequences remains a critical challenge in 

the post-genomic era. Furthermore, studies of the phenotypic consequences of exonic 

mutations – missense and nonsense sites – may be biased away from evaluating their 

impact on gene regulation because of the obvious protein-coding changes. 
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In the case of splicing, regulation[436] is primarily determined by 5’ splice site, 3’ 

splice site, branch point sequences, and the non-splice site motifs with regulatory 

function known as splicing regulatory elements (SREs)[437].  SREs act to recruit trans-

acting factors to regulate splicing (through mechanisms that are incompletely 

understood) and are classified (on the basis of location and effect on splicing, either as 

activators or suppressors) into exonic splicing enhancers (ESEs) or silencers (ESSs) and 

intronic splicing enhancers (ISEs) or silencers (ISSs). Although a complete catalog of 

proteins that bind enhancers and silencers within exons remains to be 

characterized[438] (and indeed, the elucidation of the dynamic nature of spliceosomal 

complexes is far from complete), enhancer sequences generally bind members of the 

serine-arginine-rich (SR) protein family while members of the heterogeneous 

ribonuclearprotein (hnRNP) family bind many silencer sequences. The SREs are thought 

to have differential[439] effects on gene evolution so that, for example, ESEs have a 

much more significant role than ESSs. Selection acts to maintain splice enhancers (which 

are more abundant near intron-exon junctions), influencing the rate of evolution at 

synonymous sites (Ks) in these regulatory elements[440]. Indeed, synonymous sites in 

putative ESEs have been shown to evolve more slowly when compared with non-ESE 

exonic sequence. Furthermore, it has been observed that rates of evolution are 

especially reduced near intron-exon boundaries and in intron-rich genes. Indeed, a 

multi-exon gene has been estimated to evolve at less than half the rate of a gene with 

no introns[439]. Variable sites within SREs can induce a dramatic change in the final 

protein sequence (thus, protein function) (Figure 1B). 
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Alternative splicing can function as a regulatory mechanism on gene expression, 

for example, by generating mRNAs targeted for degradation by nonsense-mediated 

decay (NMD). NMD can function as a quality control surveillance mechanism, preventing 

aberrant transcripts (with premature termination codons) from being translated and 

protecting the cell from C-terminally truncated proteins that are potentially deleterious. 

However, non-aberrant transcripts can be targeted as well for destruction via this 

mechanism, indicating a regulatory role that goes beyond quality control[441]. A large 

number of alternatively spliced isoforms that putatively induce NMD are conserved in 

human and mouse[442] and show elevated sequence conservation relative to 

constitutively spliced exons. Indeed, NMD targets as well as the NMD pathway 

(including the core kinase SMG1, an ancient effector of the machinery) have been found 

to be conserved across large evolutionary timespans[443]. In short, alternative splicing 

may act in concert with, or be coupled to, other regulatory processes (such as NMD) to 

regulate gene expression and the impact of alternative splicing on genome evolution 

can be mechanistically clarified within such a theoretical framework. 

Alternative splicing: tissue specificity and context-dependence 

The ubiquity of alternative splicing (relative to other molecular processes that 

generate functional diversity) in multicellular organisms suggests its potentially 

dominant role as a mechanism shaping phenotypic diversity and genome evolution. 

However, despite the great progress in quantifying its frequency within species and its 

conservation across species[444], the impact of alternative splicing on biological 

function remains a primary challenge. The identification of the primary functional 
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isoform – relative to which changes in structure, function or localization induced by 

alternative splicing can be assessed – presents unique challenges for functional 

annotation[445], and studies have often used the largest isoform as the reference splice 

variant (not because it is the primary functional variant but because it serves the 

practical purpose of being able to display more features on the sequence in a genome 

browser)[446]. In general, there is a difference in the degree of conservation between 

the predominant isoform and the rare splice form, with minor forms exhibiting 

substantially reduced conservation and recent evolutionary developments[447]. In silico 

approaches for detection of primary variant (defined as the isoform with orthologous 

function across a wide range of species) may incorporate conservation of exonic 

structure, the identification of non-neutral evolution, conservation of functional 

residues, protein structure mapping, and conservation over greater evolutionary 

distance[446]. Using a combination of computational approaches, manual curation and 

targeted experimental validation, the GENCODE consortium[105] aims to annotate gene 

features in the human genome with high accuracy, including transcript isoforms.   

As a mechanism of gene regulation, alternative splicing is tissue-dependent and 

occurs within a developmental context. Using high-throughput RNA sequencing, 

Barbosa-Morais et al.[372] conducted a genome-wide study of alternative splicing 

differences among physiologically equivalent tissues from vertebrate species spanning 

approximately 350 million years and reported significant differences in complexity in 

alternative splicing between lineages, with the greatest complexity in the primate 

lineage.  The tissues analyzed in the study were diverse (though not comprehensive) and 
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included whole brain, forebrain cortex, cerebellum, heart, skeletal muscle, liver, kidney, 

and testis from human, chimpanzee, orangutan, macaque, mouse, opossum, platypus, 

chicken, lizard, and frog. Alternative splicing was detected at a much higher frequency in 

all primate tissues than in the physiologically equivalent ones from the remaining 

species, with a reduction in frequency of alternative splicing associated with 

evolutionary distance from primates. Notably, the authors reported that the genes with 

the highest level of complexity in alternative splicing in human show enrichment for 

cytoskeleton-associated function. The identity of the species was found to be the 

primary source of the variability in the overall alternative splicing patterns (whereas 

tissue type was for the overall gene expression patterns), and most species-specific 

splicing patterns were found to be primarily cis-directed (i.e., involve cis-regulatory 

elements [versus the trans-acting factors]). These results highlight the more profound 

impact of alternative splicing (compared with that of gene expression) in vertebrate 

tissues in influencing species specificity.  

In parallel, a comparative genome-wide study by Merkin et al.[448] evaluated 

tissue-specific transcriptome variation across mammals. Using RNA sequencing analysis 

conducted in 9 tissues from 5 vertebrates (4 mammals and one bird), the study reported 

the conservation of gene expression signatures in all tissues examined, the lineage-

specificity of alternative splicing (which was found to be conserved in only a subset of 

the tissues) and identified several hundred exons with interspecies variation in splicing 

much greater than intra-species variability between tissues. Notably, the set of exons 

with conserved alternative splicing in mammals were significantly enriched for 
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phosphorylation sites. Phosphorylation is a key mechanism for the regulation of 

proteins with a significant role in influencing their interaction and localization; in the 

human genome, 500 genes are protein kinases that phosphorylate serine, threonine, or 

tyrosine residues while 200 genes for phosphoprotein phosphatases dephosphorylate 

them[449]. The results from Merkin et al. would imply that alternative splicing, through 

removal or insertion of phosphorylation sites, has a profound impact on directing 

protein function in cells. 

Future prospects 

 Many aspects of the evolutionary role of alternative splicing in driving 

phenotypic complexity continue to be mysterious. For example, the relative 

contributions of the various complexity-generating molecular processes to the highly 

diverged genome structures in the different eukaryotic lineages are incompletely 

understood. Certainly, important and rapid progress has been made with the advent of 

high-throughput sequencing of the transcriptome, but our understanding of splicing 

pattern heterogeneity should be considerably enhanced by single-cell genomics[450] in 

a variety of temporal and developmental contexts.  

Further reading 

Bradley, R.K., et al. Alternative splicing of RNA triplets is often regulated and accelerates 
proteome evolution. PLoS biology 10, e1001229, 10.1371/journal.pbio.1001229.  

Gamazon, E.R., Stranger, B.E. Genomics of alternative splicing: evolution, development 
and pathophysiology. Human Genetics 133, 679-687, 10.1007/s00439-013-1411-3.  
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Abstract 

 

 We performed a whole-genome scan of genetic variants in splicing regulatory 

elements (SREs)  and evaluated the extent to which natural selection has shaped extant 

patterns of variation in SREs. We investigated the degree of differentiation in allele 

frequencies of variants in SREs among human populations and applied long-range 

haplotype- and multilocus allelic differentiation-based methods to identify SREs with 

robust selection signatures. We describe an approach, based on sampling a large 

number of loci across the genome from functional classes and on the consensus from 

multiple tests, for identifying novel candidates for signals of selection. We found that 

SRE SNPs in various SNP functional classes differ in patterns of population 

differentiation in comparison with their non-SRE counterparts and among these SRE 

SNPs, we identified those with multiple (consensus-based) signatures of selection. This 

approach facilitated a test of selection on regulatory loci, independently of selective 

effects on the particular coding class. We observed, in intronic regions, a greater 

enrichment for extreme population differentiation among the potentially tissue-

dependent transcript ratio quantitative trait loci (trQTLs) than SRE SNPs in general and 

identified outlier trQTLs for cross-population composite likelihood ratio, suggesting that 

incorporation of context annotation (e.g., tissue) for regulatory variation may well lead 

to improved detection of signature of selection on these loci. Finally, we investigated 

the utility of the SRE annotation for detecting pathogenicity as well as for disease loci 
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mapping. The approach developed here will be broadly useful for studies of function 

and disease-associated variation in the human genome.  

 

Introduction 

Alternative splicing (AS) increases human proteomic diversity by enabling 

multiple, distinct transcripts to be generated from the same precursor gene [451]. In 

human cells, nearly 90% of protein-coding genes may generate multiple transcript 

isoforms [410]. As a molecular process, splicing is performed by the spliceosome, a 

macromolecule (consisting of small nuclear ribonucleoproteins) involved in the 

recognition of exon-intron boundaries and in the catalysis of the reactions that splice 

introns and join exons [452]. The exquisite process depends on how precisely the 

spliceosome recognizes the exon-intron boundary with consensus sequence-based 

guide such as the branch point sequence and polypyrimidine tract. Non-splice site 

motifs involved in the regulation of splicing are known as splicing regulatory elements 

(SREs), which are hexameric (i.e., six base pairs in length) sequences classified (based on 

location and effect on splicing) as intronic splicing enhancers (ISEs), intronic splicing 

silencers (ISSs), exonic splicing enhancers (ESEs) and exonic splicing silencers (ESSs) [453, 

454]. SREs are cis-acting elements and exert their regulatory function via recruitment of 

sequence-dependent RNA-binding factors, to activate or repress adjacent splice sites. 

For instance, most ESEs recruit members of the serine/arginine-rich (SR) [455] protein 

family whereas ESSs are typically bound by repressor proteins of the hnRNP class. Thus, 

the splicing process is a complex sequence-mediated interaction between the 
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spliceosome (trans-acting factors) and the pre-mRNA (cis-acting elements). A single 

change at any position within an SRE may turn off its regulatory function and disrupt the 

binding accuracy of the spliceosome to exon-intron boundaries, possibly generating a 

defective, disease-causing protein . Indeed, disruptions of normal splicing patterns are 

implicated in a variety of human diseases [456-463]. It has been estimated that as high 

as 15 % of disease-causing mutations affect splicing [458, 464]. Most of these mutations 

are single-nucleotide substitutions (78%) and are located outside of splice sites. Thus, 

sequence variation in SREs, by disrupting the splicing machinery, may play a role in 

human phenotypic diversity.  

Indeed, AS is a key molecular mechanism underlying human disease 

pathophysiology [465], including, prominently, cancer pathogenesis [466, 467]. We have 

previously shown that sequence variations in ISEs are enriched among genetic variants 

that have been identified by genome-wide association studies (GWAS) to be 

reproducibly associated with complex human traits, including a broad spectrum of 

common diseases, [468]. However, the contribution of AS to disparities in disease risk 

remains to be fully characterized although its significance as a mechanism for conferring 

disease risk in diverse populations is increasingly being recognized [469] such as through 

recent experimental evidences in critical oncogenes (i.e. BCLXL, MET, RASGPR2, PI3K, 

and MDM2 [327, 470-474]).  

Splicing differences between individuals are common in human populations 

[471]. In a comparison of transcript levels obtained from lymphoblastoid cells derived 

from individuals of European and African descent, ~10 % of the investigated genes 
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showed population-specific splicing ratios [473]. In prostate cancer, transcript isoforms 

expressed in African Americans translate into more aggressive forms of oncogenes 

[469]. Splicing-associated variants in the insulin gene (INS) that are more common or 

unique in individuals of African descent raised the hypothesis of the influence of 

selection resulting from the transition of an out-of-Africa ancestral population to 

primitive agriculture [475]. To investigate the genetic basis underlying differences in 

splicing in human populations, we performed comprehensive analyses of genetic 

variants in SREs, including the degree of population differentiation in SRE variants 

among continental populations using whole-genome sequence data, and of the extent 

to which the observed patterns of differentiation at these genomic loci are consistent 

with the action of selection.  

 

Results 

Our primary aim is to test whether variants affecting splicing would show greater 

population differentiation in allele frequency and evidence for selection than matched 

variants not affecting splicing. Towards this end, we quantified the degree of population 

differentiation using FST [476] (see Methods) for the 1000 Genomes Project (TGP, phase 

3) SNPs. Population differentiation as a test for selection is, however, sensitive to 

demographic history (e.g., migration) and the FST statistic can show wide variation even 

at loci under neutrality [477, 478]. Hence, within each broad functional class (see 

Methods), we compared outlier splicing-associated loci with the empirical distribution 
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of population differentiation across the genome. Furthermore, selection signatures 

derived from local scans for reduced variation may be confounded by demographic 

processes (e.g., population bottleneck or recent founder effects). We therefore applied 

several alternative methods for detecting selection, including approaches based on 

cross-population multi-locus allelic differentiation and on cross-population extended 

haplotype homozygosity [479, 480], to identify candidate SREs with multiple (i.e., 

consensus-derived) signatures of selection.  

A SNP was annotated as an SRE SNP if it is within an SRE site (a hexameric 

splicing motif) and is located immediately adjacent to the skipped exon or the exon 

embedding the candidate SNP is skipped (see Methods) [468]. An SRE SNP was also 

functionally classified into the following SNP classes: intronic, synonymous, non-

synonymous, and loss-of-function. See Supplementary Table 1 for the number of SRE 
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and non-SRE SNPs by SNP functional category included in our analyses. 

Figure 1 illustrates our overall analytic approach. 

 

  

 

Figure 1. Illustration of overall analytic approach. In our analysis, SRE SNPs and non-SRE 
SNPs are classified according to four functional categories: LOF, intronic, synonymous 
and non-synonymous. We also considered the overlap of SRE SNPs with transcript ratio 
quantitative trait loci (GEUVADIS) identified in RNA-Seq studies in LCLs.  We assessed 
the evidence for high population differentiation and complemented this with evidence 
for positive selection using (given the potential for confounding due to demographic 
history) one of 3 additional signatures (iHS, XP-EHH and XP-CLR). We also evaluated the 
evidence for negative selection and incorporated a metric of pathogenicity. 

 

SRE SNPs in various SNP classes and comparison with non-SRE SNPs 

For illustration and in downstream analyses, we focused on the AFR and EUR 

comparison unless otherwise stated. 



360 
Because demographic forces tend to impact loci genome-wide while selection 

tends to be more locus-specific, comparisons of specific SNP classes across the entire 

genome and the use of consensus calls from multiple signatures at candidate loci may 

facilitate detection of the effect of selection [481]. We thus sought to gain insights into 

selection on genetic variation affecting splicing by considering differences in population 

differentiation between SNP classes among the SRE SNPs as well as between SRE and 

non-SRE SNPs and sought additional support from haplotype-based and multi-locus 

methods for detecting signatures of selection (Figure 1).  

Negative selection (through its action on deleterious mutations) or balancing 

selection (by maintaining allelic variation between populations) acts to reduce FST while 

positive selection (via local geographic adaptation) increases FST [481, 482]. Figure 2 

illustrates the global FST distribution for the SRE SNPs in the different SNP classes. LOF 

and non-synonymous SRE SNPs have a higher proportion of low FST variants than 

intronic and synonymous SRE SNPs (see Supplementary Figure 1 for the ASN-EUR 

comparison and the AFR- ASN comparison, which shows a similar pattern). While 

enrichment for low FST has been previously reported for non-synonymous SNPs (and 

recapitulated here), we observed a substantially greater level of excess (i.e., more than 

two-fold in terms of percentage) of low population differentiation among the amino-

acid altering SRE variants than among all amino-acid altering SNPs [483]. Furthermore, 

among the LOF and non-synonymous SRE SNPs with low FST, we observed an excess of 

low derived-allele frequency variants (< 0.05 in EUR, Supplementary Figure 2), 
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consistent with negative selection, and no excess in the higher allele frequency bins, as 

one might find under balancing selection.  

 

 
Figure 2. Global FST distribution of SRE SNPs in each SNP class. X-axis is FST bin from the 
AFR-EUR comparison. Y-axis is the proportion of SRE SNPs in each FST bin. See 
Supplementary Figure 1 for the ASN-EUR comparison and the AFR-ASN comparison.  

 

We then tested whether there is a significant difference in FST between SRE SNPs 

and non-SRE SNPs. We considered the proportion of SRE SNPs relative to the proportion 

of non-SRE SNPs among the different SNP categories as a function of FST. Figure 3 

illustrates this “odds ratio” (see Methods) in bins of FST in the AFR-EUR comparison (see 
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Supplementary Figure 3 for the ASN-EUR comparison and the AFR-ASN comparison). 

Note that the non-SRE SNPs across the genome served as a control in this comparison 

across the FST bins, which could enable detection of the effect of selection by identifying 

outlier SRE variants with respect to a genome-wide distribution.  

Figure 3 illustrates the range of FST values for which the SRE SNPs showed an 

excess or depletion relative to non-SRE SNPs stratified by SNP classes. In the next three 

sections, we “zoom in” on the evidence for extreme population differentiation and 

selection for variants in SREs within the SNP functional classes, allowing us to explore 

selection on potential regulatory loci independently of selective effects on the particular 

coding class. 

 

 

Figure 3. Relative 
proportion of SRE SNPs 
as a function of level of 
population 
differentiation (FST). X-
axis is FST bin from the 
AFR-EUR comparison. Y-
axis represents the odds 
ratio (OR) of SRE SNPs to 
non-SRE SNPs in each 
SNP class. The non-SRE 
SNPs served as control 
in this comparison 
within each FST bin. The 
solid circle indicates 
statistically significant 
comparisons (P < 0.05). 
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See Supplementary Figure 3 for the ASN-EUR comparison and the AFR-ASN comparison. 

 

Selection on splicing motifs in intronic regions 

We observed that intronic SRE SNPs show greater enrichment in the higher FST 

bins than intronic non-SRE SNPs, as shown in Figure 3 (P = 2x10-4 at 0.7 < FST ≤ 0.8 and P 

= 6x10-4 at 0.8 < FST ≤ 0.9). Furthermore, among the intronic SRE SNPs, there is an 

enrichment (significant at P = 2.05x10-11 given the large number of SNPs in the bin) for 

low FST relative to intronic non-SRE SNPs.  

The observed excess of extreme population differentiation (FST > 0.70) for the 

intronic SNPs in SRE is consistent with positive selection acting on these splicing motifs, 

but it may also result from genetic drift. To address this, we sought additional support 

from genome-wide scans of positive selection that utilize haplotype-based tests, 

namely, the integrated Haplotype Score (iHS) [480] and the Cross Population Extended 

Haplotype Homozygosity (XP-EHH) [479, 484]. The iHS quantifies the extent of extended 

haplotype homozygosity at a SNP along the ancestral allele relative to the derived allele. 

The XP-EHH test is a cross-population approach to detecting high-frequency selective 

sweeps. Both scores were standardized (μ = 0, ) for identifying outliers. 

Furthermore, we utilized the Cross Population Composite Likelihood Ratio (XP-CLR) 

[485] test, which is based on the multilocus allele frequency differentiation between 

two populations. An intronic SRE (ISE) SNP, rs2675347, located in the gene SLC24A5, 

known to be associated with natural skin control variation and previously shown to be 
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under positive selection by genome-wide scans [484], shows extreme population 

differentiation (FST = 0.71), XP-EHH (= 3) and XP-CLR (= 146). This example suggests that 

alternative splicing regulation may indeed function as a molecular mechanism of 

adaptation mediating the effect of selection in populations. We thus proceeded to 

identify intronic SRE SNPs with high degree of population differentiation that have 

independent additional support from the “long-range haplotype” methods and from the 

test for linked selection as having been the target of recent positive selection. Notably, 

among the ISE SNPs with extreme population differentiation (FST > 0.70), we identified 

outlier SNPs for XP-EHH (i.e., XP-EHH > 2 or XP-EHH < -2; Supplementary Figure 4). 

Furthermore, confirming our claim that the population-differentiated SRE SNPs contain 

loci likely to be under selection, we found that the ISE SNPs showed a thicker tail-end 

XP-CLR distribution (Supplementary Figure5) than non-SRE intronic SNPs across the 

genome. The SNP rs28777, which is located in the pigmentation gene MATP (SLC45A2) 

and has also been found to be associated with hair color[486], is an ISE SNP that shows 

extreme population differentiation between EUR and AFR (FST = 0.85) and is an outlier 

for both XP-EHH (= 3.3) and XP-CLR (= 136.4).    

We investigated the degree of population differentiation and the evidence for 

selection for the SRE SNPs that have also been identified as transcript ratio QTLs 

(trQTLs) (Figure 1) in lymphoblastoid cell lines (LCLs) using RNA-Seq data [474]. These 

QTLs alter the ratio of each transcript to the gene total and constitute significant genetic 

effects on transcript structure in this cell type. The enrichment results we report above 

for SRE SNPs (which are defined according to disruption of hexameric motifs and thus a 
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priori may preclude tissue dependence) in intronic regions hold robustly for these QTLs 

(which, in contrast, are likely to act in a tissue-specific manner). Indeed, relative to their 

non-SRE counterparts, a greater degree of enrichment for high FST (FST > 0.70) holds for 

the intronic trQTLs (P = 5.29x10-14) than for the larger set of intronic SRE SNPs (see 

above). Notably, among the subset of ISE SNPs that were also identified as trQTLs, we 

observed a slightly greater correlation (r = 0.23, P = 1.12x10-12) between FST and XP-CLR 

than found for the full set of ISE SNPs (r = 0.18). Thus, among these high-FST intronic 

trQTLs, we find robust evidence (i.e., from more than one test) for signature of 

selection.   

LOF SNPs in SREs 

Among LOF SNPs, both SRE and non-SRE SNPs are enriched for low FST (FST < 

0.05) relative to the other SNP classes (P < 2x10-16 for all comparisons), but the two 

types of LOF SNPs do not significantly (P = 0.85) differ from each other in enrichment for 

low FST. This enrichment for low population differentiation at LOF variants in splicing 

motifs (relative to other SNP classes also in splicing motifs) was observed for the rarer 

variants (Supplementary Figure 2), and this is consistent with certain splicing regulatory 

motifs around LOF variants being constrained by negative selection, although we are 

unable to detect any difference in comparison with LOF SNPs in non-SRE regions. Of 

note, although no LOF SRE SNPs attain the same level of extreme population 

differentiation as SNPs in intronic splicing motifs, the SRE LOF variants may show some 

evidence of being more likely to attain FST > 0.30 (Figure 3) than the LOF variants in the 

rest of genome (although the odds ratio was not significant likely due to the small 
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number of LOF SNPs with such FST), raising the possibility that splicing-regulatory LOF 

variants may, in some cases, be targeted by positive selection.  

SREs in synonymous sites are subject to purifying selection 

Among rare synonymous SNPs (MAF < 0.01 in EUR), SRE SNPs have a higher odds 

ratio (OR = 1.023) for low FST compared to non-SRE SNPs (although this odds ratio is not 

significant) (Figure 3). Furthermore, SRE SNPs in synonymous sites show a significantly 

greater level of pathogenicity (see below under “Pathogenicity of SRE variants”) than 

their non-SRE counterparts. Taken together, these results are consistent with greater 

purifying selection on synonymous SRE sites than on synonymous non-SRE sites, 

suggesting selective constraint on these exonic SREs to maintain their splicing function. 

Selection acting on disruption or generation of SREs 

We define the SRE-disrupting allele as the allele that destroys the SRE motif; in 

the presence of this allele, the SRE variant is expected to lose its splicing function. 

Similarly, the SRE-inducing allele is defined as the allele that generates the hexameric 

motif for the SRE. To gain further insights into the selective forces acting on splicing 

regulation and into the pattern of population differentiation observed at the SRE SNPs, 

we evaluated whether disruption or generation of the splicing motif by the derived 

allele is under selection in the various SNP classes.  

We tested SNPs in exonic splicing enhancer (ESE) and in exonic splicing silencer 

(ESS) sites (see Methods) for evidence of extreme population differentiation. We found 

no significant difference in degree of population differentiation between ESE and ESS 
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variants among loss-of-function (LOF) SNPs (P = 0.20), non-synonymous SNPs (P = 0.17), 

and synonymous SNPs (P = 0.95). Our data indicate that the disruption of ESS and 

generation of ESE in synonymous sites may be influenced by positive selection. Indeed, 

at these loci, we observed a significantly higher proportion of population-differentiated 

SNPs (FST > 0.70) (P = 8.9x10-8 and P = 9.8x10-12 for ESS disruption and ESE generation, 

respectively) in comparison to the proportion expected from matched synonymous non-

SRE SNPs. For example, the synonymous ESE SNP rs1189899 (with SRE-inducing allele 

‘A’) is highly population-differentiated, FST = 0.8, and shows extreme XP-CLR (= 52.5). 

Modeling splicing regulatory element using population differentiation, derived allele 

frequency and SNP functional class 

We modeled the probability of SNP overlap with an SRE (see Methods) using a 

logistic model. In this model, the probability of SRE overlap resulted from the 

combination of genome-wide (e.g., population-level effects or global effects on the SNP 

functional class) as well as locus-specific effects. For intronic SNPs, the significant 

positive effect (P = 0.04) of FST on SRE annotation (using the derived allele frequency 

(DAF) as covariate) is consistent with our earlier observation of increased population 

differentiation for intronic SNPs in splicing motifs (relative to non-SRE SNPs). Other 

functional classes of SRE SNPs were not significant for higher FST under this model.  

Pathogenicity of SRE variants 

We conducted a comparison of the SRE and non-SRE SNPs using the Combined 

Annotation-Dependent Depletion (CADD) [487] method. The C-score provides a metric 
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of deleteriousness (of a SNP) that integrates diverse annotations and is correlated with 

pathogenicity, disease severity, and experimentally measured regulatory effects. Figure 

4A and 4B illustrate the comparison of the C-score between SRE and non-SRE SNPs in 

the various SNP classes. SRE SNPs have higher C-scores than non-SRE SNPs among 

coding variants. Intronic SNPs in general tend to have lower C-scores than other SNP 

classes. On closer inspection, we found outliers with high C-score (defined as C-score > 

10) at non-SRE SNPs. In particular, 35 and 5 of these were intronic and synonymous 

SNPs respectively and, intriguingly, were much closer to the nearest splice junction than 

expected (Figure 4C and 4D). Removing these outliers robustly supports a significantly 

higher C-score for SRE SNPs than non-SRE SNPs for intronic (P = 0.0059) and 

synonymous (P < 2.2x10-16) SNPs. 
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Figure 4. Pathogenicity of SRE SNPs in each SNP class. We used the C-score calculated 
from the Combined Annotation-Dependent Depletion method. (a) Distribution of C-
score for SRE SNPs in each SNP class. (b) Distribution of C-score for non-SRE SNPs in 
each SNP class. (c) Thirty-four outliers with high C-score (defined as C-score > 10) at 
intronic non-SRE SNPs have shorter distance to the nearest splice junction than 
expected. (d) Four outliers with high C-score (defined as C-score > 10) at synonymous 
non-SRE SNPs have shorter distance to the nearest splice junction than expected. P-
values shown are those obtained after excluding the outlier SNPs. 

 

SRE SNPs are found among top disease associations identified by genome-wide 

association studies 

To determine whether the SRE annotation is useful for identifying disease-

associated variants, we evaluated the GWAS of 7 complex disorders from the Wellcome 

Trust Case Control Consortium (WTCCC). We found SRE SNPs among the very top 
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associations with some WTCCC disease phenotypes, including those meeting genome-

wide significance (Bonferroni-adjusted P < 0.05) (Figure 5). Indeed, SRE SNPs were 

among the most significant associations not only in the autoimmune disorders (such as 

previously shown using eQTL mapping in lymphoblastoid cells and whole blood) [15, 30] 

but also, intriguingly (because our definition of SRE is, initially, non-tissue-dependent), in 

type 2 diabetes (a disease which implicates multiple tissues, including beta cells and 

insulin-responsive peripheral tissues such as adipose, muscle and liver). For the 

autoimmune disorders and type 2 diabetes, SRE SNPs were substantially more enriched 

for low p-values than non-SRE SNPs (Kolmogorov-Smirnov test p < 0.05). These results 

suggest that studies on the genetic basis of splicing may be particularly useful for finding 

complex disease associations, and we highlight some examples of population-

differentiated GWAS loci, the impact of alternative splicing on the resulting protein 

domain, and the evidence for selection. 
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Figure 5. SRE SNPs were found among the top disease associations with the WTCCC 
disease traits. Several genome-wide significant (Bonferroni-adjusted p < 0.05) 
associations with disease traits were found to be SRE SNPs. The Q-Q plots show the 
distribution of SRE p-values for association with the disease phenotypes. 

 

Case studies of population-differentiated SRE SNPs 

Pharmacogenetic Variant:  rs2239121 in CACNA1C (FST = 0.43 AFR-EUR, 0.23 AFR-ASN, 

0.05 ASN-EUR) 

The variants rs2239121 and rs216013, located in the pharmacogenetic (“VIP”) 

gene CACNA1C, have the C/T and A/G alleles, respectively. The derived T allele at 

rs2239121 and the A allele at rs216013 are the SRE-disrupting allele. The SNPs are in 
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strong LD (r2 = 0.868 in EUR) and rs216013 has been found to be associated with 

warfarin maintenance dose in patients of European descent [488]. As shown in Figure 

6A, rs2239121 is population-differentiated, but the reported variant rs216013 is not. 

The normalized XP-EHH score for rs2239121 is 2.3 (i.e., at the 98.9 percentile genome-

wide). The frequency of the T (i.e., SRE-disrupting) allele at rs2239121 varies with the 

continental population (with the frequency lowest in AFR, intermediate in EUR, and 

highest in the ASN) (Figure 6C). The difference in derived allele frequency between EUR 

and AFR is ~ 0.50. Interestingly, the rs2239121 T allele and the rs216013 A allele, which 

is the allele that generates the hexameric splicing motif rather than disrupts the SRE, are 

frequently (0.689) found on a single haplotype in the Asian HapMap populations 

(CHB/JPT) (HapMap version 2, HaploView [489]) (Figure 6B). Moreover, there is putative 

exon skipping adjacent to these SRE SNPs, and this skipped exon is a part of the region 

encoding a voltage-dependent L-type calcium channel subunit alpha-1C domain 

(VDCCAlpha1) in CACNA1C (Figure 6C).  
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Figure 6. Pharmacogenetic variant rs2239121 in CACNA1C.  (a) Geographical 
distribution of allele frequency of the SRE-disrupting allele T.  rs2239121 is highly 
differentiated between the AFR and EUR population, but rs216013 is not differentiated 
among populations. (b) Linkage disequilibrium and haplotype analysis for rs2239121 and 
rs216013. (c) Model of exon skipping affected by rs2239121 and rs216013 in intronic 
splicing enhancer and impact of the skipped exon on protein domain region. 

 

Disease Susceptibility Locus: rs4506565 in TCF7L2(FST = 0.436 AFR-ASN, 0.243 ASN-EUR, 

0.029 AFR-EUR) 

The SNP rs4506565 is a T/A variant with T the ancestral allele. As shown in Figure 

7, the T allele frequency shows population variation, tracking the continental groups 

with frequency highest in ASN, intermediate in EUR, and lowest in AFR. The difference in 

derived allele frequency between ASN and AFR is 0.43. The normalized XP-EHH score 

(between CHB and YRI) is 2.20 (i.e., at the 98.6 percentile genome-wide). The T allele is 

predicted to be the SRE-disrupting allele and is known to confer risk to type 2 diabetes 
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[490, 491]. Furthermore, there is strong evidence of exon skipping adjacent to this SRE 

SNP with important consequence for protein function. The putatively skipped exon is 

part of the region translated into a CTNNB1-binding domain [492, 493] (Figure 7C). 

TCF7L2 is a transcription factor and a cancer-related gene [494-496]. 

 

  

Figure 7. Disease susceptibility variant rs4506565 in TCF7L2. (a) Significant association 
with Type 2 Diabetes. (b) rs4506565 is highly differentiated among populations and 
shows the highest FST = 0.43 between AFR and ASN populations. (c) Model of exon 
skipping affected by rs4506565 in intronic splicing enhancer and impact of the skipped 
exon on protein domain region. 

 

Selection at SRE sites conditional on background selection: sensitivity analysis 
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We evaluated the effect of “background selection” [497-499] on our enrichment 

analyses for extreme population differentiation. Background selection induces the 

purging of non-deleterious alleles by virtue of physical proximity to deleterious alleles. 

Variants from the various SNP classes that overlap SREs show different patterns of 

background selection (Supplementary Figure 7). Low values of background selection 

indicate near complete reduction in nucleotide diversity and high values indicate a small 

reduction. In our enrichment analyses, we sought to account for any reduction in 

nucleotide diversity at a neutral site attributable to purifying selection at a nearby locus. 

We defined a “Cochran-Mantel-Haenzel” procedure (see Methods) from “strata” of 

background selection on the genome, setting up a series of 2x2 contingency tests (on 

the independence of high FST and the SRE designation) and computing a “common odds 

ratio” (from the individual odds ratios across the strata) that provides a quantification of 

the association that has been adjusted for the potential confounding effect of 

background selection. In introns, SRE SNPs show a significantly greater amount of 

reduction in diversity than non-SRE SNPs (P < 2.2x10-16). We found that the enrichment 

of high-FST SNPs observed, in intronic regions, among SRE SNPs relative to non-SRE SNPs 

held robustly (P = 1.8x10-4, common OR = 1.2) after accounting for background selection 

(see Methods). Indeed, the use of the Cochran-Mantel-Haenzel procedure appears to 

result in improved power for detecting the greater effect of selection on SRE SNPs 

relative to non-SRE SNPs. We also found that without explicitly accounting for 

background selection, we may get an inflated estimate of odds ratio (e.g., for 0.8 < FST ≤ 

0.9, OR = 1.42, in introns) that does not reflect the odds ratio in the individual strata. 
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Discussion 

 We performed a whole-genome scan of genetic variants in splicing regulatory 

elements with high differentiation between populations. We hypothesized that variants 

associated with alternative splicing in regulatory elements may present candidate loci 

for signatures of selection. We investigated the pathogenicity of SRE variants as well as 

tested for signatures of selection at these loci using multiple approaches, such as those 

that consider haplotype diversity and structure as well as multi-locus differentiation. 

We found that SRE SNPs are enriched for disease-associated variants. Different 

SNP classes, defined with respect to physical location or type of amino acid change, 

among the SRE variants were found to have different patterns of population 

differentiation relative to their non-SRE counterparts. An analysis of the overlap of 

intronic SRE SNPs (which show significant enrichment for high population differentiation 

relative to the remaining [non-SRE] intronic SNPs) with those identified by high-

throughput sequencing of the transcriptome [474] as transcript ratio QTLs 

demonstrated an even more significant enrichment, suggesting that the use of context 

annotation (e.g., tissue) for regulatory variation may well improve detection of signature 

of selection. Although LOF variants in splicing motifs are enriched for low population 

differentiation and low frequency alleles relative to other SNP classes, consistent with 

the effect of purifying selection, we also observed some evidence of enrichment for 

population-differentiated SNPs relative to LOF non-SRE SNPs (although a more robust 

test is required due to the small number of population-differentiated LOF variants 
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overall), suggesting that some of these splicing-associated variants may well have 

contributed to local adaptation in human populations.  

The observed excess of extreme population differentiation at intronic SRE SNPs 

is consistent with recent positive selection on some of these loci, on the basis of 

haplotype-based tests (iHS and XP-EHH). A well-known example of such a gene under 

positive selection (namely, SLC24A5, a member of the potassium-dependent 

sodium/calcium exchanger family that has been shown to be involved in skin 

pigmentation) was, in our data, implicated by a positively selected SRE variant. We 

implemented a Cochran-Mantel-Haenzel estimator of the effect of positive selection to 

account for “background selection” [497, 500] and observed a highly robust enrichment 

for population-differentiated SNPs among the intronic SRE SNPs. This approach also 

allowed us to quantify potential inflation in the effect of selection on these variants that 

is actually due to background selection. In short, we found support for splicing 

regulation as a molecular mechanism that may mediate the effect of selection; the SRE 

variants should therefore provide, for future studies, candidate loci potentially targeted 

by selection.  

To gain further insight into the functional role of the SRE SNPs, we performed a 

comparison of the pathogenicity of these variants relative to their non-SRE counterparts 

through a recently proposed metric [487] that combines multiple annotations. We 

found a significant difference in C-score between SRE and non-SRE variants in all coding 

SNP classes examined, suggesting the utility of the SRE annotation for detecting 
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pathogenicity. Interestingly, the non-SRE variants with the highest C-score were found 

to be significantly closer to the nearest the splice junction than expected. 

Regulatory variation is likely to be an important source of human phenotypic 

diversity, including variation in disease risk. Yet, relatively little is known about the 

adaptive significance of regulatory variation (relative to coding changes in the genome), 

and even less is known about the relative contribution of regulatory and coding 

variation. The approach we used here – testing splicing-associated variation within each 

coding SNP class – enabled us to explore to what extent SREs are potential targets of 

positive selection and to what degree purifying selection has constrained patterns of 

variation at these regulatory loci, independently of any selective effects on the 

particular coding SNP class. We have shown that splicing regulatory elements are 

important contributors to differentiation between populations and that regulation of 

transcript diversity through splicing in some key genes may be under selection.  

Recent studies have contributed to the characterization of transcriptome 

variation, mostly understood as the measurement of the diversity of transcripts and 

differences in gene expression across tissues and cell types, or between diseased tissues 

and healthy ones [79, 501]. Furthermore, some studies have investigated expression 

variability between human populations [502, 503]. Genotype-dependent expression of a 

specific exon or transcript isoform ratio is important information for understanding the 

phenotypic effects of splicing [504, 505]. To extend studies of transcriptome variability 

in human populations, our study evaluated the extent to which regulatory SNPs present 

in the entire splicing machinery show evidence for selection, demonstrating that SRE 
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SNPs may be an important contributor to human population divergence. These 

sequence variations in SREs exert their regulatory (and downstream phenotypic effects) 

by potentially disrupting or activating the function of the regulatory motifs. Skipped 

exons from this regulatory process may lead to different versions of a protein suited to 

specific environments. Although our analyses are restricted to the most prevalent form 

of AS event – exon skipping – and single substitutions in SREs (versus more complex 

disruptions), a primary contribution of this work is to present a methodology that 

uncovers evidence for selection at loci enriched for  regulatory function in the genome 

and demonstrates their relevance for diseases and pharmacologic phenotypes that have 

been investigated by genome-wide association and sequencing studies. This study also 

contributes to the understanding of the complex molecular processes underlying 

phenotypic differences in human populations. Disruptions in SREs may cause errors in 

RNA splicing or its regulation, providing functional characterization for loci that have 

been reported for a variety of heritable human diseases [465]. Furthermore, our study 

has implications for pharmacogenomics in diverse human populations (i.e., 

pharmacoethnicity) and for precision medicine [35, 506], enabling studies of 

differences, for example, in drug metabolism [507-509] or resistance to 

chemotherapeutic agents [34, 510, 511].  We anticipate that the annotation and 

methodology provided here will be useful for characterizing the genetic basis of disease 

risk and therapeutic response. 
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Materials and Methods 

Identifying SNPs within SRE sites associated with exon skipping events  

We have previously published methods for identifying intronic SNPS within SRE 

sites associated with exon skipping events [512]. For this study, we used 2,130,021 

intronic SNPS within SRE sites from an updated version of dbSNP137 and the human 

genome build GRCh37. Coding SNPs were classified functionally following TGP’s 

annotation (here, called “SNP classes”): “synonymous”, “non-synonymous”, and “loss-

of-function”. To identify coding SNPs in ESE or ESS sites, we carried out the same 

procedures previously described, in our recent study, for ISE SNP identification [512], 

this time using 979 ESE [453] and 496 ESS hexamers [513] derived from a neighborhood 

inference algorithm. Briefly, the sequence context around a coding variant (5 bases 

upstream and downstream) was extracted using the twoBitToFa command 

(https://genome.ucsc.edu/goldenPath/help/twoBit.html). From this 11-base sequence, 

we identified all possible 6-mer motifs that include the coding variant by taking a 6-base 

long window with the SNP in the last position and successively shifting until the SNP is in 

the first position. A coding SNP was considered an ESE or ESS SNP when the sequence of 

the exonic hexamers surrounding the coding SNP exactly matched one of the ESE/ESS 

motifs. For the predicted ESE/ESS SNPs, using the genomic coordinates of AS transcript 

isoforms, we confirmed that the exon embedding the given coding SNP is skipped; this 

analysis identified 129,177 ESE/ESS SNPs.  



381 
 We also overlapped the SRE SNPs with the transcript ratio QTLs (trQTLs) 

identified in LCL RNA-Seq data [474]. In analyses of population differentiation, we used 

these trQTLs detected in the CEU population at FDR < 0.10.  

Testing SRE SNPs in genome-wide association studies 

We tested whether our SRE annotation would enable the identification of 

disease associations with improved false discovery rate. Towards this end, we generated 

a Q-Q plot for each WTCCC disease (bipolar disorder [BD], coronary artery disease 

[CAD], hypertension [HT], type 1 diabetes [T1D], type 2 diabetes [T2D], crohn’s disease 

[CD], rheumatoid arthritis [RA]) using the association p-values of the SRE SNPs. A 

leftward shift from the diagonal line would indicate a departure of the observed 

distribution from the uniform distribution. We also identified the SREs among the 

genome-wide significant disease associations (Bonferroni-adjusted p < 0.05). 

Estimating population differentiation  

FST, the fixation index, is a measure of population differentiation. For FST 

estimation between populations, we downloaded genotype data for the 4 “super” 

populations from the 1000 Genomes Project: 1) AFR (the merge of the African 

subpopulations of ASW, YRI, and LWK), 2) EUR (the merge of the European 

subpopulations of IBS, CEU, GBR, FIN, and TSI), 3) ASN (the merge of the East Asian 

subpopulations of CHS, JPT, and CHB). FST was calculated for each SNP using the allele 

frequencies estimated from the unrelated individuals for the populations under 

comparison. We used the Weir and Cockerham (unbiased) estimator for FST [514]: 
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where 

 

      

     

Here, MSP and MSG denote two mean square errors (for between populations and for 

loci within populations, respectively) [476], ni is sample size in population i, r is the 

number of populations, pi is frequency of the given allele in population i, and p is the 

average frequency of the allele across all populations.  

Assigning allele with derived or ancestral status  

We compiled the SNPAncestralAllele.bcp and Allele.bcp data downloaded from 

the dbSNP FTP site. The ancestral allele and derived allele annotations were derived 

from comparison of human DNA to chimpanzee DNA based on a previously published 

method [515]. 

Calculating SNP allele frequencies 

We used the allele frequency information from each of the four populations: 

AFR, AMR, ASN, ad EUR from TGP.  

Annotating genetic variation with C-score 
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We utilized the publicly available data on C-score (v1.0) of human genetic 

variation, which is an integrative measure of functionality and pathogenicity, to 

annotate SRE and non-SRE SNPs. We did a non-parametric (Wilcoxon) comparison of the 

SRE and non-SRE SNPs in each of the SNP classes. 

Assessing statistical significance  

For each functional SNP class, we used the Mann-Whitney U test to compare the 

SRE SNPs and non-SRE SNPs for enrichment for low FST as well as for high FST, the 

derived allele frequency between the SRE SNPs and genomic background (defined using 

all derived alleles in dbSNP) and the C-score between the SRE SNPs and non-SRE SNPs. 

We also investigated the degree of population differentiation among the trQTLs 

identified in LCL RNA-Seq data [474].  

For each SNP class, we calculated the odds ratio  as follows: 

 

Here F is an FST bin (such as in an FST bin-matched comparison of SRE and non-SRE SNPs) 

or a flag for extreme FST (either FST > 0.70 or FST < 0.05), S is a SNP set (SRE SNPs in a 

given SNP class) and  is the complement set in the SNP class.  is the probability 

of F given S.  

We also considered the odds ratio , which conditions on the derived 

allele frequency D (calculated using the EUR samples); this is defined as in  with 
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the conditional probability  replaced by . For example, in the case of 

low FST SNPs in a fixed SNP class, this odds ratio would allow us to test whether the 

larger proportion of SNPs with low population differentiation among SRE SNPs relative 

to non-SRE SNPs holds for those SNPs with low DAF.  

A p-value was generated for these comparisons using the derived 2x2 

contingency table. 

For these statistical analyses, the R package (http:// http://www.r-project.org/) 

was used.  

Background selection 

We tested for enrichment of population-differentiated SNPs among the SRE 

SNPs. However, such enrichment analysis is subject to the potentially confounding 

effect of background selection, which reduces nucleotide diversity at a neutral site as a 

result of purifying selection at an adjacent site. We therefore evaluated the robustness 

of the results from the enrichment analyses by taking into account the effect of 

background selection [516]. We assigned background selection coefficients to the TGP 

SNPs by mapping the genomic positions to the genomic segments and the 

corresponding background selection coefficients on these segments, as generated by 

McVicker et al. [516], Hg18 coordinates of the genomic segments in the original data 

were mapped to their corresponding Hg19 coordinates. 

For analyses involving population-differentiated SNPs (e.g., FST > 0.70), we also 

considered the odds ratio , defined as in the section above, using the 
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probabilities  and , where B is the measure of background 

selection.  

Background selection coefficients or B-values (defined on a scale of 1-1000) were 

binned, with each bin of width 100; TGP SNPs were assigned to these bins.   

Furthermore, for a given SNP class, we calculated the following “Cochran-

Mantel-Haenzel” estimator, which adjusts for the effect of background selection:

 

Here N( ) is the count function, F and  are the values of a binary indicator of high 

population differentiation, and  is the count in the -stratum (i.e., the k-th 

background selection-defined bin):  

  

 

 is, in effect, a “common odds ratio” defined from the estimates of odds 

ratios in the various strata. The global null hypothesis, in the Cochran-Mantel-Haenzel 

test, is equivalent to each odds ratio (from a stratum) being equal to 1: 

  H0: for all k. 

This approach also provides a way to quantify the inflation, due to background 

selection, in the estimated effect of selection on the variants within a given SNP class. 
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Modeling the SRE overlap 

We modeled the probability of SRE overlap in the various SNP functional classes. 

For a (genic) SNP i in a given SNP class, we modeled pi, the probability of SRE overlap, as 

follows:  

  

where D is the derived allele frequency, F is the FST , and B is the background selection 

value (B-value). A test for a positive  provides a test for the positive effect of FST on 

SRE designation. We also evaluated this model empirically in each SNP class by testing 

for enrichment of high-FST SNPs among the SRE SNPs after conditioning on the DAF and 

B-value as well as the number of SRE SNPs tested. B-values and DAF (calculated from 

EUR) were binned (of width 100 and 0.05, respectively), and 1000 null sets were 

generated that match the B-value and DAF of the SRE SNPs. P-value was calculated as 

the proportion of null sets that matched or exceeded the observed number of high-FST 

SNPs among the SRE SNPs.  can be seen as a genome-wide (global) effect (such as 

due, in part, to demographic processes) whereas ,  and  are locus-specific 

(capturing the effects of the derived allele frequency, the population differentiation 

index and background selection respectively on SRE annotation). 

iHS, XP-EHH and XP-CLR 

 We annotated the population-differentiated SNPs (FST > 0.70) with the results 

from tests of selection using haplotype-based methods, namely, the integrated 
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Haplotype Score (iHS) [480] and the Cross Population Extended Haplotype 

Homozygosity (XP-EHH) [484], and using an approach that considers the multilocus 

frequency differentiation between populations, namely, the Cross Population 

Composite Likelihood Ratio (XP-CLR) test [485].  

The iHS is defined as the log-transformed ratio of the integrated extended 

haplotype homozygosity (EHH) score for the ancestral allele-containing haplotypes to 

that for the derived allele containing-haplotypes in a given population: 

 

The iHS is standardized to the standard normal distribution . Those SRE SNPs with 

 were highlighted. XP-EHH assumes two populations (P1 and P2) and  is 

defined, for a given allele, as the log-transformed ratio of the EHH score in population 1 

to that in population 2: 

 

Again, XP-EHH is standardized to . The comparison between the ancestral allele- 

and derived allele- containing haplotypes in the same population as defined in iHS 

ensures the same genomic context whereas the comparison between two populations 

in XP-EHH controls for local variation in recombination rates. 
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 For XP-CLR, the allele frequencies at a neutral SNP in the two populations P1 and 

P2 are modeled by a (time-reversible) Wiener process from a shared ancestral allele 

frequency : 

 

Here  is meant to capture the population histories from the ancestral population to 

the present. For SNPs linked to a beneficial allele that has undergone selective sweep in 

one population, a composite likelihood ratio (CLR) is defined at k contiguous markers: 

 

where  is the marginal likelihood at the k-th SNP. A likelihood ratio statistic is then 

defined. 

 We used a simple consensus approach whereby the FST was used as a classifier 

for selection along with one or more of these tests of selection to identify robust 

signatures. One can apply ensemble methods (e.g., a weighted vote of the individual 

classifiers) to refine the approach. Another approach is to consider the composite 

likelihood at a variant  using the probability density of the cross-population metrics:  

   

We note that the use of the true likelihood may be problematic given the pairwise 

correlations of these signatures. The exponents in the composite likelihood are suitable 

weights to account for the correlations. 
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This method provides robust confirmation of candidate SRE SNPs identified by an 

FST–based approach as likely to be subject to positive selection.  

 

The Supplementary Material can be downloaded from 
http://www.scandb.org/newinterface/SuppMaterialVol.zip 
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Abstract 

Variation in the activity of genes involved in drug absorption, disposition, and 

pharmacologic action (“pharmacogenes”) can affect drug response and toxicity, 

especially in tissues of pharmacological importance such as the liver, kidney, heart, and 

adipose tissue. The goal of this study was to provide insights into the expression levels 

and alternative splicing of these pharmacogenes across four tissues and lymphoblastoid 

cell lines, which are widely used in pharmacogenomics studies. Using RNA-seq data 

derived from a total of 138 samples from different individuals across the 5 tissue and 

cell types of interest, we found that the pharmacogenes showed substantial variation in 

both expression levels and splicing. This in-depth exploration of multiple samples and 

tissue types also revealed 183 previously non-annotated splicing events in 

pharmacogenes.  Overall, this study serves as a rich resource for the research 

community to inform biomarker and drug target discovery and validation.
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Introduction 

Variation in the expression levels and splicing of drug metabolizing enzymes, 

transporters, and targets, such as receptors and ion channels, has been associated with 

inter-individual differences in optimal drug dose, drug efficacy, and adverse drug events 

[517, 518].   Thus, a comprehensive study of variation in the transcriptome profiles of 

pharmacologically relevant tissues promises to yield important insights into the 

molecular basis of variation in drug response.  Technological advances in quantifying the 

transcriptome (through hybridization or sequencing-based platforms) and the rapid 

development of high-throughput screening methodologies have led to the identification 

and characterization of many biomarkers of drug response [519, 520].  These 

innovations have transformed the way we design and analyze pharmacogenomics 

studies.   

Transcriptome sequencing, or RNA-Seq, is facilitating analyses at the transcript 

level with an unprecedented resolution. As the technology has developed, longer reads 

and higher throughput have allowed for detailed evaluation of whole transcriptomes 

across many samples [521]. Analytical approaches have emerged, including 

Cufflinks[522] and DESeq [523] for gene expression analysis and DEXSeq[524] and 

JuncBASE[525] for splicing events analysis. However the use of next-generation 

sequencing technology for pharmacogenomics research has been limited [520, 526].  

Although community-wide efforts such as GTEx[404] are facilitating studies of 

expression quantitative trait loci (eQTLs), there has not been an application of RNA-Seq 
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in large sample sets in diverse human tissues with a focus on genes involved in drug 

disposition.   

In pharmacogenomics, polymorphisms that affect expression levels or result in 

alternative splicing of drug metabolizing enzymes are known to have large effects on 

drug disposition and response.  For example, UGT1A1*28 (rs8175347), with seven 

thymine-adenine [105] repeats in promoter region, leads to reduced transcription rates 

of this enzyme and profound toxicity in patients receiving the topoisomerase inhibitor, 

irinotecan[527, 528].  Likewise, alternative splicing of CYP2D6 occurs frequently in 

human populations and is responsible for reduced activity of the enzyme[529].  Given 

these large and clinically important effects in drug metabolizing enzymes, a systematic 

study of the transcriptome with a focus on pharmacogenes in the liver and other tissues 

of pharmacologic importance is clearly needed. While several research groups have 

performed transcriptome profiling and alternative splicing events analysis in human cell 

lines and tissues[530-532], these studies are limited to single-tissue types or use pooled 

samples from multiple individuals.  Thus, information about inter-individual variation in 

gene expression and splicing from a given tissue type or inter-tissue variation is limited, 

despite the value of such studies for identifying biomarkers for differential drug 

response or toxicity. 

Given these limitations, the Pharmacogenomics Research Network (PGRN) 

initiated a transcriptome sequencing project to catalog variation in gene expression and 

splicing across individuals in tissues and genes of pharmacologic importance. Tissues 

studied include liver, a key organ for drug metabolism [533, 534], kidney, the site of 
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excretion of many drugs [535], and heart and adipose tissue, where pharmacogenes can 

affect local drug distribution and action [536]. Lymphoblastoid cell lines were also 

included, as they have been widely used as a cell-based model for a variety of 

pharmacogenomics studies [537-539]. In this article, we characterize the variability in 

the expression and splicing of pharmacogenes across individuals and between tissue 

types in four human tissues and lymphoblastoid cell lines, and identify novel alternative 

splicing events in these samples. Further, we provide this information for community 

use, including both expression and splicing profiles across 138 individuals.  This resource 

will be valuable for future pharmacogenomics studies as both a discovery and validation 

platform. 
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Materials and Methods 

Selection of Protein Coding Genes and Pharmacogenes 

Protein coding genes were defined as those with a start codon in the 

Gencodev12 annotation. A subset of these was defined as pharmacogenes. Our list of 

389 pharmacogenes was compiled from PharmGKB[540], a curated knowledgebase 

about the impact of genetic variation on drug response, PharmaADME[541], U.S. Food 

and Drug Administration (FDA) Pharmacogenomics Biomarkers[542] and the 

literature[537, 543-546]. It includes enzymes (160), transporters (84), ion-channels (15), 

receptors (27), nuclear receptors and other transcription factors (24), and other genes 

including G-protein coupled receptors (22) that are gene targets that play an important 

role in drug disposition, response, or toxicity (79) (Supplemental Table S1). Genes that 

are annotated in at least two of these resources or publications were selected as 

pharmacogenes.   

Tissues Collection, RNA Isolation, and Preparation of RNA-sequencing Library 

Tissue from 24 liver, 19 kidney (cortex), 25 heart (left ventricle), 25 adipose 

(subcutaneous) samples, and 45 lymphoblastoid cell lines (LCLs) were obtained from 

PGRN research groups: the Pharmacogenomics of Anticancer Agents Research in 

Children (PAAR4Kids) provided liver tissues, Pharmacogenomics of Membrane 

Transporters (PMT) provided kidney samples, Pharmacogenomics and Risk of 

Cardiovascular Disease (PARC) provided adipose tissue and lymphoblastoid cell lines, 

and Pharmacogenomics of Arrhythmia Therapy (PAT) provided heart tissue. Further 
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details regarding tissue sources and methods for RNA isolation are provided in the 

Supplemental Methods. Demographic information on the samples is described in 

Supplementary Table S2. RNA integrity number (RIN) was quantified by Bioanalyzer 

(Agilent), and only samples with RIN scores  6.0 were used for library preparation. 

RNA-seq libraries from liver, kidney, adipose, and heart samples were prepared 

and sequenced at the Baylor College of Medicine Human Genome Sequencing Center 

(BCM-HGSC). RNA-seq libraries from LCLs were prepared at Covance Inc. (New Jersey) 

and sequenced at the University of Washington Northwest Genomics Center. The 

protocols for RNA isolation are detailed in the Supplemental Methods. 

Alignment and Transcriptome Analysis 

Raw reads were mapped to the human genome sequence (hg19)[547] using 

Tophat v2.0.6[548]. Duplicate reads were removed with Picard Tools, and post-

alignment QC metrics calculated with RNA-SeQC[549].Further details regarding quality 

control measures applied to this dataset can be found in Supplemental Methods. 

Transcript structure assembly was performed with Cufflinks (v.2.0.2)[522] on 

each sample for each tissue type. The Gencode v12 annotation[105] was used as a 

reference to guide assembly (--GTF-guide). To control for differing sequencing depths of 

samples between cell types, and the variable number of samples analyzed for each cell 

type, gene expression analysis was performed on a subset of the data – 20 million reads 

per sample and 18 samples per tissue type. Gene expression values (in Fragments per 
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Kilobase of Exon Mapped, FPKM) were calculated by summing per-isoform FPKM values 

generated by Cuffdiff (v2.2.1)[522] for each sample or by tissue type.  

To discover non-annotated splice events and analyze differential splicing, the 

subsampled reads were run through the JuncBASE[525] pipeline. JuncBASE uses junction 

reads from an RNA-Seq experiment to calculate inclusion and exclusion of individual 

splicing events.   

Further details regarding transcriptome assembly, subsampling, gene expression 

calculation, and differential expression analysis are included in the supplemental 

methods. 

Validation of exon junctions and PSI estimates 

To validate selected previously non-annotated events, we created primers 

specific to the novel event and looked for amplification by PCR using pooled liver cDNA. 

(Supplemental Figure S1A) To validate the PSI estimates derived from RNA-seq, PSI 

values for two common and previously annotated splice variants in HMGCR13[105] and 

LDLR4[105], were quantified in LCLs (n=39) from the same RNA that was used to 

prepare the RNA-seq libraries by qPCR. The PSI values for these two events in LCLs 

calculated by qPCR and RNA-seq were positively correlated (Supplemental Figure S1B).  

Further details regarding validation procedures can be found in the 

Supplemental Methods.  
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Results 

The Pharmacogenomics Research Network RNA-Seq Project 

 

  

 

Figure 1: Overview of the Pharmacogenomics Research Network RNA-Seq project. 1. 
389 “pharmacogenes” were selected representing genes that play a key role in drug 
disposition. 2.  RNA from multiple samples for human liver, heart, kidney, adipose 
tissue, and lymphoblastoid cell lines was collected. 3. cDNA libraries were prepared 
from these samples and sequenced using a HiSeq 2000. 4. Rigorous pre- and post- 
alignment quality control procedures were applied to the data. 5. Finally, gene 
expression was quantified and splicing events identified for the pharmacogenes across 
samples and tissue types. This information is provided as a resource to the 
pharmacogenomics community. 

 

The Pharmacogenomics Research Network (PGRN) RNA-Seq project was 

designed to provide in-depth investigation of the transcriptomes of pharmacologically 
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relevant human tissues with a focus on genes of particular interest to the 

pharmacogenomics community (Figure 1). In order to study inter-individual variability in 

expression and splicing of pharmacogenes, we generated transcriptome data from 24 

liver, 19 kidney, 25 heart, and 25 adipose samples and 45 LCLs (Supplemental Table S2). 

For each sample, 100bp reads were mapped to the human genome [548], resulting in 

11-91 million mapped reads per sample. To control for this substantial difference in 

sequencing depth and sample number between tissues, 18 samples (subsampled down 

to 20 million reads/sample) for each tissue were selected for further expression and 

splicing analyses, resulting in a total of 90 samples. Gene expression and splicing results 

can be downloaded at (http://pharmacogenetics.ucsf.edu/rnaseq). 

Global transcriptome analysis 

Across the samples, 56% of all genes were expressed with FPKM ≥1 in at least 

one individual (Supplemental Table S3A). Of these expressed genes, 70% (7,845) were 

expressed with FPKM ≥1 in all 90 individuals. A small number (~2%) of protein coding 

genes were completely undetectable in our dataset.  

We saw evidence for alternative splicing for 35,722 events in 13,833 genes 

(multiple junction sets with percent spliced in (PSI) ≥5 and ≥1 read/100bp). We also 

observed 4,192 non-annotated junction sets supported by the fairly restrictive read 

coverage threshold of 5 reads/100bp and present with PSI ≥5 in at least one sample 

(Supplementary Figure S2A); less conservatively, 20,128 non-annotated junction sets 

have read coverage of at least 1/100bp (Supplemental Figure S2B). 
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The total number of junction sets that we observed with at least 5 reads/100bp 

depends on the number of samples counted, especially for fewer than 10 samples 

(Supplementary Figure S3A), revealing the variability of splicing among individuals. With 

only one sample, we would see as little as 60% of the junction sets we can see with 18 

samples. However, with 18 samples per tissue type we are able to see around 95% of 

the junction sets we would see if we used all the samples and believe that we are 

approaching the maximum number of junction sets possible with a library depth of 20 

million reads. As expected, the ability to see junction sets also depends on read depth. 

We tested four subsampling depths (10, 20, 30, and 40 million reads) and looking only at 

sets reported for all four depths, we see that we lose 22-34% of junction sets for a given 

sample (e.g. LCLs and kidney in Supplementary Figure S3B, C) at 20 million reads 

compared to 40 million reads.  

Analysis of pharmacogene gene expression 

Focusing now on the expression and splicing profiles of genes of pharmacological 

interest (pharmacogenes), we found that 161 pharmacogenes were expressed at FPKM 

≥1 in at least one sample in all five tissue types in our data set and 188-320 

pharmacogenes were expressed at FPKM ≥1 in at least one sample in any given sample 

type (Supplemental Table S3B). Across all sample types, we observed subsets of 

pharmacogenes that showed similar patterns of expression (k-means clustering of 389 

pharmacogenes, Figure 2A). For example, several pharmacogenes were highly expressed 

across all tissues and LCLs (Figure 2B); these include genes with general cellular 

functions. 
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Figure 2: (A) Heatmap of pharmacogene expression (FPKM) across 90 samples. 
Pharmacogenes are grouped by clusters identified by K-means clustering; clusters are 
indicated by colors along the left side of the heatmap Selected clusters show (B) genes 
highly expressed across all samples or genes expressed at higher levels in (C) liver, (D) 
kidney, or (E) heart.  

 

Pharmacogenes overall tended to be more highly expressed in liver compared to 

the other tissues (Supplemental Table S3B, Supplemental Figure S4). Many xenobiotic 

metabolizing enzymes and transporters were highly and specifically expressed in the 

liver (Figure 2C, Supplemental Table S4A). In addition, pharmacogene expression levels 

in the liver varied greatly among individuals. For example, a number of CYP genes vary in 

liver expression by over 100-fold between individuals, including CYP1A2, CYP2A6 

CYP2B6, and CYP3A4 (Figure 3).  

The kidney is the major organ for secretion and reabsorption of endogenous 

metabolites, chemical carcinogens, environmental toxins and many therapeutic drugs. 

Pharmacogenes expressed at higher abundance in the kidney compared to the other 

tissues and LCLs include enzymes such as ABP1 and FMO1 and a number of solute 

carrier transporters (SLC) (Figure 2D), which play important roles in drug secretion or 

reabsorption[550]. Expression levels of several SLC transporters varied almost 1000-fold 

between individuals (Figure 3).   

In addition to drug metabolizing enzymes and transporters, the list of 

pharmacogenes includes 119 genes that are currently drug targets or are under clinical 

development as potential targets for various diseases[551]. These drug target genes 

may be expressed abundantly in tissues not primarily involved in drug disposition. For 
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example, a small number of pharmacogenes were highly expressed solely in the heart 

(Figure 2E); these genes are all involved with cardiac contractility and include, for 

example, ion channels involved in cardiac conductance (SCN5A, CACNA1C, KCNH2) that 

are targeted by many drugs[552-554]  

Most pharmacogenes expressed (FPKM ≥1) in adipose tissue were expressed in 

other tissues as well, particularly the heart and kidney (Figure 2A). Indeed, the strongest 

correlations between pharmacogene expression levels among tissues were detected 

between adipose and heart (r=0.83) and adipose and kidney (r=0.64) (Supplemental 

Table S5), and heart and adipose tissue samples shared similar expression profiles by 

PCA (Supplemental Figure S5B).  

Compared to the four tissues, LCLs showed lower overall expression levels of 

pharmacogenes: fewer pharmacogenes were expressed in at least one LCL and all LCLs 

than expected compared to all protein-coding genes (chi-square test: 48% vs 64%, 

p<0.0001 and 30% vs 48%, p<0.0001 in at least one sample and all samples respectively, 

Supplementary Table 3B). Pharmacogenes expressed at lower levels in LCLs than in the 

tissues include genes important for drug disposition, for example, enzymes (cytochrome 

P450s, UGTs, SULTs), SLC transporters, ion channels and receptors (Supplemental Table 

S4B).  
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Figure 3: Gene expression (FPKM) by sample across each tissue type and LCLs for 20 
selected pharmacogenes. The black dot indicates median FPKM per gene and tissue 
type. 

 

Analysis of pharmacogene splicing 

We found that 278 pharmacogenes showed evidence of being alternatively 

spliced (≥ 2 isoforms) in our data set, with receptors and channel genes depleted for 

alternative splicing (<50% spliced)  (Supplementary Table S6).  Differential splicing was 

evident for 30-70% of genes tested when comparing any two tissues (Wilcoxon test, 

FDR<0.05) (Supplementary Table S7), with LCLs showing the greatest differences in 

splicing events compared with the other tissues. We also found dozens of junction sets 

that were only observed in one of our five sample types primarily because the gene was 

not expressed in other cell types or also possibly because only alternate junction sets 

were used in those cell types (Figure 4A). When we control for gene expression 

differences between tissues by only looking at alternative splicing events with a high 

total read coverage in a number of samples for all four of the other tissues, we see only 

a very small fraction of genes (0-5%) have tissue-specific junction sets (Supplementary 

Table S8). Since the number of splice events that pass the read coverage threshold is 

very small with a read depth of 20 million reads/sample, we cannot comment on the 

differences in number of splice events between tissues.   

Notably, a total of 183 alternative splicing events (in 102 genes) involved splice 

junctions not previously annotated, but which were present with at least 5 reads/100bp 

coverage in at least one sample (Figure 4B). The greatest number of non-annotated 
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pharmacogene events was observed in the liver samples, likely because many of those 

genes are very highly expressed in that tissue, making it easier to observe these often 

low expressed events. Of the 119 non-annotated splicing events observed in liver, one 

was an alternative last exon in SLC22A7 (Figure 4C). This newly found alternative event 

would produce a protein with a truncated C-terminus. Another non-annotated splicing 

event in the liver was an alternate 5’ UTR in APOA2 (Figure 4D). Of the 38 non-

annotated splicing events observed in pharmacogenes in heart, one was a splice 

junction using an alternative 3’ splice site for SCN5A exon 23 in three heart samples 

(Figure 4E). The alternative splice site identified excludes 83 bases and generates a 

downstream premature termination codon that is expected to cause the transcript to be 

degraded by the nonsense-mediated mRNA decay pathway.  
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Figure 4: (A) Junctions sets in pharmacogenes with >5 reads/100bp in at least one 
sample of one tissue and no coverage in any of the four other tissues. (B) Non-
annotated junctions sets (not present in current gene annotations) in pharmacogenes 
with >5 reads/100bp in at least one sample. These non-annotated junction sets were 
identified in 68, 31, 18, 16, and 10 pharmacogenes in Liver, Kidney, Heart, Adipose 
tissue and LCLs respectively. (C) A non-annotated alternative last exon in SLC22A7 was 
observed in liver samples and would alter the C-terminal end of the protein. (D) A non-
annotated first exon in APOA2 was observed in liver samples and creates an alternate 
5’UTR for the gene. (E) A non-annotated 3’ splice site in SCN5A was observed in heart 
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tissue. The novel event, identified in three heart samples, results in an 83 bp frameshift 
deletion of the coding sequence of SCN5A, resulting in a premature stop codon which is 
expected to trigger nonsense mediated decay.  

 

Discussion 

Over the last several years, there have been many studies using RNA-Seq to         

quantify gene expression and to identify novel alternative splicing events in many tissue 

and cell types [555-560]. Here, we applied this powerful technology to characterize the 

transcriptome of 389 genes of pharmacologic importance (genes involved in drug 

disposition, response or toxicity) in multiple human tissue types and LCLs.  

Unlike many other transcriptome profiling studies using RNA-Seq, this report 

presents findings for multiple samples across tissues, allowing the capture of inter-

individual variation in expression levels as well as comparison of expression and splicing 

across different tissues. It has been estimated that 10 to 30% of genes show differences 

in alternative splicing in the same tissue among individuals[410], and ~20% of genes 

show variation in gene expression across individuals[561]. Further, results in multiple 

individuals act as biological replicates for a given tissue type, allowing for a more 

accurate representation of tissue-specific splicing and expression. By incorporating 

inter-individual variation in our study of several human tissues, our data represents an 

important addition to our understanding of human transcriptomics. 

In studying global analyses of protein-coding and pharmacogene expression, we 

observed several interesting patterns. First, the majority of pharmacogenes were 
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expressed at lower levels in LCLs compared to the four physiological tissues studied, in 

contrast to expression levels across all protein coding genes. As an actively and 

aggressively proliferating cell type, gene expression in LCLs is tuned to growth, and thus 

relative expression of genes involved in other cellular processes may be suppressed.  

Further, it is possible that peripheral B-lymphocytes, the primary cells from which LCLs 

are made, also show significantly different patterns of expression from the other four 

physiological tissues included in this study. These results suggest that consideration of 

the phenotype of interest is important when using LCLs as a proxy for other tissues in 

pharmacogenetic studies. This observation is true of other tissues as well. Overall, more 

pharmacogenes were expressed at higher levels in the liver compared to other tissues. 

While this result is not unexpected given the importance of the liver in drug metabolism 

and transport and the bias towards liver-specific genes in the field of 

pharmacogenomics, it also suggests that studies involving genes of importance in the 

liver are best conducted in liver samples. In contrast, we observed high correlation in 

gene expression values between adipose and heart tissues among both all protein 

coding genes and the subset of pharmacogenes.  This result is consistent with the 

finding that human derived stem cells have been shown to spontaneously differentiate 

into cardiomyocytes and that both adipose and cardiac tissues derive from the 

mesoderm [562, 563].   

We also observed interesting patterns in alternative splicing in this study, 

including a number of previously non-annotated splicing events and significant 

differential splicing between LCLs and other sample types. Splicing detection is highly 
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dependent on sequencing coverage; to normalize coverage between samples we 

subsampled down to 20 million reads per sample, unfortunately losing perhaps 20-30% 

of junction sets. We observe that a read depth of more than 40 million consistently 

across samples would be necessary to measure splicing of almost all events. And, while 

we are approaching the total number of junction sets with 20-25 samples of each tissue, 

more samples would increase our numbers. Additionally, because read depth for a gene 

is also dependent on gene expression, comparison of splicing rates and events between 

genes and tissue types with different expression levels is challenging, and it is likely we 

are missing splicing events for genes with lower expression levels.  

As is true of any study using human organs, while only healthy tissues were used 

for mRNA extraction, the patients themselves may have had a disease or have been 

taking medications. In particular for the study of pharmacogenes, the variability in 

xenobiotic exposure is a concern as such exposure is known to alter pharmacogene 

expression [564, 565] and splicing [566, 567] profiles. However this variability in patients 

may more closely represent natural variability in individuals and thus may produce 

expression profiles representative of the general population. Patient age and sex can 

also explain a portion of variability in gene expression[568, 569], however given the 

small sample sizes and skewed sex and age distributions in some of the tissue types, this 

study was not optimal for studying variation due to age and sex.  

In this study, we identified previously characterized as well as novel alternative 

splicing events, and described inter-individual and inter-tissue differences in splicing 

events and gene expression in pharmacogenes. For example, a non-annotated 
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alternative 3’ splice site in the drug target SCN5A generates a premature termination 

codon predicted to trigger the nonsense-mediated mRNA decay pathway (NMD). SCN5A 

encodes the main cardiac voltage-gated sodium channel important in maintaining 

normal cardiac conduction. A number of drugs target sodium channels like SCN5A, 

including antiarrhythmics such as quinidine, lidocaine, and flecainide, as well as non-

antiarrhythmic sodium channel blockers such as tricyclic antidepressants and lithium. 

Changes in structure, activity, and expression of the drug targets, like SCN5A, can alter 

the efficacy of drugs designed to target these proteins[570, 571]. Although this new 

isoform was observed in only three heart samples, it may be produced more broadly but 

not be detected due to rapid degradation by NMD. This event may be indicative of a 

novel role for alternative splicing coupled with NMD in the regulation of this gene. 

Likewise, a novel truncated isoform of the transporter SLC22A7 was identified. The gene 

SLC22A7 is expressed in both kidney and liver and is important for transport of 

endogenous compounds [572] and prescription drugs such as the antiviral drug 

acyclovir[573], the antibacterial drug erythromycin[574], the anti-asthmatic drug 

theophylline[574] and others[575].  

In addition to novel and variable splicing events in pharmacogenes, substantial 

variability in gene expression was observed, particularly among drug transporters and 

drug metabolizing enzymes. For example, in the liver, several cytochrome P450 enzymes 

showed up to 100-fold variability in expression between individuals. One example 

includes CYP3A4, which is responsible for activation and deactivation of a number of 

drugs by oxidation in the liver. Induction of CYP3A4 by concomitant medications or 
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dietary supplements is well-established, and is considered a major source of variation in 

drug response. (DDI Guidance from FDA, 

http://www.fda.gov/downloads/drugs/guidancecomplianceregulatoryinformation/guid

ances/ucm292362.pdf).  The enormous inter-individual variation in the expression levels 

of CYP3A4 we observe in the liver samples may be due to differences in diet, including 

dietary supplements, or medications among the individuals, in addition to genetic 

variation.  Like drug metabolism, renal elimination of drugs is also variable among 

individuals in part due to variation in renal secretion and reabsorption; this variation can 

be driven by differences in expression levels of renal transporters across individuals. In 

this study, we observed profound differences in the expression levels of renal secretory 

and reabsorptive transporters, particularly the solute carrier transporters (SLCs). For 

example, the uric acid transporter SLC22A12 varied almost 1000-fold between 

individuals in the kidney (Figure 2). As a target for drugs that treat hyperuricemia 

(Wempe, 2012 #117), the expression level of SLC22A12 could be an important 

determinant of drug response. 

Pharmacogenomic studies have largely focused on the effects of genetic 

polymorphisms in pharmacogenes on drug response and drug toxicity[576, 577]. Our 

data suggest that genes involved in drug disposition and toxicity can be variably spliced 

and expressed among individuals and across tissues. Further, studies have shown that 

exposure to drugs or toxins can cause specific splice variants to be differentially 

expressed in cell lines[578-580]; for example, a splice variant of SCN1A exhibits 

sensitivity to the antiepileptic drugs phenytoin and lamotrigine[581]. Given that splicing 
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can affect expression, localization, and function of genes[582, 583], our results suggest 

that splicing may be a relatively unexplored source of variability in drug response, 

toxicity, and efficacy. As the first in depth analysis of transcript structure and expression 

of genes that play a key role in drug disposition, this Pharmacogenomic Research 

Network (PGRN)-RNAseq resource will be invaluable for biomarker and drug target 

discovery and validation. 

 

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

Without adequate control, population stratification in Genome Wide Association 

Studies (GWAS) may result in false positive associations. The aims of this study are: i) to 

investigate type-I error rate as a function of population divergence (FST) of a genetic variant 

in multi-ethnic (admixed) populations; ii) to evaluate the statistical power and effect size 

estimates; and iii) to investigate the impact of population stratification on the results of 

gene-based analyses. Quantitative phenotypes were simulated. Type-I error rate was 

investigated for Single Nucleotide Polymorphisms (SNPs) with varying levels of FST between 

the ancestral European and African populations. Type-II error rate was investigated for a SNP 

characterized by a high value of FST. In all tests, genomic MDS components were included to 

correct for population stratification. Type-I and type-II error rate was adequately controlled 

in a population that included two distinct ethnic populations but not in admixed samples, 

with genomic inflation factors of 1.02 and 1.04, for SNPs with FST > 0.25 and > 0.50, 

respectively. While effect size estimates were unbiased, statistical power was somewhat 

reduced in the admixed samples. Gene- based tests showed no residual inflation in type-I 

error rate but required a larger number of MDS components than the single-SNP tests. 

 

Introduction 

Genome-Wide Association Study (GWAS) is a widely used approach for the 

identification of genetic variants that are associated with disease risk[584]. GWAS should 

carefully control for the potential presence of genetically heterogeneous subgroups within 

the study, e.g., samples with different ethnic backgrounds[305, 585], since unequal 

distribution of patients and controls among ethnic groups may result in spurious genetic 

associations. Therefore, the most widely used approach is to conduct GWAS within a 

genetically homogeneous group. However, as pointed out by Medina-Gomez and 

colleagues, excluding subjects with different ethnic backgrounds may reduce sample size 
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and thereby lead to a loss of statistical power[586]. 

For these reasons, Medina-Gomez et al. aimed to investigate the effect of population 

admixture on type-I error rate in Genome Wide Association Studies (GWAS)[586]. The 

authors analyzed two example phenotypes: red hair pigmentation; a binary trait 

characterized by large stratification across ethnic populations and skull bone mineral density 

(skull BMD); a quantitative phenotype. Correction for population stratification was done by 

including genomic components as covariates in the association model (see, e.g., [305] or 

alternatively, by using Efficient Mixed-Model Association eXpedited (EMMAX) analysis[587]. 

Based on the results of their analyses, the authors concluded that spurious associations in 

admixed samples can be handled adequately. 

However, several limitations may prevent generalization of these findings. First, 

because the authors analyzed observed phenotypic data for which true genetic effect sizes 

are unknown, their analyses do not allow firm conclusions on type-I error rate and bias in 

effect size estimation. Second, the relation between strength of population divergence and 

inflation of test statistics has not been investigated, even though this is important since 

inflation may be limited to those Single Nucleotide Polymorphisms (SNPs) which show 

substantially different allele frequencies across ethnic groups. The level of population 

divergence, also referred to as the level of fixation index (FST), is a measure of population 

differentiation due to population structure. The FST is calculated using information on the 

frequency of genetic polymorphisms across populations. Third, the authors focused primarily 

on controlling the type-I error rate and did not investigate the impact on the statistical power 

to detect true associations. Finally, no gene-based analyses were performed. Gene-based 

tests investigate whether a single gene contains (possibly multiple) variants that contribute 

(independently) to a trait. A previous study showed that population stratification has a 

particularly strong impact on gene-based tests of low- frequency genetic variants[588] which 

warrants a further investigation of the performance of gene-based tests. 
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It is surprising that the impact of population divergence (FST) on genetic association 

tests has not been systematically examined. Price et al.[305] previously investigated, in SNP-

based GWAS, the rate of false positive associations and the power to detect true 

associations for a correction that  utilizes principal components and for an approach that 

applies uniform adjustment by genomic control[589]. However, for random SNPs with no 

association to disease (i.e., for type-I error analysis) and for causal SNPs (i.e., for power 

analysis), they modeled allele frequency differences (i.e., FST) using the Balding-Nichols 

method[590] and assumed that population differentiation was equal for all genetic variants 

(FST=0.01); furthermore, for differentiated SNPs with no association to disease, they assume 

allele frequencies of 0.80 and 0.20 for the two ancestral populations. Our study investigates 

the generalizability of their findings to the empirically observed genome-wide distribution of 

allele frequency differences between ancestral populations from subsequent large-scale 

genotyping and sequencing of human populations[591, 592]. In addition, although they 

applied a principal component based approach on real GWAS data, the samples used were 

of a relatively homogeneous European ancestry. Especially in samples with multiple source 

populations, although continuous axes of variation often have a geographic 

interpretation[593], the number of axes included in the adjustment is often not so easily 

biologically interpretable (with some axes possibly representing sampling or technical 

artifacts) but the number of included axes may indeed substantially influence the resulting 

type-I error rate and statistical power. The relevance of these axes of variation is also an 

important question for studies with (admixed) samples (such as considered here[592]) in 

which the local ancestry variability differs substantially from the global ancestry variability. 

We extend the work of Medina-Gomez and colleagues by conducting a simulation 

study in which phenotypic data are generated in the European (CEU) and African (YRI) 

populations of the “Hapmap”[591] data and in the CEU and Americans of African Ancestry in 

SouthWest USA (ASW) samples of the “1KG”[592] data. The Hapmap CEU and YRI samples 
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were used to simulate population stratification due to two genetically distinct but relatively 

homogeneous populations while the 1KG ASW, characterized by a relatively high level of 

admixture, and CEU samples were used to simulate a more complex form of population 

stratification. Phenotypes were simulated according to genetic models for which the model 

parameters were set at desired values. In our simulations, we considered the important 

example of two source populations showing substantial trait divergence (e.g., differential 

disease susceptibility or health disparity). The aims of this study are: i) to investigate whether 

type-I error rate in multi-ethnic populations can be controlled for genetic variants with 

varying levels of population divergence; ii) to evaluate the degree to which correcting for 

population stratification reduces statistical power or leads to biased effect size estimates; iii) 

to investigate the impact of population stratification on the results of gene-based analyses. 

 

Methods 

Genotypic data 

Genotypes of publicly available Hapmap draft release 3 data 

(http://hapmap.ncbi.nlm.nih.gov/downloads/genotypes/2010-05_phaseIII/plink_format/) 

[9] and 1KG data (ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20110521)[592] were 

used for the simulation analyses. In the Hapmap sample, analyses were restricted to subjects 

with Northern or Western European background (CEU) or African ancestry (YRI) while in the 

1KG data, analyses were restricted to the CEU subjects and Americans of African Ancestry in 

SouthWest USA (ASW). 

Calculation of FST 
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For 3,173,374 and 30,102,059 SNPs in the Hapmap and 1KG dataset (respectively), 

population divergence between the ancestral European and African populations was 

quantified using the fixation index (FST). We used the Weir and Cockerham[594] unbiased 

estimator of the FST statistic: 

               [1] 

where 

 

      

     

ni is the sample size in population i (=1, 2), pi is frequency of the given allele in population i, 

and p is the average frequency of the allele across the populations while MSP and MSG 

denote the population variance and the genetic variance, respectively. 

Data quality checks 

Initially, the Hapmap data included 1,397 individuals and 1,457,897 SNPs. 

Analyses were restricted to 259 founders with CEU and YRI ethnic backgrounds. Next, 

genotype and individual missingness was controlled by i) excluding SNPs with high 

levels of missingness (>0.2); and ii) excluding individuals and SNPs with missingness 

>0.05. SNPs with minor allele frequency (MAF)<0.01 were excluded. Finally, analyses 

were limited to SNPs with well-defined FST values. These quality checks resulted in a 

final sample of 259 individuals (112 CEU and 147 YRI) and 1,304,792 SNPs. 

The downloaded 1KG vcf chromosome files were transformed into Plink format 

data and merged into a single binary Plink file. This file included 1,029 individuals and 

38,151,414 SNPs. Analyses were restricted to 146 founders with CEU and ASW ethnic 
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backgrounds. The same quality checks were performed as for the Hapmap sample, but as 

an additional step, variants with one or more multi-character allele codes were excluded 

with the –snps-only option in Plink. These QC steps resulted in a final sample of 146 

individuals (85 CEU and 61 ASW) and 5,131,518 SNPs. 

Calculation of MDS components 

Twenty multi-dimensional scaling (MDS) components were calculated in PLINK 

with the option --cluster --mds-plot 20. The MDS components were included as covariates 

in the genetic association analyses to correct for population stratification. We initially 

corrected for 10 components, but the number was increased in the presence of remaining 

inflation of the test statistics. 

Investigation of type-I error rate 

Quantitative phenotypes were simulated for the CEU and YRI samples of the 

Hapmap data, and for the CEU and ASW samples of the 1KG data, under the assumption of 

strong population trait divergence (e.g., significant differential trait scores) across ethnic 

populations. Quantitative phenotypes were drawn from normal distributions with means 

of 0 and 3, respectively, and standard deviations of 1. To investigate the impact of 

population stratification on type-I error rate (prior to and after MDS correction), the 

inflation in test statistics and p-values was investigated by calculating the average and 

standard error of the genomic inflation factor based on 100 simulations. Quantile-quantile 

(QQ) plots of observed and expected p-values were created for one of these simulations. 

Here we consider the mean test statistic (for a quantitative trait) on the non-

causal variants to investigate the sources of inflation. Assuming p causal variants and L 

total number of non-causal SNPs, the mean 2 statistic on the non-causal variants can be 

derived[595] from the non-centrality parameter (NCP) as follows: 

                                                [2]         
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Here N is the sample size,  is the (non-zero) heritability attributable to the causal variant 

j, and  is the linkage disequilibrium[37] between the causal variant j and the (non-causal) 

SNP k. Note that the NCP for the SNP k in LD with the causal variant j decays with LD and is 

given by . Thus the genomic inflation factor increases with the sample size N in a 

linear manner and may be influenced by longer-range (admixture) linkage disequilibrium. 

(As has been noted, polygenicity [i.e., a large number p of contributing variants] may also 

result in an inflated distribution of the test statistic[26].) 

Investigation of statistical power 

Quantitative phenotypes were simulated for the CEU and YRI/ASW samples 

under the assumption of strong population trait divergence for a SNP with a high value 

of FST. In Hapmap, the selected causal SNP (rs711274) has a FST value of 0.74. For 1KG, 

the selected causal SNP (rs7530465) has a FST value of 0.65. In each analysis, 10,000 

simulations were performed. Phenotypes were simulated to be associated with 

ethnicity and the SNP genotype according to the following model in which Nj represents 

the number of risk alleles {0,1,2} for the causal SNP j. 

CEU:  + 0.2*  

YRI/ASW: + 0.2*  

The theoretical value of the statistical power was calculated by performing 10,000 

simulations in the full samples in the absence of population trait divergence. The effect sizes 

(SNPeff) in Hapmap and 1KG data were set at 0.2 and 0.3, respectively; a larger effect size 

was applied in 1KG data to compensate for the smaller sample size. The impact of including 

the MDS components on statistical power was assessed by repeating the association tests 

while correcting for the same number of MDS components as in the tests performed in the 

presence of population trait divergence. This allowed us to quantify the loss in power due to 
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the application of the MDS correction (whether or not there was any difference in 

phenotype between the source populations) and any additional loss in power from the 

correction in the presence of population trait divergence. 

Gene-based tests 

Finally, we investigated inflation in gene-based tests which may include multiple 

correlated SNPs and may therefore be more strongly affected by population stratification. 

We mapped the SNPs to the genomic intervals defined by genes (as defined by 

GENCODE)[596] using the “intersectBed” command in the bedtools suite[338]. SNPs 

which map to multiple genes were excluded. The gene- defined intervals defined the sets 

on which gene-based tests were performed. For these gene-based tests, analysis was 

restricted to sets that include at least two variants and were then repeated for genes 

which include at least five variants to investigate the impact of the number of SNPs in a 

set on inflation. Gene-based tests were performed with –set-test in Plink; using 10,000 

permutations per set and the following options: --set-r2 0.1 --set-p 0.10 --set-max 10. 

 

Results 

Type-I error rate 

GWAS analysis of 100 simulations of the Hapmap (“non-admixed”) data did not 

show evidence of inflation of type-I error rate after adjusting for population stratification 

using the genomic components. Indeed, after including 10 MDS components, genomic 

inflation factors were controlled at the expected values of 1 for all SNPs (mean=1.00, 

sd=0.01, p=1.00), SNPs with FST >0.25 (mean=1.00, sd=0.02, p=1.00) and SNPs with FST 

>0.50 (mean=1.00, sd=0.04, p=1.00). QQ plots for a single simulation are shown in 

Figures 1a-c; these plots confirm that the adjustment for population stratification was 

sufficient to control type-I error rate. 
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Figure 1a. QQ plot, all SNPS, Hapmap data. 1b. QQ plot, FST greater than 0.25, Hapmap 
data. 1c. QQ plot, FST greater than 0.50, Hapmap data 
 

Next, we analyzed the simulated data of the 1KG (“admixed”) samples. Twenty 

MDS components were included to correct for population stratification. (In these 

samples, the inclusion of only 10 MDS components, in contrast to the results from the 

Hapmap samples, was not adequate to correct for the inflation of type-I error rate.) The 

genomic inflation factor was well controlled when analyzing all SNPs (mean=1.00, 

sd=0.01, p=1.00), but inflation was observed for SNPs with FST >0.25 (mean=1.02, 

sd=0.05, p=0.0001), and for SNPs with FST >0.5 (mean=1.04, sd=0.09, p<0.0001). QQ plots 

for a single simulation are shown in Figures 2a-c. Figures 2b and 2c show marked 

inflation, as the observed distribution of p-values deviates from the expected distribution 

under the null hypothesis. The degree of inflation (as quantified by genomic inflation 

factor) increased with the degree of SNP population differentiation (as measured by FST). 
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Figure 2a. QQ plot, all SNPS, 1KG. 2b. QQ plot, FST greater than 0.25, 1KG data. 2c. QQ 
plot, FST greater than 0.50, 1KG data 
 
 
Effect size estimate and statistical power 

Table 1 summarizes the mean estimates of the beta and the statistical power (i.e., 

the proportion in which the simulation resulted in a p-value<0.05) for rs711274 observed 

in Hapmap data. The theoretical power, in the absence of population trait divergence, 

with no MDS components included as covariates was 0.46. After adjusting for 10 MDS 

components, the power decreased to 0.39. These estimates were used as reference for 

the subsequent power analysis conducted in the presence of population trait divergence. 

When population trait divergence was present, the estimated effect sizes were unbiased 

(0.20). The statistical power was 0.39, which is similar to the results from the simulations 

in which no population trait divergence was present. Therefore, the reduction in power 

was caused by the inclusion of the MDS covariates as correction (with or without 

population trait divergence) in the context of the relatively small sample size of the 

Hapmap data. 
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In the 1KG data, the effect size estimates were unbiased (see Table 1). However, 

the power was reduced (0.31) compared to the theoretical value of 0.70. This decrease 

in power was not completely explained by the inclusion of 20 MDS components as we 

observed a power of 0.36 when 20 MDS were included in a model with no population 

trait divergence. Thus, in contrast to the results from the Hapmap samples, the more 

admixed samples in the 1KG data showed additional loss in power from the correction 

for population stratification in the presence of population trait divergence. 

Gene-based tests 

In the CEU and YRI samples of the Hapmap data, mild inflation was observed 

when controlling for 10 MDS components (in contrast to the lack of residual inflation 

from the single-SNP analysis after adjusting for the same number of MDS components in 

the same samples). Therefore, we repeated the gene-based tests now assuming 20 MDS 

components. These tests did not show evidence of remaining inflation of type-I error 

rate (see Figures 3a and 3b). Gene-based analyses of the CEU and admixed samples of 

the 1KG data after adjusting for 20 MDS components did not show residual inflation. 
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Figure 3a. QQ plot of the gene-based tests, sets with ≥ SNPs, Hapmap. 3b.  QQ plot of 
the gene-based tests, sets with ≥ 5 SNPs, Hapmap. 

 

Discussion 

In this study, we aimed to test whether correction for population stratification 

using estimates of global ancestry adequately controls type-I error rate (at the SNP or 

gene-based level) and adequately retains statistical power in ethnically heterogeneous 

GWAS data. Towards this end, we performed simulations of population structure arising 

from two genetically distinct but homogenous ancestral populations as well as from the 

presence of samples showing recent admixture. We tested explicitly whether the degree 

of residual inflation depends on the degree of population divergence (FST), as we 

hypothesized that population stratification would be more difficult to control for SNPs 

with relatively high values of FST.  

Extensive simulations showed that correction for population stratification by 

including ten genomic components (MDS) sufficiently controlled inflation of type-I error 

rate in the CEU and YRI Hapmap populations. However, analyses of the CEU and the 

more strongly admixed ASW population of the 1KG data showed some inflation of type-I 

error rate in SNPs with FST >0.25 and SNPs with FST >0.50, with genomic inflation factors 

estimated at 1.02 and 1.04, respectively. Current methods (such as genomic control or 

principal components) for adjusting for population stratification reflect the “average 

SNP” in the genome and indeed generally apply a “uniform” correction (i.e., the same 

genomic inflation control or fixed number of genomic components across the genome), 

but these results suggest that SNPs with unusually strong differentiation across ancestral 

populations may necessitate more refined approaches in the presence of complex forms 

of population stratification. For example, local genomic ancestry may be taken into 

account in addition to a global correction for population stratification. Furthermore, such 

SNPs with high FST (because they may implicate loci under selection or may reflect 
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signatures of local adaptation) may be disproportionately enriched for truly trait-

associated SNPs (in comparison with selectively neutral SNPs) and should perhaps be 

prioritized in GWAS analysis. Our results, however, suggest that such prioritization may 

not be so straightforward since (a) current methods to minimize spurious associations at 

these SNPs may not be sufficient and (b) the degree of inflation in type-I error rate and 

the extent of the loss in power may depend on the nature of the ancestral heterogeneity 

in the samples. We note that the genomic inflation is proportional to the sample size of 

the study; any confounding from population stratification may be amplified by the 

sample size. Furthermore, linkage disequilibrium patterns resulting from admixture from 

previously diverged populations may contribute to an elevated genomic inflation factor 

(see equation 2). Thus, the potential confounding from population structure for large-

scale studies involving admixture is a (doubly) important concern. Furthermore, while 

effect size estimates in the Hapmap data were largely unaffected by the correction for 

population stratification, the correction in the presence of admixed samples led to a 

reduction in statistical power. In fact, in simulations of both Hapmap and 1KG data, we 

observed that statistical power was reduced due to the inclusion of MDS components, 

but this is in part due to the relatively small sample sizes. Current GWAS sample sizes are 

usually at least 10 to 1000 times larger than those used in our simulations, which will 

diminish the effect of including 10 to 20 covariates. Nevertheless, the admixed 1KG 

samples showed additional loss of power from the correction for population 

stratification in the presence of population trait divergence. 

Gene-based tests that adjust for global ancestry components sufficiently controlled 

type-I error rate in the admixed samples or in the mixture of two highly distinct but 

homogeneous populations although we did find that the required number of MDS 

components needed to be increased (from 10 to 20) to sufficiently account for population 

stratification, suggesting that stricter correction needs to be applied when multiple 
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correlated variants are simultaneously tested. The lack of inflation stands in contrast with 

the results of the SNP-based analyses, which is likely explained by the fact that we did not 

distinguish SNPs with high FST in the gene-based tests. Such a distinction is not feasible for 

gene- based tests since gene-sets combine variants with different levels of FST.  

Although the degree of inflation of type-I error rate in the admixed samples of the 

1KG data is small, we do advice to be cautious when interpreting positive associations 

observed in such samples, especially if the significantly associated SNP has a high level of 

FST. In such instances, a subset analysis in a more homogeneous population (e.g., typically 

of European descent) could be followed up by a test on more strongly admixed samples. 

Confidence in the association increases if it holds in the homogeneous subset and 

becomes more significant after the inclusion of the admixed samples. We would further 

like to stress that even though population stratification seems to be well controlled when 

the populations that are combined are genetically homogeneous, such as in the CEU and 

YRI populations, inflation may still be a problem when population structure is more 

complex. For example, Liu and colleagues showed that inflation is more severe in samples 

that include more than two divergent populations[588]. The impact of the correction for 

population stratification in studies involving mosaic genomes from multiple ancestral 

populations is also warranted. Furthermore, in addition to single variant analyses and 

gene-based tests, Browning & Browning[302] showed that population structure can inflate 

SNP-based heritability estimates derived from linear mixed models, such as implemented 

in GCTA[21]. Incorporating principal components in linear mixed models may not be 

adequate and indeed may yield a substantially similar estimate as the non-adjusted 

model. Finally, population stratification is only one potential source of confounding that 

should be taken into account. Other factors that should be considered are unmeasured 

technical confounders (e.g., genotyping in different laboratories), selection bias and 

differential misclassification of exposure[597].
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Table 1. Effect size estimates and statistical power from 10,000 simulations 

 

 Hapmap   Admixed   

 No 

population trait 

divergence, No 

No 

 

population 

trait 

With 

 

population 

trait 

No 

 

population 

trait 

No 

 

population 

trait 

With 

 

population 

trait 

Mean beta 0.20 0.20 0.20 0.30 0.30 0.30 

Power 0.46 0.39 0.39 0.70 0.36 0.31 
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Chapter 17 

Trans-population analysis of genetic mechanisms 
of ethnic disparities in neuroblastoma survival 
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Abstract 

Purpose: African Americans with neuroblastoma have a higher prevalence of high-risk disease 

and worse outcome than Caucasian patients. We sought to investigate the relationship between 

genetic variation and the disparities in survival observed in neuroblastoma. 

Patients and Methods: 2,709 patients formed the analytic cohort. Principal components were 

used to assign patients to genomic ethnic clusters for survival analyses.  Locus-specific ancestry 

was calculated for use in association analysis. The shorter spans of linkage disequilibrium in 

African populations may facilitate the fine mapping of causal variants in regions previously 

implicated by genome-wide association studies (GWAS) conducted primarily in patients of 

European descent. Thus, we evaluated 13 single nucleotide polymorphisms (SNPs) known to be 

associated with susceptibility to high-risk neuroblastoma from GWAS and all variants with 

highly divergent allele frequencies in reference African and European populations near the 

known susceptibility loci. All statistical tests were two-sided. 

Results: African genomic ancestry was associated with high-risk neuroblastoma (P = 0.007) and 

lower event-free survival (P = 0.04, HR = 1.4 with 95% confidence interval = 1.05 to 1.8).  

rs1033069 within SPAG16 (sperm associated antigen 16) was determined to have higher risk 

allele frequency in the African reference population and statistically significant association with 

high-risk disease in patients of European and African ancestry (P = 6.42x10-5, FDR < 0.0015 in 

the overall cohort).  Multi-variable analysis using an additive model demonstrated that the 

SPAG16 SNP contributes to the observed ethnic disparities in high-risk disease and survival.   
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Conclusions: Our study demonstrates that common genetic variation influences neuroblastoma 

phenotype and contributes to the ethnic disparities in survival observed, and illustrates the 

value of trans-population mapping.  

 

Introduction 

Neuroblastoma is the most common extracranial solid malignancy in children and is 

notable for its clinical heterogeneity.   Clinical features, including age at diagnosis and stage of 

disease, and genetic tumor markers are strongly predictive of outcome and used to define risk 

groups for treatment stratification. High-risk neuroblastoma is defined largely by older patients 

(>18 months) with metastatic disease, although all patients with amplification of the MYCN 

oncogene, regardless of stage, are considered high-risk.  Ethnic disparities in outcome are well-

described for many cancers [598-601]. However, until recently, little was known about 

associations between race/ethnicity and survival in neuroblastoma.  In 2011, Henderson and 

colleagues analyzed a cohort of 3,539 neuroblastoma patients with known self-reported race 

and outcome, and demonstrated for the first time that black children have an increased 

prevalence of high-risk disease and inferior survival compared to white children [602].   

Multiple factors are known to contribute to racial health disparities, including 

differences in access to healthcare and other environmental and socioeconomic factors.  

However, because low-risk neuroblastomas only rarely progress to high-risk disease over time, 

we hypothesized that genetic variation is largely responsible for the ethnic disparities in tumor 

phenotype and outcome observed in neuroblastoma. Indeed, germline DNA variants associated 
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with susceptibility to high- or low-risk neuroblastoma have been identified in genome-wide 

studies conducted primarily in children of European descent [603-608].    To investigate the role 

African genomic ancestry plays in determining neuroblastoma phenotype and to identify 

genetic variants that statistically account for the ethnic disparities in outcome, we analyzed the 

genotypes of an ethnically admixed population of neuroblastoma patients (n=2,709) accrued 

through Children’s Oncology Group (COG) neuroblastoma biology protocol ANBL00B1 between 

2001 and 2009. 

 

Patients and Methods 

Patient Cohort 

After approval by institutional review boards at participating institutions and informed 

consent was obtained, children diagnosed with neuroblastoma, ganglioneuroblastoma, or 

ganglioneuroma (maturing type) were enrolled on COG ANBL00B1 (NCT00904241) between 

2001 and 2009.  Those patients with available genotype and outcome data formed the analytic 

cohort.  Methods to confirm the diagnosis, assignment of stage, analysis of tumor biology 

(ploidy, MYCN amplification and histology), and assignment of self-reported race have been 

previously described [602].  

Genotyping 

DNA samples from patients enrolled on COG ANBL00B1 were genotyped using 3 

Illumina platforms: 550v1, 550v3, and Human610-Quad, as previously described [603-605].  
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Included in this analysis are those SNPs which were genotyped on all three platforms, had call 

rates > 95% and had minor allele frequencies > 5%. 

Statistical Analysis 

Quality Control (QC) and Data Processing 

Supplemental Figure 1 is a diagram that illustrates the sample-based quality control 

pipeline, as previously described [609].  Briefly, extensive QC analyses were performed on the 

genotype data, including detection of sex incompatibilities, mis-specified relationships, and 

duplications.  

Call rates were estimated by individual and by SNP in order to determine average 

heterozygosity (across all SNPs) for each sample and to evaluate genotype distributions for 

each SNP in relation to expected Hardy-Weinberg equilibrium (HWE) [603-605, 610].   

Global Ancestry Quantification 

Principal component analysis (PCA) was conducted on the genotypes of 2,919 

individuals, including 2,709 children with neuroblastoma, plus 210 reference HapMap [384] 

samples from descendants of Northern Europeans (CEU, n = 60), West Africans (YRI, n = 60) and 

East Asians (CHB, n = 45; JPT, n = 45), using EIGENSTRAT [305]. The first principal component 

(PC1) separated patients with African ancestry from other patients.  Principal component 2 

(PC2) separated patients with Asian ancestry and patients with European ancestry. These 

leading principal components (PCs) provide the relative contribution of (geographically defined) 

reference populations.  
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Using the first 2 PCs, we applied a k-means clustering algorithm (k = 5) to classify 

patients into genomic ethnic clusters (Figure 1) [611].   

In addition to PCA, we utilized a model-based approach for ancestry quantification, as 

implemented in ADMIXTURE [612], assuming 3 founder populations. This approach 

simultaneously yields estimates of ancestry proportions as well as population allele frequencies 

in the samples.  The latter enabled us to calculate the extent of divergence between the 

estimated ancestral populations through the Fisher fixation index FST statistic.  We calculated 

the Spearman correlation between the first principal component (PC1) and the proportion of 

African ancestry derived from ADMIXTURE to test the robustness of our ancestry estimation.     

PC1, which separated the CEU and YRI populations, was tested for association with 

neuroblastoma risk group using logistic regression and with event-free survival using a Cox 

regression model.  The proportional hazards assumption of the Cox regression was validated 

using cox.zph in the R survival package [613].  Furthermore, Kaplan-Meier event-free survival 

analyses were performed on the genomic ethnic clusters derived from the k-means clustering 

algorithm, and curves were compared using a log-rank test.  Time to event was calculated as 

the time from diagnosis until the first occurrence of neuroblastoma relapse, progression, or 

death.  Patients without an event were censored at the time of last contact.   

Genotype Association at Known High-Risk Neuroblastoma Susceptibility Loci with High 

Population Divergence 

Contrasting association results in samples across major geographic regions at known 

susceptibility loci may allow us to distinguish causal variants as well as to identify variants that 
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account for the observed ethnic disparities.  Although the challenges of conducting genetic 

association studies in African populations are well-recognized, the shorter spans of linkage 

disequilibrium (LD) and the greater levels of haplotype diversity in African populations may 

facilitate the fine mapping of causal variants responsible for the genome-wide associations first 

identified in samples of European ancestry [614]. 

Thus, variants within 2 MB of all the replicated susceptibility loci on chromosomes 2, 6, 

and 11 (identified in all previous GWAS conducted primarily in children of European descent 

[603-605]) that show  high divergence between the ancestral populations (i.e., European and 

African), as quantified by the Fisher fixation index (FST > 0.25), were prioritized for further 

analysis.  These variants were tested through logistic regression analyses with the proportion of 

African ancestry as a covariate, for association with high-risk neuroblastoma in a case-only 

study (high risk vs. non high risk).  This association analysis was restricted to patients in genomic 

ethnic clusters 1, 2 and 3 (along the European-African ancestry axis, n = 2,368 patients).  

Applying a Bonferroni adjustment for multiple testing, the level of statistical significance was 

set at P < 0.0002.  False discovery rate (FDR) was computed using Storey’s q-value package 

[334].  

To test whether our SNP associations were confounded by population stratification, we 

conducted a subgroup association analysis using only patients with genomic European ancestry.  

All statistical tests were two-sided.  

 

Results 
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Ancestry Quantification and Association with Risk Group and Survival 

In the PCA analysis, the reference HapMap populations [384] – European (CEU), African 

(YRI), and Asians (JPT+CHB) – clustered tightly when the first 2 PCs were plotted on an ancestry 

map.  The samples of European and African descent in the study appeared along the “ancestry 

axis” between the CEU and YRI clusters.  PC1 was associated with neuroblastoma risk group (P = 

0.007), with African ancestry associated with high-risk disease.  In addition, PC1 was also 

associated with outcome, with African ancestry associated with worse event-free survival (P = 

0.04, HR = 1.4 with 95% confidence interval = 1.05 to 1.8) in a Cox proportional hazard 

regression model. Adjustment for risk group in a Cox regression multivariate analysis abrogated 

the inferior outcome associated with PC1 (P = 0.38).  

A k-means algorithm [611] was used to classify the patients into 5 genomic ethnic 

clusters for Kaplan-Meier survival analysis.  As shown in Figure 1, event-free survival for clusters 

1 (African-YRI genomic cluster) and 2 (African American genomic cluster), which consist of 

patients with the highest proportion of African ancestry, was statistically significantly worse 

than for the other ethnic clusters (log-rank P = 0.03).  

In addition to PCA, we utilized a model-based approach for ancestry estimation as 

implemented in ADMIXTURE [612].  Estimates of ancestry from both the ADMIXTURE and 

EIGENSTRAT methods showed a high degree of concordance (Spearman correlation = 0.997), 

which indicates the robustness of our estimates of ancestry.  As expected from the near-perfect 

correlation, the estimate of the proportion of African ancestry from either method was 

associated with high-risk disease.  
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Figure 1. (A) Principal components analysis and k-means clustering of the genotypes of 2,709 
children with neuroblastoma and 210 reference HapMap samples (red arrows), European 
reference is CEU, African reference is YRI and Asian reference is CHB/JPT.  (B) Event-free 
survival by genomic cluster, with African American clusters 1 and 2 correspond to patients with 
the highest proportion of African ancestry and poorest event free survival (two-sided log-rank P 
= 0.03). 

  

Population Divergent Genetic Variables Associated with High-risk Neuroblastoma  

We evaluated risk allele frequencies of 13 known susceptibility SNPs in LINC00340 [603], 

LMO1 [604], and BARD1 [605] from previous genome-wide case-control studies using the 

HapMap CEU and YRI genotype data.  Of the 13 candidate SNPs, 6 exhibited high population 

differentiation (FST >0.25).  All but one (rs17487792, an intronic SNP within the BARD1 locus) of 

these 6 SNPs showed higher risk allele frequencies in the reference African population versus 

European cohort (Table 2).   
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To identify potential genetic-based mechanisms for the observed racial disparities in risk 

group classification and survival, we utilized a population genetics method applied to high-risk 

versus non-high-risk samples that cluster along the European-African ancestry axis (the 

European-CEU, African-YRI and African American clusters from the k-means analysis; Figure 1), 

and prioritized variants near the known neuroblastoma susceptibility loci [603-605] with high 

population divergence (FST  > 0.25). We tested each such SNP (n = 245 polymorphisms) near the 

known neuroblastoma susceptibility loci for association with high-risk phenotype using logistic 

regression with the proportion of African ancestry estimated by ADMIXTURE as a covariate.  

Table 3 lists the statistically significant associations from this analysis (P < 0.0002, Bonferroni 

method for multiple testing).  The previously reported neuroblastoma susceptibility loci within 

BARD1 (rs17487792) and on chromosome 6p22 (rs6939340, rs9295536 and rs4712653) were 

found to be statistically significantly associated with high-risk disease [603, 605]. Of note, the 

previously identified neuroblastoma susceptibility SNPs within LMO1 [604] did not meet the 

statistical significance threshold in our analysis.  Because the chromosome 6p22 SNPs do not lie 

in a protein-coding gene, they were excluded from further analyses and are the subject of 

ongoing investigation. 

A novel SPAG16 (sperm associated antigen 16) SNP (rs1033069) (LD r2 = 0.03 with 

rs17487792 in CEU) was determined to be statistically significantly associated with high-risk 

neuroblastoma (P = 6.42x10-5).  Importantly, this SNP shows a substantially higher risk allele 

frequency in the reference African vs European population.  The risk allele frequency for the 

SPAG16 SNP (rs1033069) is 0.34 in CEU and 0.76 in YRI. Further, a higher ancestral risk allele 

frequency in Sub-Saharan Africa relative to Europe, Asia, and the Americas is observed in the 
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geographic distribution of the rs1033069 allele frequencies from the Human Genome Diversity 

Panel populations (Figure 2) [615-618].   In contrast, the risk allele for the known susceptibility 

BARD1 SNP (rs17487792), located 878 kb from the SPAG16 SNP (rs1033069), is nearly absent in 

Sub-Saharan Africa.  Indeed, the risk allele frequency for this BARD1 SNP in the HapMap YRI 

population is 0.008. Thus, this genetic variant does not explain the higher prevalence of high-

risk disease in children with African versus European ancestry.  A nearby SNP in perfect LD with 

rs1033069 in both CEU and YRI, namely rs1033067, showed a similar level of statistical 

significance. 
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Figure 2. A comparison of the allele frequencies for a novel SNP rs1033069 associated with 
high-risk neuroblastoma and the corresponding allele frequencies for the known nearby 
susceptibility SNP rs17487792, which was first identified in a GWAS of patients of European 
descent.  Note a higher ancestral risk allele frequency in Sub-Saharan Africa relative to Europe, 
Asia, and the Americas is observed in the geographic distribution of the rs1033069 allele 
frequencies from the Human Genome Diversity Panel populations.  (A) Geographic distribution 
of allele frequencies for the novel disease-associated SNP rs1033069 at locus 2q34 where the 
ancestral allele (the “A” allele) is the risk allele. (B) Geographic distribution of allele frequencies 
for the known susceptibility SNP rs17487792 at locus 2q35 where the derived allele (the “T” 
allele) is the risk allele. 
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Log-rank comparison of event-free survival by SPAG16 SNP rs1033069 genotype (Figure 

3) demonstrated that the number of risk alleles is statistically significantly associated with 

event-free survival (P = 0.007).  This finding is consistent with the earlier survival analysis on the 

genomic ethnic clusters (Figure 1B), which suggests that risk allele frequency differences at 

rs1033069 may be driving the observed disparities between the genomic ethnic clusters.  

 

  

 

Figure 3.  Log-rank comparison of event-free survival by SPAG16 SNP rs1033069 genotype.  
Note that the number of risk alleles is statistically significantly associated with event-free 
survival, two-sided log-rank P = 0.007, with a higher number of the risk alleles for the SNP 
associated with worse outcome. 

  

The SPAG16 SNP was also associated with high-risk disease and survival in a subgroup 

analysis using only patients with genomic European ancestry or patients with self-reported 

European ancestry, indicating that the SNP association was not confounded by population 

stratification (Supplementary Table 1).  The association between the SPAG16 SNP and high-risk 
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disease/event-free survival in patients of European ancestry (n = 2,068) becomes more 

statistically significant in the combined European and African sample set (n = 2,368).  

Functional Validation of rs1033069 and SPAG16 

Because the risk allele for the SPAG16 SNP (rs1033069) is common (minor allele 

frequency > 0.05) in groups with African ancestry, we hypothesized that additional 

polymorphisms in LD with the SNP may be identified using the 1000 Genomes Project dataset 

(see Supplementary Methods) [619]. In particular, we were interested in an expanded list of 

variants at this locus that exhibited large frequency differences between Africans and 

Europeans.  Supplementary Table 2 summarizes the results of this analysis with annotation of 

effect on DNA regulatory motifs and chromatin state when applicable [289, 337].    

We also evaluated SPAG16 mRNA abundance in lymphoblastoid cell lines derived from 

descendants of European ancestry (CEU) and African ancestry (YRI) (see Supplementary 

Methods), and found higher levels of expression in the YRI cell lines (P = 0.04, Supplementary 

Figure 2).   

Local Ancestry Estimates 

The ADMIXTURE and EIGENSTRAT methods (see Patients and Methods) measure global 

ancestry across the genome and do not estimate ancestry at a given locus.  Indeed, individuals 

with similar global ancestry profiles or similar principal components may still have distinct local 

ancestry patterns [620]. To perform local ancestry inference in populations formed by two-way 

admixture, we employed HAPMIX (see Supplementary Methods) [621].   We inferred the 

number of copies of each ancestry at each examined locus, which was then used in the 
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association analysis as a covariate.  Supplementary Table 3 shows the robustness of the 

associations (P < 0.0002, Bonferroni adjustment) to the use of locus-specific ancestry. 

rs1033069 Genotype and Ethnic Disparities  

Conditional analyses and a likelihood ratio approach (see Supplementary Methods) 

show that the SPAG16 SNP rs1033069 accounts for the ethnic disparities in phenotype 

(Supplementary Table 4).   Adjustment for rs1033069 substantially reduced the statistical 

significance of the racial disparities in the prevalence of high-risk phenotype (P = 0.12 after 

conditioning on rs1033069).  In contrast, conditional analyses with the nearby BARD1 SNP 

(rs17487792) did not statistically significantly alter the association between African ancestry 

and high-risk disease.   Similarly, in a Cox proportional hazard regression model the addition of 

the SPAG16 SNP rs1033069 substantially reduced the statistical significance of the racial 

disparities associated with event-free survival (P = 0.11 after conditioning on rs1033069). 

Finally, the addition of rs1033069 to African genomic ancestry (PC1) fits the data statistically 

significantly better (P = 6.4x10-5) in predicting high-risk disease, but the addition of PC1 to 

rs1033069 does not improve model fit (P = 0.12).     

 

Discussion 

Recently, racial disparities in outcome in neuroblastoma have been reported.  A higher 

proportion of patients with high-risk disease were seen in self-reported black vs white 

populations, and in concordance with this disease presentation, black children had statistically 

significantly worse survival [602].  We hypothesized that genetic variants in the genomic 
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regions at known low-risk [607] or high-risk [603-605] neuroblastoma susceptibility loci 

(identified by previous GWAS analyses performed primarily with patients of European descent) 

may statistically account for the observed racial disparities.  To test this hypothesis, we 

evaluated the genotypes in an admixed population of children with neuroblastoma. The shorter 

spans of LD in African populations should facilitate the fine mapping of causal loci in previously 

implicated regions.  We found that African genomic ancestry was statistically significantly 

associated with high-risk neuroblastoma phenotype and lower event-free survival.  

Multivariable analysis of the association between African ancestry and event-free survival after 

accounting for diagnostic risk group showed that event-free survival failed to achieve statistical 

significance, suggesting that ethnic disparities in survival are driven by ethnic disparities in risk 

group stratification at diagnosis.  We evaluated the variants near the known neuroblastoma 

susceptibility SNPs with high population differentiation between the reference African and 

European populations.  Five SNPs (3 in LMO1, and 2 in LINC00340) known to be associated with 

the susceptibility to high-risk neuroblastoma were found to have high population divergence, 

with higher risk allele frequencies in the African cohort.   We expanded our association analysis 

using a novel case-only design and were able to replicate previous high-risk susceptibility 

variants within BARD1 and LINC00340as well as find additional variants within SPAG16 

associated with high-risk neuroblastoma. In conditional analyses, the SPAG16 SNP, and not the 

nearby BARD1 SNP, abrogated the racial disparities in risk-group and survival, indicating that 

this variant may contribute to the higher prevalence of high-risk disease and inferior survival 

observed in children with African ancestry.  
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Neuroblastoma offers a unique opportunity to dissect genetic and environmental 

factors involved in racial disparities in risk and survival.  In the United States, racial and ethnic 

differences in socioeconomic standing contribute to poorer access to care, delays in diagnosis, 

and poorer overall health outcomes [622].  However, for children with neuroblastoma, 

diagnostic delays have limited influence on the tumor phenotype and ultimate risk-group 

classification.  Observation studies have shown that it is unlikely for low-risk, favorable biology 

tumors to progress to metastatic high-risk tumors over time [623].  Furthermore, MYCN status 

in neuroblastoma tumors, a powerful genetic prognostic factor, does not change over time 

[624, 625].  In addition, medication compliance problems are reduced in neuroblastoma, 

because the majority of treatment (surgery, chemotherapy, radiation, immunotherapy) is 

delivered in the inpatient setting.  Taken together, these observations suggest that 

socioeconomic and environmental factors are likely to play a more limited role in contributing 

to racial disparities in neuroblastoma than other cancers.   

In contrast to previous case-control GWAS, our study was a case-only design with the 

goal of localizing risk variants relevant to the development of high-risk neuroblastoma.  Our 

analysis recapitulated several findings from earlier studies of neuroblastoma susceptibility, 

including SNPs within BARD1 and on chromosome 6p22, but also identified novel high-risk 

neuroblastoma associated SNPs at these loci in both the combined population and in samples 

of European descent.   

These novel results implicate variants within the ubiquitously expressed SPAG16 [626] 

as important in the acquisition of high-risk neuroblastoma. This study highlights the importance 
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of expanding genetic association studies to non-European populations to enable identification 

of novel disease variants.  

One limitation of our study is a lack of a replication cohort. Given the rarity of 

neuroblastoma and the relatively small number of patients of African ancestry genotyped in 

this study, we felt that inclusion of all patients was warranted to maximize power to detect 

associations.   

Our findings emphasize the key role genomic variation may play in predicting outcome 

in children with neuroblastoma. Efforts to understand the underlying biology of these variants 

associated with risk group classification and survival are underway and may ultimately lead to 

the identification of more effective treatment strategies.  
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Table 1. Demographic and Clinical Characteristics of Patients with Neuroblastoma (n = 2709)  

 

Clinical 
Characteristic 

Entire 

Cohort 

African-
YRI 
Cluster 
1* 

African 
American 
Cluster 2* 

European-
CEU 

Cluster* 

Hispanic 
Cluster 

Asian 
Cluster 

p-
value 
† 

No. 
(%) 

2709 
(100) 

No. (%) 

193 (7.1) 

No. (%) 

127 (4.7) 

No. (%) 

2068 
(76.3) 

No. (%) 

308 (11.4) 

No. (%) 

13 (0.5) 

 

Age, months        

    < 18  1285 
(47.4) 

78 (40.4) 62 (48.8) 979 (47.3) 156 (50.6) 10 
(76.9) 

0.045 

    > 18 1424 
(52.6) 

115 
(59.6) 

65 (51.2) 1089 
(52.7) 

152 (49.4) 3 (23.1) 

Stage        

    1, 2, 3, 4s 1459 
(54.2) 

94 (49.0) 67 (52.8) 1131 
(55.1) 

158 (51.6) 9 (69.2) 0.30 

    4 1233 
(45.8) 

98 (51.0) 60 (47.2) 923 (44.9) 148 (48.4) 4 (30.8) 

Sex        

    Female 1235 
(45.6) 

85 (44.0) 57 (44.9) 941(45.5) 146 (47.4) 6 (46.2) 0.96 

    Male 1474 
(54.4) 

108 
(56.0) 

70 (55.1) 1127 
(54.5) 

162 (52.6) 7 (53.8) 

MYCN status        

    Not ampl. 2067 
(76.3) 

139 
(72.0) 

105 (82.7) 1582 
(76.5) 

231 (75.0) 10 
(76.9) 

0.56 

    Amplified 481 
(17.8) 

39 (20.2) 14 (11.0) 368 (17.8) 58 (18.8) 2 (15.4) 
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    Unknown 161 

(5.9) 
15 (7.8) 8 (6.3) 118 (5.7) 19 (6.2) 1 (7.7) 

Ploidy        

    
Hyperdiploid 

1642 
(60.6) 

119 
(61.7) 

80 (63.0) 1252 
(60.5) 

185 (60.1) 6 (46.2) 0.71 

    Diploid 805 
(29.7) 

51 (26.4) 32 (25.2) 623 (30.1) 93 (30.2) 6 (46.2) 

    Unknown 262 
(9.7) 

23 (11.9) 15 (11.8) 193 (9.3) 30 (9.7) 1 (7.7) 

Histology        

    Favorable 976 
(36.0) 

56 (29.0) 49 (38.6) 751 (36.3) 114 (37.0) 6 (46.2) 0.45 

    Unfavorable 837 
(30.9) 

73 (37.8) 35 (27.6) 638 (30.9) 88 (28.6) 3 (23.1) 

    Unknown 896 
(33.1) 

64 (33.2) 43 (33.9) 679 (32.8) 106 (34.4) 4 (30.8) 

Risk Group        

    Low 960 
(35.4) 

52 (26.9) 41 (32.3) 753 (36.4) 108(35.1) 6 (46.2) 0.06 

    
Intermediate 

537 
(19.8) 

35 (18.1) 33 (26.0) 404 (19.5) 61(19.8) 4 (30.8) 

    High 1212 
(44.7) 

106 
(54.9) 

53 (41.7) 911 (44.1) 139 (45.1) 3 (23.1) 

* Clusters 1, 2, and 3 were included in the subgroup analysis of SNPs with high FST (between 
African and European ancestral groups) for association with risk group classification. 

† P value is for overall comparison among all genomic clusters by two-sided Mantel-Haenszel 
chi squared test. 
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Table 2.  Ethnic variation in risk allele frequencies of SNPs previously implicated in the 
development of high-risk neuroblastoma.  

 

 

 

 

 

 

* The FST value for a SNP reflects allele frequency difference between the African and European 
ancestral groups.  

† Unless FST shows divergence, further information about the risk allele and its frequencies are 
not provided.  

SNP   Chromosome Fst value* gene risk allele 

  

CEU‡ 

 

YRI‡ 

 

CHB/JPT‡ 

rs17487792      2 0.265917 BARD1 T 0.29 0.008 0.161 

rs3768716       2 0.238353 BARD1 G 0.24 0.018 0.177 

rs6435862       2 -* BARD1  -† -† -† -† 

rs6712055       2 0.0504758 BARD1 C 0.304 0.186 0.567 

rs6715570       2 -* BARD1 -† -† -† -† 

rs7587476       2 -* BARD1 -† -† -† -† 

rs4712653       6 0.461581  N/A C 0.37 0.9 0.721 

rs6939340       6 0.371517 N/A G 0.425 0.88 0.663 

rs9295536       6 0.4836 N/A A 0.35 0.9 0.717 

rs10840002      11 0.541635 LMO1 A 0.3 0.9 0.5 

rs110419        11 0.148164 LMO1 A 0.504 0.819 0.612 

rs204938        11 0.230879 LMO1 C 0.465 0.814 0.189 

rs4758051       11 0.443601 LMO1 G 0.43 0.93 0.528 
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‡ Denotes risk allele frequencies in corresponding reference populations.



453 
Table 3. SNP associations in genomic regions near known high-risk neuroblastoma susceptibility 
loci with high population divergence.    

 

SNP Chromosome Gene P-value* q-value  

CEU† 

 

YRI† CHB/JPT† 

rs17487792 2 BARD1 5.89E-08 8.36E-08 0.29 0.008 0.161 

rs1033067 2 SPAG16 5.52E-05 0.0015 0.342 0.76 0.36 

rs1033069 2 SPAG16 6.42E-05 0.0015 0.342 0.76 0.36 

rs6939340 6 N/A 1.88E-05 0.001 0.425 0.88 0.663 

rs9295536 6 N/A 2.25E-05 0.001 0.35 0.9 0.717 

rs4712653 6 N/A 5.56E-05 0.0015 0.37 0.9 0.721 

 

* Each SNP was tested for association with high-risk phenotype using logistic regression with 
the proportion of African ancestry estimated by ADMIXTURE as a covariate.  The likelihood ratio 
chi-square statistic yielded a p-value for each SNP.  All tests were two-sided. 

 

† Denotes risk allele frequencies in corresponding reference populations. 

 

The Supplementary Material is available in the online version of this article.  
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General Discussion and Summary 
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General Discussion 

 Psychiatric disorders have long been known to cluster in families with moderate to high 

heritability, which suggests a major role for inherited genetic variation in disease etiology, but 

the specific genes that confer disease predisposition remain, for the most part, to be identified. 

The Psychiatric Genomics Consortium (PGC) has enabled substantial advances in the 

identification of genetic variation associated with disease risk through the accumulation of ever 

increasing sample sizes as well as through the development of analytic methodologies. The 

remarkable expansion of sample size has led to the discovery of an increasing number of 

genetic effects on disease, specifically schizophrenia[83], the most extensively studied 

psychiatric disorder. Indeed, using a multi-stage GWAS of schizophrenia involving 36,989 cases 

and 113,075 controls, the Schizophrenia Working Group of the PGC has identified 108 

“physically distinct” genetic loci that pass genome-wide significance[83]. Nevertheless, the set 

of (common) genetic variants that have been identified accounts for only a small proportion of 

variation in disease risk. Thus, the discovery of additional individual loci (which, for psychiatric 

traits, has lagged behind that for other traits such as autoimmune or metabolic 

phenotypes[627]) and the more global question of the sources of the “missing heritability”[7] – 

with its concerns for a comprehensive account of human genetic variation (e.g., structural 

variation or rare variation), a realistic model of the relationship between genotype and 

phenotype (e.g., additive versus epistatic)[290] and the development of novel analytic 

approaches for fully leveraging GWAS data  (e.g., GCTA[21]) – have stimulated a considerable 

amount of recent research in the field. 
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Identifying trait-associated genes using gene-based methods and molecular phenotypes 

 One of the limitations of GWAS as a methodology for deciphering the genetic basis of 

neuropsychiatric disorders is that it provides little conclusive information on the underlying 

disease mechanisms. In particular, the relevant gene in an associated locus is often not 

immediately obvious. As the PGC reported, of the 108 genetic loci, nearly three-quarters 

include protein-coding genes, but only 40% contain a single gene. These numbers depend of 

course on the definition of an “associated locus,” which in the PGC study was defined, rather 

arbitrarily, as the genomic region containing all SNPs in linkage disequilibrium (r2 > 0.60) with 

the 128 index SNPs. Thus, while plausible biological (gene) mechanisms can be attained and 

indeed associated loci have provided crucial insights into etiology (such as glutamatergic 

neurotransmission and synaptic plasticity), the underlying gene for an observed SNP association 

remains, in large part, frustratingly ambiguous. Furthermore, as has recently been 

demonstrated[5] using extensive functional studies, assigning a causal connection to the gene 

closest to the associated SNP is not always straightforward or necessarily justified, and indeed 

an associated locus may belong to the regulatory landscape of a quite distal target gene. 

Notably, the majority of GWAS findings lie in non-coding regions of the genome. 

 The disease loci mapping methods examined here, PrediXcan and fQTL-SCAN, address 

these limitations by focusing on biologically informed aggregates of functionally relevant 

elements of the genome (for example, genes with their regulatory variation, although other 

genomic “sets” of variants may also be functionally informative) as the primary unit of analysis. 
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PrediXcan infers the genetic component of (tissue-dependent) gene expression using prediction 

models trained on reference transcriptome data; estimation of the genetically regulated gene 

expression requires only GWAS genotype data (along with the reference transcriptome data). 

Multi-tissue imputation methods may offer opportunities for improved prediction[628]. The 

imputed genetic component is tested for association with phenotype, providing a likely causal 

direction (since the phenotype does not modify the germline genetic profile). Our PrediXcan 

analysis showed that high (whole blood) expression of Protein Tyrosine Phosphatase, Receptor 

Type, E (PTPRE) is associated with increased risk of bipolar disorder. Interestingly, Protein 

Tyrosine Phosphatases are known to play essential roles in synaptogenesis and central nervous 

diseases[629]. fQTL-SCAN jointly analyzes classes of SNPs with prior support for function (for 

example, non-synonymous polymorphisms and cis-regulatory variants, or cis- and trans- eQTLs, 

with user-defined weights) to improve the power to identify disease-associated genes. This 

facilitates integration of the results of studies of high-dimensional molecular traits and of 

regulatory elements into genome studies of disease. While PrediXcan is focused on the 

mechanism of gene expression (for which direction of causality can be inferred with great 

confidence because alteration of germline genetic profile by disease state is improbable), fQTL-

SCAN integrates multiple sources of genome functionality into a single test, which may be quite 

powerful in the presence of multiple independent causal variants. In both cases, there is a 

substantially reduced multiple testing burden in comparison to single-variant tests, and rare 

(e.g., regulatory) variants can be easily incorporated. Notably, both tests allow an investigation 

of the tissue dependence or tissue specificity of the gene-level associations.  
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We compared our results to those derived from a Mendelian randomization based 

approach as well as a Best Linear Unbiased Prediction (BLUP) method and found no significant 

associations from these alternative methods. Mendelian randomization[98], more precisely, a 

2-sample instrumental variable approach, is a mechanism-based approach, but the presence of 

pleiotropic associations (a common occurrence with neuropsychiatric phenotypes) presents a 

key limitation. The BLUP of SNP-based polygenic component is equivalent to ridge regression 

prediction under a specific penalty and it may well be that our approach to gene expression 

model building, which combines the features of LASSO and ridge regression[10], captures with 

greater fidelity the genetic architecture of gene expression (which may, in general, be regulated 

by a small number of variants) than the more infinitesimal framework of BLUP/ridge regression. 

The use of molecular traits, such as microRNA expression[11, 630] and methylation[14, 

297], as well as relatively understudied forms of genetic variation as molecular quantitative 

trait loci[17], to identify additional gene mechanisms is limited by the accessibility of brain 

tissue samples for high-throughput molecular phenotyping as well as the greater complexity in 

genotype calling for non-SNP data, respectively. We investigated the genetic architecture of 

microRNA expression, as quantified in LCLs, and mapped microRNA QTLs in two continental 

populations[11]. Most studies of genetic mechanisms involving microRNA-mRNA interactions 

had focused on the 3’UTRs of the target genes (with polymorphisms therein thus affecting 

microRNA regulation of the target). Our study conducted comprehensive mapping of microRNA 

expression variation in LCLs, thus extending (mRNA) eQTL studies[15, 195] in the same samples 

and demonstrating that microRNA expression is under substantial genetic control. MicroRNA 

QTLs identified in LCLs may well be a limited subset of the QTLs for the entire microRNAome, 
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and the relevance of these QTLs to psychiatric traits remains to be explored. However, we did 

find that these microRNA QTLs are enriched for previously identified mRNA QTLs in this cell 

type, and the latter, it should be noted, has been shown to be enriched among neuropsychiatric 

trait associated SNPs[15] although, as perhaps expected, the level of enrichment is not as 

pronounced as for autoimmune disorders. Thus, while LCLs may be thought to be a poor 

surrogate for the tissues most relevant for neuropsychiatric traits, there is some evidence[15] 

that they can be useful for functional annotation of disease-associated SNPs. Furthermore, 

because microRNAs are key (post-transcriptional) regulators of a third of human mRNAs 

(exerting their effect through mRNA degradation or translational repression), the genetic study 

of microRNAs provides an opportunity to investigate the role of trans regulatory mechanisms in 

the etiology of complex traits. Extending this study of (relatively unexplored) molecular trait 

loci, our study of the genetic control of CpG methylation, this time in cerebellum, and the 

finding of a significant excess of quantitative trait loci (mQTLs) among top SNPs associations 

with bipolar disorder[14] highlight the importance of epigenetic processes for psychiatric traits. 

It remains to be seen how tissue-specific the genetic architecture of CpG methylation is and 

what the resulting implications are for disease etiology.  Using the mQTLs in brain, we identified 

a significant association (rs12618769) with bipolar disorder, which regulates the methylation of 

inositol polyphosphate phosphatase 4A (INPP4A) in cis, a gene known to suppress excitotoxic 

neuronal cell death thus preserving the brain’s functional integrity[206]. Notably, the gene 

belongs to the phosphatidylinositol signaling pathway – a target for the effects of the widely 

used treatment for bipolar disorder, lithium[631].  
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Besides the molecular traits that can be comprehensively investigated as intermediate 

phenotypes to higher-order clinical traits, the form of genetic variation studied may enable the 

identification of causal gene mechanisms linking genetic variation with disease predisposition. 

Structural variation can have a regulatory impact on the transcriptome[17] that goes beyond 

regulating the expression of dosage-sensitive, co-localizing genes. Indeed, CNVs may end up, 

through insertion or deletion, disrupting regulatory regions, thereby regulating the expression 

of target genes in trans. Of note, the mere presence, rather than the copy number, of the CNV 

region can alter gene expression[259]. However, there are considerable analytic challenges in 

interpreting CNV associations, besides the greater complexity of genotype calling for them 

(than for SNPs). Common CNVs may be well-tagged by SNPs, and the fine-mapping of causal 

variants in an associated locus can be difficult. As we emphasized[17], these challenges 

reinforce the indispensability of comprehensive transcriptome studies spanning multiple tissues 

for identifying the causal gene mechanism(s) (and perhaps the application of CRISPR-Cas 

systems for genome editing to distinguish the causal effects of CNVs from the SNPs in strong 

linkage disequilibrium). The relative impact of different forms of genetic variation on the 

human transcriptome across cell types and on disease susceptibility remains to be fully 

characterized.  

 

Polygenic analysis and heritability of complex psychiatric traits 

The genetic architecture (number, allele frequency and effect size of predisposing 

genetic variants) that emerges from recent whole-genome association studies of a wide range 
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of neuropsychiatric traits is one in which a polygenic component[632] contributes to disease 

risk, replacing the Mendelian paradigm that long dominated early genetic studies of disease. 

The studies we presented in Part II collectively show that polygenic analysis of SNPs may 

provide a useful tool for dissecting the aggregate contribution of a functional category of SNPs 

to variation in disease predisposition. This task becomes more critical as the emerging picture 

of polygenic variation in psychiatric disease risk necessitates functional or mechanistic 

interpretation. Our study of psychiatric disorders using an unprecedented collection[30] of 10 

brain regions and multiple additional tissues provides an important resource that can advance 

insights into neurobiological mechanisms underlying these disorders. Importantly, the 

integrative framework it proposes for the identification of novel psychiatric disease associated 

loci and for the functional characterization of known susceptibility loci is likely to be of broad 

utility for future studies in the field, as GWAS sample sizes increase (thus providing additional 

risk loci) and as more refined and higher resolution transcriptome studies (e.g., single cell 

transcriptomics) become available. We showed that eQTLs disproportionately account for the 

trait variance of a range of psychiatric traits, “concentrating” their heritability, and capture a 

substantial proportion of the genetic correlations between psychiatric traits, indicating that 

they contribute to the pleiotropy[19] in this class of diseases. We find that the eQTLs identified 

in the more accessible tissue whole blood can improve the false discovery rate for detecting 

trait-associated loci at least for some psychiatric traits (such as schizophrenia), raising the 

possibility of an immune component to disease (from the implicated biological processes for 

the eQTL target genes in this tissue) and perhaps also of improved prediction of risk through 

eQTL-based polygenic modeling in easily accessible cell types. Furthermore, we showed that 
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non-brain regulatory variation in relatively non-accessible tissues (such as adrenal gland and 

colon) can account for a substantial proportion of the heritability to psychiatric traits, raising 

interesting hypotheses on disease pathophysiology that warrant further studies.  

Our early polygenic study of a psychiatric trait[22] explored variance-component 

methods as well as polygenic risk score analysis using eQTLs identified in brain to gain insight 

into the functional nature (e.g., tissue-specific eQTLs, cis- versus trans- eQTLs) of polygenic 

variation underlying bipolar disorder, demonstrating that great resolution may be attained on 

the number of contributory common genetic loci and that the aggregate contribution of a SNP 

functional category may be estimated. This methodology was subsequently applied to 

quantifying the contribution to the (tissue-specific) heritability of Tourette syndrome and 

obsessive compulsive disorder[23] by genetic variants associated with gene expression in two 

brain regions (cerebellum and parietal cortex) as well as in muscle. Furthermore, partitioning 

the heritability using brain-specific eQTLs, muscle-specific eQTLs, the shared eQTLs across the 

tissues, and the complement set provides additional evidence that non-brain regulatory 

variation may contribute substantially to neuropsychiatric traits. Subsequent comprehensive 

studies[352] from other groups have shown the importance of regulatory elements (DNase I 

hypersensitivity sites from 217 cell types) across common diseases.  

To analyze copy number variation within a polygenic framework[25], we used variance-

component methods to aggregate distributed SNP effects across copy number variable and 

copy number stable (CNS) regions of the genome. CNS SNPs account for 1/3 of the variants 

tested, but the estimated heritability attributable to them is 46% (h2 = 0.26, SE = 0.06; p < 

0.001) for Tourette syndrome and 40% (h2 = 0.15, SE = 0.05, p < 0.001) for obsessive 
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compulsive disorder. Given the importance of copy number variants for psychiatric traits, this 

suggests that copy number variation and CNS annotations may be highly useful for multi-

phenotype genetic analyses and perhaps for locating the sources of shared genetic etiology; 

Tourette syndrome and obsessive compulsive disorder are estimated to have a genetic 

correlation of 0.41 (SE = 0.15, p = 0.002)[23].  Furthermore, in results that may extend polygenic 

analyses of complex traits, we found that throughout the genome, regulatory variation can be 

“unmasked” by modeling copy number variation as locus-specific covariate. Indeed, joint 

analyses of co-localizing forms of genetic variation (e.g., SNP allelic content and copy number 

dosage) can improve our ability to detect significant trait associations and recover additional 

heritability. To investigate the utility of the CNV/CNS annotations for polygenic analyses of 

complex traits using exome sequencing studies, we analyzed loss of function (LOF) variants 

identified in healthy individuals as well as inherited and de novo LOF variants from an autism 

exome study[329, 331]. As we found, LOF variants in CNV regions are significantly more likely to 

influence all known transcripts of the affected gene than counterparts in CNS regions, but there 

is suggestive evidence that LOF variants in CNS regions are more likely to trigger nonsense 

mediated decay (NMD). These results suggest that for functional characterization of rare SNPs 

arising from sequencing studies, CNV and CNS annotations as co-localizing variation can further 

enhance our understanding of the phenotypic impact of the rare variants. 

The polygenicity of neuropsychiatric traits studied here has important implications for 

the modes of analyses that can further our understanding of their genetic architecture. The 

large number of contributory variants and their modest individual effect sizes suggest that 

traditional analytic approaches such as implemented in single-SNP GWAS or in candidate gene 
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association studies are far from adequate with current sample sizes. Linkage disequilibrium in 

the genome implies that naive adding of the variance explained by each SNP may inflate the 

overall variance explained by genome-wide SNPs. Thus, the joint analysis of a large number of 

SNPs in the genome (for example, G-REML, such as implemented in GCTA[21]) has been 

influential in studies of the genetic architecture of neuropsychiatric phenotypes, and indeed the 

studies of the role of regulatory variation in disease risk (in aggregate) that we presented rely 

on multi-SNP analyses. Our recent study[29] of the robustness of SNP-based heritability 

estimation to phenotype measurement noise and to perturbation in the genetic relatedness 

matrix (GRM), in response to a recent critique[28], addresses some key methodological issues. 

Through an investigation of the dynamics of the likelihood function of the G-REML model and 

the spectral properties of the GRM, we showed that the estimated variance is robust to such 

perturbations and noted that instability that may arise such as under population stratification 

follows from the model and is indeed well-known as a source of bias for the estimated 

heritability[302]. Furthermore, we applied results from random matrix theory to investigate the 

extent to which the eigenvalues of the GRM reflect non-random population stratification versus 

random expectation, exploring a test for significance; these methodological points are of 

relevance to GWAS of (neuropsychiatric) complex traits as well as studies in population 

genetics, with ever-increasing sample size and greater complexity in population structure that 

may characterize future studies.   

 

Building genomic annotations: transcription, alternative splicing and trans-population genetic 

analyses 
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Our work within the Genotype-Tissue Expression (GTEx) Consortium is ultimately aimed 

at characterizing the nature of the regulatory variation in a comprehensive collection of human 

tissues and developing approaches to integrating this knowledge into “a systematic 

understanding of the cellular and biological consequences of human genetic variation”[30]. The 

first-phase of the project represents a large-scale survey of the human transcriptome using 

1,641 samples and 54 body sites. Gene expression clustering showed that the non-solid tissues 

(whole blood and LCLs) were the primary outlier and that tissue type was the main determinant 

of gene expression differences. This can have important implications for the use of blood and 

LCLs, because of their relative accessibility, as a model system or as a surrogate tissue for 

functional studies of GWAS findings. In contrast, clustering of splicing events showed that the 

brain tissues were the main outlier, suggesting the importance of this molecular process for 

determining brain tissue specificity. Of note, a third of the eQTLs found to be in linkage 

disequilibrium with GWAS SNPs were identified only with the use of multiple tissues. Besides 

proposing causal gene mechanisms for GWAS loci, the GTEx annotation of regulatory variation 

can propose the relevant tissue(s) of pathology for disease-associated variants, determine the 

context (tissue) specificity of the phenotypic impact of genetic variation, and investigate 

pleiotropic effects (highly relevant to neuropsychiatric traits) through multiple target genes in 

and across tissues[30].  

Integrative annotation systems may advance biological understanding of complex traits, 

as we have previously noted for bipolar disorder[14] through studies of genetic effects on 

methylation and gene expression in brain. Thus a bioinformatics resource, such as we 

developed in SCAN[12, 194], of results from genetical genomic studies[15] and studies of the 
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genetic architecture of molecular traits such as cytosine modification[13] in multiple 

continental populations would be an enhanced functional annotation system. Gene regulation 

is a complex molecular process and the crucial roles of epigenetic systems in this complexity, 

with downstream consequences for the genetic basis of complex traits, require comprehensive 

elucidation. The complex relationships among genetic variants, epigenetic systems and gene 

expression as higher-level molecular clues can illuminate key aspects of disease processes and 

improve prioritization of GWAS findings for downstream functional validation by more fully 

taking into account the enormous complexity of gene regulation. In addition, utilizing these 

relationships identified in multiple populations (i.e., in the present case, consisting of samples 

of European and African descent) and made publicly available through our bioinformatic 

resource may assist in the interpretation of diseases with substantial population disparity in 

prevalence or clinical outcome.  

Studies of alternative splicing (AS), a ubiquitous mechanism that gives rise to functional 

innovation in the genome, can further enhance genome annotation. Because of its broad 

impact on developmental processes and physiology[32] and on the development of trait 

complexity[33], dysfunctional splicing can have hitherto unrecognized influence on 

neuropsychiatric disease risk. Schizophrenia risk associated SNPs within the gene Disrupted-in-

schizophrenia-1 (DISC1) were reported to be associated with transcript isoforms levels of the 

gene[633] in the human brain with certain transcript isoforms more abundantly expressed in 

the hippocampus of schizophrenia patients but overall expression not significantly altered in 

patients. Thus, inter-individual variability in the expression of splice isoforms may be an 

important source (via regulatory variation) of genetic susceptibility to neuropsychiatric 
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disorders. However, although enormous progress has been achieved in characterizing the 

ubiquity of AS within the human species and its conservation across large evolutionary 

distances, we are far from a comprehensive understanding of its role in shaping phenotypic 

diversity and driving genome evolution. Of particular interest for us is that this cellular process 

– which underlies the development of molecular complexity and the diversification of protein 

structure – is pervasive in the nervous system[634] with AS events in the brain more highly 

conserved than those in other tissues, indicating conserved neural mechanisms and functions. 

Furthermore, AS may function to regulate gene expression[635] such as by creating isoforms 

degraded by nonsense mediated decay (NMD). This molecular coordination between AS and 

NMD as a mechanism for modulating protein abundance as well as for eliminating aberrant 

transcripts is likely to have widespread phenotypic consequences. It has been suggested that 

NMD underlies a regulatory connection between AS and epigenetics[636] in the mammalian 

brain. As we have previously noted[33], AS, as a complexity-generating molecular process, must 

be studied in its relation to other such molecular processes (e.g., RNA editing) – in particular, 

for our purposes here, for understanding the enormously complex circuitry[637] of the brain. 

Consistent with these findings, GTEx analysis of the human transcriptome[371] has shown that 

the brain has highly distinctive patterns of alternative splicing; for example, the brain has the 

greatest number of exons with differential inclusion (in a comparison of samples from a given 

tissue with the sample from the rest of the tissues). In an effort to develop a functional 

annotation system based on AS, we undertook a genome-wide scan of genetic variation in 

splicing regulatory elements (SREs) in the human genome, in search of signatures of natural 

selection and of outlier degree of population differentiation. Such SRE SNPs[32, 437] may exert 
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their regulatory effect by activating or disrupting the function of regulatory motifs. Our 

approach developed a test of selection on such regulatory variation and identified genetic loci 

with multiple (consensus-derived / robust) signatures of selection. In intronic regions, we 

observed a more pronounced enrichment of population-differentiated SNPs among the 

transcript ratio quantitative trait loci identified in LCLs than among the SRE SNPs in general 

(which themselves showed enrichment relative to non-SRE SNPs). Importantly, we found that 

the SRE annotation system is useful for detecting pathogenicity and for disease loci mapping, 

extending our early research on eQTL-based annotation[15]. In a study of potential 

translational and clinical relevance[16], we characterized the expression and alternative splicing 

of a class of genes important for drug absorption, distribution, metabolism and excretion (the 

so-called pharmacogenes) across pharmacologically relevant tissues and in LCLs, a widely used 

cell-based system for pharmacogenomic studies. We identified 183 novel (i.e., previously non-

annotated) splicing events in these genes and detected significant differential splicing between 

LCLs and the physiological tissues. For example, a novel 3’ splice site in SCN5A (which encodes a 

voltage-gated sodium channel crucial for cardiac conduction) in heart was found, leading to a 

premature stop codon that may trigger NMD. Sodium channels are molecular targets not only 

of antiarrhythmics but also of antidepressants and lithium[638]. Interestingly, antipsychotic and 

antidepressant drugs are known to increase the risk of arrhythmias and sudden cardiac 

death[639]. Studies of the mechanisms and predispositions underlying therapeutic efficacy and 

adverse response should be facilitated by the comprehensive functional annotation systems 

explored here. 
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Localization of function in the genome may also be fruitfully investigated through multi-

population genetic studies. For example, many of the genetic discoveries identified originally in 

samples of European descent can be further enhanced through trans-population fine-mapping 

studies aimed at pinpointing the causal variants responsible for the observed associations. 

Certainly, confirmation of the original finding in another population provides robust evidence 

for the association signal. But resolution of the causal variant may also be possible in multi-

population studies. Genomic regions of extensive linkage disequilibrium in European genomes 

may confound the discovery of causal variants in an associated locus, but taking into account 

the patterns of linkage disequilibrium across distinct populations may lead to a substantial 

reduction in the size of the “credible set” at the locus. Multi-population studies, however, pose 

their own methodological challenges. We found that type-I and type-II error rate may not be 

adequately controlled, using existing methods[305], in GWAS of admixed individuals. This can 

have enormous implications for studies of regulatory variation in such populations and, more 

broadly, in efforts to extend medical genetic studies to understudied populations.    

 

Future Perspectives 

The field of psychiatric genomics has come a long way in the last several years and 

identified a number of genetic variants reproducibly associated with disease risk. Technological 

and conceptual innovations have facilitated unbiased studies of the genome in search of 

genetic susceptibility variants. Big science, in the form of large-scale consortia efforts[18], has 

provided the context for a large number of the recent genetic discoveries, but small science[9] 
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too has a role to play in enabling conceptual advances and in dissecting the complexity of the 

biological phenomena. Much of this development in psychiatric genomics has been tied to one 

of the central findings in the field: for complex psychiatric traits, the individual genetic effects 

from common variation are generally small and the number of such susceptibility loci is large. 

This has prompted the collection of ever larger datasets (to achieve better power) and the 

development of novel analytic strategies (e.g., to estimate total genetic variance without having 

to identify any single variant).  

Some of the research described in this thesis concerns itself with one of the goals of a 

post-GWAS era – the precise characterization of the genetic mechanisms and the molecular 

processes and pathways that may give rise to disease predisposition at a disease-associated 

locus. We are still a long way from capitalizing on the growing number of genetic discoveries in 

the field and turning these into genuine biological insights. The challenges in elucidating the 

mechanism(s) behind a genetic association remain daunting. Conversely, the development of 

methods that incorporate the growing knowledge of genome function into the detection of 

susceptibility loci is critical and likely to lead to further advances, but may require 

computational (due to the volume of functional data) and interpretive (due to the nature of the 

data) advances. A complete characterization of the underlying mechanism at a disease-

associated locus surely involves the fine-mapping of causal variants. A number of fine-mapping 

methods (which attaches probabilities of causality to candidate variants) have been described 

in the literature[108], but, as in the case of mapping genetic susceptibility loci, large sample 

sizes may be needed to boost the power to distinguish between SNPs in extensive linkage 

disequilibrium. Instead of testing single variants (and subsequently conducting fine-mapping of 
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the causal variant in an associated locus), one can directly evaluate the mechanism, as we 

sought to do within the PrediXcan framework[10]. The framework may be extended to 

incorporate genetically driven methylation, histone modification and other regulatory 

processes as well as their complex interplay[640]. A limitation of the approach is the 

requirement of a reference panel in the particular tissue or cell type for the building of 

imputation models. Despite the unprecedented breadth of the GTEx transcriptome resource, 

some tissues and cell types are not represented. In addition, future studies will have to 

investigate the cell type specificity of epigenetic systems and the downstream consequences 

for human disease. Single-cell transcriptomics[641] will shed light on how genetic variation 

regulates the transcriptome at the single-cell level and on the determinants of cell type 

heterogeneity. Furthermore, by extending simple end-point analyses[91], longitudinal studies 

of molecular traits (e.g., gene expression) and complex phenotypes will yield important insights 

into genetic etiology despite the logistic challenges of accumulating these data and their unique 

methodological features (including missing data, serial correlation and time-dependent 

covariates[642]).    

Recognition of the polygenicity of a range of neuropsychiatric traits necessitates the 

development of new approaches to the functional characterization of “polygenic variation.” 

Although ever increasing GWAS sample sizes will likely enable detection of ever smaller effects, 

the clinical significance of this variation is not immediately clear. Polygenic risk score analysis is 

potentially of great translational relevance for neuropsychiatric traits, and indeed its first 

application to GWAS was done in schizophrenia and bipolar disorder[632], demonstrating the 

polygenicity of the traits as well as a shared polygenic component to these conditions. 
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However, assessment of the accuracy of genetic risk prediction for a range of neuropsychiatric 

conditions is still in its early stages. Clinically relevant prediction may require very large 

“training” samples, from which the predictors are generated, to obtain accurate estimation of 

the score[643]. Polygenic pleiotropy across the spectrum of neuropsychiatric conditions[19, 

644, 645] may inform alternative schemes to disease classification, fueling a genomics-based 

critical reappraisal of psychiatric nosology[646], with profound implications for diagnostic 

practice. As we proposed, polygenic risk score analysis using eQTLs in disease-relevant tissues 

and additional functional information may yield fruitful and informed lines of inquiry. SNP-

based heritability estimation is sensitive to residual population stratification[302] and other 

genotype-based artifacts, and novel statistical approaches (besides stringent quality control) 

may be required to guard against the artificial “heritability” that arises from non-genetic 

systematic differences between cases and controls (such as if cases and controls were 

independently genotyped)[276]. SNP-based estimation of heritability and genetic correlation in 

admixed populations will require new methodologies.     

A major challenge in the development of useful functional annotation systems is the 

problem of integration. The scale of the available data is impressive – from whole-genome, 

transcriptome, epigenome, proteome and metabolome studies[83, 630, 647-649]. The 

heterogeneity of the data in terms of data quality, protocol, size and structure presents 

methodological challenges. Especially for neuropsychiatric traits, integration of multiple omics 

data may be necessary to reflect the immense complexity of the brain and to bridge the gap 

between genome variation and clinical phenotype. A comprehensive understanding of the role 

of trans-regulatory mechanisms[280] will require even larger samples for eQTL mapping and 
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perhaps novel statistical methodologies but may provide an important source of novel biology 

underlying psychiatric disease predisposition. A major opportunity in the implementation of a 

clinically relevant annotation system is the stunning technological advance in targeted genome 

editing[263]. Application to model organisms and in vitro systems promises to accelerate 

discovery of gene function, and the development of annotation pipelines, based on genome 

editing, for establishing the causal function of GWAS loci is well underway[650].      

 

Summary 

There has been a rapid expansion in the number of genetic discoveries implicated in 

conferring risk to disease[3]. GWAS of complex traits have been central to many of these 

successes, yielding key insights into allelic architecture. Yet, it must be noted that despite the 

recent flurry of large-scale GWAS (i.e., with sample sizes in the tens of thousands) that have 

been conducted, a comprehensive understanding of the biological basis for disease remains 

elusive[15]. This is particularly true for neuropsychiatric traits such as schizophrenia – 

characterized by substantial morbidity and significant health, financial and societal 

burdens[651] – despite recent genetic findings with clear biological plausibility[83] but for 

which the precise molecular events originating from genetic variation and giving rise to a highly 

complex phenotype remain largely unknown.  

Reorienting genome analysis of disease toward functional characterization is a critical 

task (Part I). We described a framework[10] (chapter 2) that evaluates the imputed genetic 

component of gene expression for association with phenotype, proposing a causal direction of 
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effect (with crucial therapeutic implications) and a potential mechanistic basis for an observed 

association. The method showed improved prediction performance on gene expression over 

existing (single-SNP and gene-based) approaches. We then explored an approach to joint 

testing of multiple categories of function (chapter 3) in the genome using a variance 

component method and applied it to a genetic study of autism spectrum disorder (which is 

generally underpowered for SNP-based studies at current sample sizes), successfully identifying 

and replicating novel genes. This study demonstrated how functional annotations (such as 

being made available by large-scale surveys such as ENCODE[81] and GTEx[30]) can be used to 

map disease-associated loci. We characterized the genetic architecture of microRNA 

expression[11] (chapter 4) in lymphoblastoid cell lines, investigated genetic effects on the 

transcriptome through the lens of an important class of non-coding RNAs and showed that 

genetic variation may underlie the regulation of microRNA-mRNA interactions (and thus 

downstream phenotypic variation). MicroRNAs are predicted to target a third of all human 

mRNAs, and SNP-mediated regulation of microRNA expression was shown to be important for 

insights into known genetic associations with a range of complex phenotypes. Our study[14] 

(chapter 5) of methylation quantitative trait loci (mQTLs) as well as eQTLs in human cerebellum 

samples demonstrated the importance of epigenetic mechanisms for the pathophysiology of a 

psychiatric trait (bipolar disorder) and highlighted the value of these regulatory mechanisms for 

identifying novel genetic susceptibility loci for psychiatric traits. As the study showed, GWAS of 

neuropsychiatric traits are likely to benefit from genome-wide maps of mQTLs and eQTLs as 

well as from integrative analyses of the genetic regulation of the corresponding molecular 

processes through improved detection of disease-associated variation. Studies of regulatory 
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variation have been primarily conducted using SNPs, and our assessment of CNVs as eQTLs[17] 

(chapter 6) underscored the need to integrate more complex forms of genetic variation as 

molecular quantitative trait loci that may underlie disease mechanisms especially for psychiatric 

phenotypes like schizophrenia (and, more recently, bipolar disorder[652]), for which CNVs have 

been shown to confer disease predisposition. 

We sought to investigate the genetic architecture of psychiatric traits in a polygenic 

framework (Part II). In chapter 7, we undertook a comprehensive and systematic study of 

psychiatric traits using an unprecedented collection of samples from 10 brain regions as well as 

select non-brain tissues (thus facilitating the exploration of hypothesized connections with 

immune-related disorders, neuroendocrine function and certain co-morbidities). We showed 

that eQTLs account for a substantial proportion of the heritability to these traits, facilitate 

improved detection of novel risk loci and capture a large fraction of the genetic correlations 

between psychiatric disorders. Our study represents the most comprehensive transcriptome 

study of psychiatric traits to date, showing the utility of transcriptome data in brain and non-

brain tissues for improved detection of novel genetic effects on psychiatric traits and for 

functional characterization of known disease-associated loci. We presented a variance-

component method (chapter 8) to quantify the heritability of bipolar disorder attributable to a 

class of SNPs enriched for prior evidence for function, namely eQTLs identified in two brain 

regions, showing that this class of SNPs disproportionately account for phenotypic variance 

(given their count); we have applied the same method to investigate the genetic architecture of 

other psychiatric traits (Tourette syndrome and obsessive compulsive disorder[23]) from the 

point of view of function.  We then analyzed CNVs [25] (chapter 9) in a polygenic framework by 
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partitioning the heritability of psychiatric traits according to known CNV and copy number 

stable regions and showed that such a framework may be useful for dissecting the genetic basis 

of psychiatric traits and may shed light on shared etiology for traits with substantial genetic 

correlation[19, 23]. We conducted a theoretical study[29] (chapter 10) of the G-REML 

framework in the presence of phenotype noise as well as under certain assumptions on the 

spectrum (the set of eigenvalues) of the genetic relatedness matrix (GRM), underscoring its 

robustness to phenotype measurement noise and to perturbations in the GRM; in addition, we 

investigated a test (of special relevance to large-scale GWAS and studies in population genetics) 

that utilizes the eigenvalues of the GRM to distinguish between non-random population 

structure and random expectation.  

 We presented several studies (Part III) aimed at functional characterization of genetic 

variation. We described[30] (chapter 11) results from the pilot phase of the GTEx project using 

1641 samples across 43 tissues to characterize tissue-specific and shared regulatory variation. 

One of the notable findings was that candidate causal genes implicated by eQTL annotation and 

those proposed by physical proximity for trait-associated SNPs are very often discordant. This 

work greatly extends earlier studies[12] (chapter 12), which implemented an integrative 

annotation pipeline on transcriptional and epigenetic regulation (in this case, investigated using 

multiple continental populations) for the functional interpretation of genetic variation. We 

developed a bioinformatics resource to facilitate the use of the annotation system. Alternative 

splicing, as a cellular mechanism that drives molecular complexity and functional innovation, 

can have profound implications for genome evolution and may interact with other molecular 

processes such as gene duplication to generate phenotypic diversity, suggesting that 
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evolutionary analyses of splicing may be particularly useful for annotating the genome with 

function (chapter 13). Splicing regulation is a relatively understudied mechanism, and we 

sought to fill this lacuna by investigating the properties of genetic variation that disrupts 

splicing regulatory elements (SREs) and found evidence for robust signatures of natural 

selection and enrichment for population differentiation among these regulatory elements 

(chapter 14). We investigated the contribution of the resulting genetic variation in SREs to 

disease predisposition, demonstrating the utility of the annotation for mapping disease-

associated loci for a range of disorders. In efforts to decipher genome function that has obvious 

translational and clinical relevance, we characterized gene expression variation and identified 

novel splicing events in the so-called pharmacogenes involved in drug absorption, distribution 

metabolism and excretion (chapter 15), revealing substantial variation in expression and 

splicing across tissues and individuals. In addition to the clear importance of molecular traits 

and processes (such as transcription and splicing) for deciphering the causal function of genetic 

variation, studies in global populations will be crucial for a more complete understanding of the 

functional consequences of genetic variation and our study (chapter 16) of the relationship 

between type-I and type-II error rate and population divergence in multi-ethnic GWAS showed 

that widely-used existing methods may not adequately control error rate in genetic studies 

involving admixed populations. Previously, we showed that common genetic variation 

contributes to ethnic disparities in (neuroblastoma) phenotype and employed local ancestry (as 

opposed to global ancestry as, for example, provided by principal components analysis) in a 

genetic association study in admixed African American patients to localize genetic signals 

previously identified in samples of European descent (chapter 17). But much more remains to 
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be done methodologically for samples with highly complex admixture, and subtle confounding 

arising from population stratification remains a continuing concern for efforts to localize 

function through trans-ethnic analyses as large-scale meta-analyses become more common.  
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In het afgelopen decennium was er een snelle toename in de identificatie van 

genetische variaties welke de kans op een aandoening vergroten [3]. Genoomwijde associatie 

studies (GWAS) van complexe aandoeningen zijn centraal geweest voor veel van deze 

successen, en hebben geleid tot nieuwe inzichten in de genetische architectuur van complexe 

aandoeningen. Echter, ondanks de uitvoering van vele grootschalige genetische studies (met 

sample groottes in de orde van tienduizenden), ontbreekt een volledig begrip van de 

biologische basis van complexe ziektes nog steeds [15]. Dit is vooral het geval bij (hoog 

erfelijke) psychiatrische aandoeningen zoals schizofrenie, een aandoening gekenmerkt door 

een hoge morbiditeit en een grote impact op gezondheid, financien en maatschappij [651]. De 

bevindingen in de Genoom Wijde Associatie studies (GWAS) van schizofrenie zijn biologisch 

zeer plausibel [83] maar de exacte moleculaire processen welke ten grondslag liggen aan deze 

complexe aandoening zijn nog steeds grotendeels onbekend.  

Daarom is de functionele karakterisatie van de resultaten van genetische analyses een 

kritische stap (Deel 1). Wij beschreven een methode [10] (hoofdstuk 2) waarmee de genetische 

component van genetische expressie  in GWAS samples geimputeerd kan worden om 

vervolgens de associatie met een uitkomstmaat te testen. Op basis van deze analyse kan een 

causale relatie (met cruciale therapeutische implicaties) tussen genetische markers en de 

uitkomstmaat en een mogelijke mechanistische basis van de geobserveerde associatie bepaald 

worden. Deze methode verbetert de predictie van gen expressie in vergelijking tot bestaande 

methoden welke gebruik maken van individuele genetische varianten.  
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Vervolgens onderzochten we hoe meerdere functionele categorieen (hoofdstuk 3) in 

het genoom gezamenlijk onderzocht kunnen worden met behulp van een variantie-

componenten methode en we pasten deze benadering toe op een genetische studie naar 

autisme spectrum aandoeningen. In deze studie ontdekten we nieuwe genen en repliceerden 

deze in onafhankelijke samples terwijl genetische studies naar deze complexe aandoening 

normaliter niet voldoende statistische power hebben om genetische varianten te identificeren. 

Hiermee demonstreerden we hoe functionele annotaties op basis van grootschalige studies 

zoals ENCODE [81]  en GTEx [30] gebruikt kunnen worden om ziekte-regelateerde genetische 

loci te lokaliseren.  

We verkenden de genetische architectuur van microRNA expressie[11] (hoofdstuk 4) in 

lymphoblastoide cellijnen, onderzochten de genetische regulatie van het transcriptome op 

basis van deze niet-coderende microRNAs en toonden aan dat genetische variatie ten grondslag 

kan liggen aan de associaties tussen  microRNA en mRNAs (en daarmee ook aan de daaraan 

gerelateerde fenotypische variatie). MicroRNAs reguleren de expressive van een derde van alle 

menselijke mRNAs terwijl SNP-gemedieerde regulatie van microRNA expressive van belang is 

voor meer inzicht in de bekende genetische associaties met verschillende complexe fenotypes.   

Onze studie [14] (hoofdstuk 5) van quantitatieve trait loci welke methylatie beinvloeden 

(mQTLs) alsook van quantitatieve trait loci welke genetische expressive beinvloeden (eQTLs) in 

de cerebellum van mensen, lieten zien hoe belangrijk de genetische regulatie van epigenetische 

fenomenen is voor de pathofysiologie van de bipolaire aandoening. Op basis van de resultaten 

in dit hoofdstuk kunnen we veronderstellen dat GWAS van neuropsychiatrische eigenschappen 

baat zullen hebben bij genoomwijde karakterisatie van mQTLs en eQTLs. Integrale analyses van 
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de genetische regulatie op basis van deze moleculaire processen kan leiden tot verbeterde 

identificatie van ziekte-geassocieerde genetische variatie.  

Studies naar de regulatie van genetische expressie zijn met name uitgevoerd in relatie 

tot Single Nucleotide Polymorphisms (SNPs) en onze analyse van Copy Number Variants (CNVs) 

als eQTLs [17] (hoofdstuk 6) toonde aan dat het van belang is om meer complexe vormen van 

menselijke genetische variaties als moleculaire QTLs te onderzoeken. Het in kaart brengen van 

de associaties tussen genetische expressie en CNVs is met name van belang binnen de 

psychiatrie (bv schizofrenie en meer recent ook bipolar aandoening[652]), aangezien is 

aangetoond dat CNVs bijdragen aan de kwetsbaarheid voor deze ziektes.  

We hadden tot doel de genetische architectuur van psychiatrische aandoeningen binnen 

een polygeen model te onderzoeken (Deel II). In hoofdstuk 7 beschrijven we een uitgebreide 

systematische studie van een ongekend grote verzameling van postmortem samples van 10 

regio’s in de hersenen en een aantal geselecteerde regio’s buiten de hersenen (waarmee we de 

samenhang met immuungerelateerde aandoeningen, neuroendocriene functies en bepaalde 

comorbiditeiten onderzochten). We lieten zien dat eQTLs een substantieel deel van de 

erfelijkheid van psychiatrische aandoeningen verklaren, de identificatie van nieuwe genetische 

risicofactoren faciliteren en een groot deel van de genetische correlaties tussen psychiatrische 

aandoeningen verklaren. We presenteerden een variantie-componenten methode om de 

erfelijkheid van bipolaire aandoening te kwantificeren op basis van een specifieke klasse van 

SNPs verrijkt op basis van functionele informatie; eQTLs in twee brein regio’s (hoofdstuk 8). 

Dezelfde methode werd ook gebruikt om de genetische architectuur van andere psychiatrische 

aandoeningen (het syndroom van Gilles de la Tourette en obsessief-compulsieve aandoening) 
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te onderzoeken.   Vervolgens onderzochten we de rol van CNVs [25] (hoofdstuk 9) in een 

polygeen model door de erfelijkheid van psychiatrische aandoeningen onder te verdelen op 

basis van de erfelijkheid verklaard door regio’s met CNVs vs. regio’s zonder CNVs. We lieten 

zien dat dit model gebruikt kan worden om de genetische basis van psychiatrische 

aandoeningen te analyseren en om de gedeelde etiologie van aandoeningen met een 

substantiele genetische correlatie in kaart te brengen [19, 23].  In een theoretische studie van 

het functioneren van het G-REML model [29] (hoofdstuk 10) in de aanwezigheid van meetfout 

alsook in een situatie waarin niet voldaan wordt aan bepaalde aannames van de structuur van 

de genetische-relatie matrix (GRM), lieten we zien dat de methode voldoende robuust is. 

Daarnaast  onderzochten we een test (vooral relevant voor grootschalige GWAS studies en 

studies binnen de populatie genetica) welke de eigenwaarden van de GRM gebruikt om vast te 

stellen of de mate van populatie stratificatie significant afwijkt van de verwachte waarde op 

basis van kans.  

Verschillende studies waren gericht op de functionele karakterisatie van genetische 

variatie (Deel III). We beschreven [30] (hoofdstuk 11) resultaten van de eerste fase van het 

GTEx project gebaseerd op 1641 samples en 43 weefsels waarin de weefsel-specifieke en niet-

specifieke regulatoire variatie in kaart gebracht werd. Een opvallende bevinding was dat genen 

welke zich fysiek nabij een ziekte-gerelateerde variant bevinden, vaak niet overlappen met de 

genen welke   geimpliceerd worden op basis van de eQTL annotatie analyses. Dit werk bouwt 

voort op eerdere studies [12] (hoofdstuk 12), waarin verschillende annotaties op basis van 

transcriptie en epigenetische regulatie geintegreerd werden voor de functionele interpretatie 

van genetische variatie. We ontwikkelden in hoofdstuk 12 een bioinformatische tool waarmee 
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het gebruik van functionele annotaties vereenvoudigd wordt. Alternative splicing, een cellulair 

mechanism wat een drijvende kracht is voor moleculaire complexiteit en functionele innovatie, 

kan grote implicaties hebben voor de evolutie van het genoom en kan mogelijk interacteren 

met andere moleculaire processen zoals de duplicatie van genen en zo fenotypische diversiteit 

bewerkstelligen. We veronderstelden dat evolutionair informatieve analyses van splicing van 

nut konden zijn voor functionele annotaties van het genoom (hoofdstuk 13). Het reguleren van 

splicing is een mechanisme wat nog slechts met mate onderzocht is en we beoogden daarom 

de eigenschappen van genetische variaties welke genetische splicing reguleren (Splicing 

regulatoire elementen; SREs) te onderzoeken. We vonden dat deze regulatoire elementen 

verrijkt zijn voor signaturen van natuurlijke selectie en populatie differentiatie (hoofdstuk 14). 

We ondezochten de rol van genetische variatie in SREs met betrekking tot kwetsbaarheid voor 

ziekte en lieten zien dat deze klasse van varianten bruikbaar is voor het lokaliseren van ziekte-

gerelateerde genetische varianten voor verschillende aandoeningen. Met als doel een betere 

functionele karakterisatie van de genen met duidelijke translationele en klinische relevantie, 

richten we ons vervolgens ook op de farmacogenen en brachten de variatie in genetische 

expressie van deze genen in kaart en identificeerden we variatie in splicing in deze groep van 

genen. Deze farmacogenen spelen een rol bij de absorptie, het metabolisme en de excretie van 

geneesmiddelen (hoofdstuk 15), en vertonen substantiele variatie in expressie en splicing 

tussen tissues en individuen. Studies in verschillende etnische populaties zullen van groot 

belang zijn voor het begrijpen van de functionele consequenties van genetische variaties. Onze 

studie (hoofdstuk 16) naar de relatie tussen type-I and type-II fout en populatie divergentie in 

multi-etnische GWAS liet zien dat veelgebruikte methoden de statistische fouten niet adequaat 
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controleren wanneer populaties onderzocht worden gekenmerkt door genetische admixture. In 

een eerdere studie, lieten we al zien dat genetische variatie bijdraagt aan etnische verschillen in 

neuroblastima waarbij we een maat van lokale ancestry (in tegenstelling tot globale ancestry) 

gebruikten in een genetische associatie studie van een admixed Afrikaans-Amerikaans sample 

van patienten om genetische signalen welke eerder in een Europees sample gevonden waren 

preciezer te lokaliseren (hoofdstuk 17). Echter, er moet nog meer methodolgisch onderzoek 

gedaan worden naar samples met een complexe vorm van admixture en zelfs een lichte mate 

van populatie stratificatie blijft een bron van zorg bij grootschalige meta-analyses.  
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