
Multi-tissue polygenic models for transcriptome-wide association1

studies2

Yongjin Park,1, 2, ∗ Abhishek Sarkar,1, 2, ∗ Kunal Bhutani,3 and Manolis Kellis1, 2, †3

1Computer Science and Artificial Intelligence Laboratory,4

Massachusetts Institute of Technology,5

Cambridge, MA,6

USA7

2Broad Institute of MIT and Harvard,8

Cambridge, MA,9

USA10

3Department of Bioinformatics & Systems Biology,11

University of California,12

San Diego, CA,13

USA14

I. ABSTRACT1

Transcriptome-wide association studies (TWAS) have proven to be a powerful tool to identify genes associated2

with human diseases by aggregating cis-regulatory effects on gene expression. However, TWAS relies on3

building predictive models of gene expression, which are sensitive to the sample size and tissue on which4

they are trained. The Gene Tissue Expression Project has produced reference transcriptomes across 535

human tissues and cell types; however, the data is highly sparse, making it difficult to build polygenic6

models in relevant tissues for TWAS. Here, we propose fQTL, a multi-tissue, multivariate model for mapping7

expression quantitative trait loci and predicting gene expression. Our model decomposes eQTL effects8

into SNP-specific and tissue-specific components, pooling information across relevant tissues to effectively9

boost sample sizes. In simulation, we demonstrate that our multi-tissue approach outperforms single-tissue10

approaches in identifying causal eQTLs and tissues of action. Using our method, we fit polygenic models11

for 13,461 genes, characterized the tissue-specificity of the learned cis-eQTLs, and performed TWAS for12

Alzheimer’s disease and schizophrenia, identifying 107 and 382 associated genes, respectively.13

II. INTRODUCTION14

A fundamental barrier to interpreting the role of non-coding genetic variation identified by genome-wide15

association studies (GWAS) is understanding how specific single nucleotide polymorphisms (SNPs) cause16

changes in gene expression, and how those changes in expression lead to downstream phenotypes. Recently,17

transcriptome wide association studies (TWAS) have proven to be a powerful tool to predict the impact18

of cis-regulatory regions on expression and directly associate genes with downstream disease phenotypes1,2.19

The key idea of TWAS is to train multivariate expression quantitative trait loci (eQTL) models on reference20

expression panels, use these models to predict (impute) unobserved gene expression in large scale GWAS21

cohorts, and compute association statistics by regressing phenotype directly onto imputed gene expression.22

The success of TWAS is dependent on the sample size of the expression reference panel and the tissue23

in which expression was measured. The Gene Tissue Expression (GTEx) Project has produced reference24

expression profiles for 450 individuals across 53 tissues; however, only a subset of individuals were measured25

for each tissue3. The GTEx dataset is highly sparse: 70% of individual-tissue-gene expression observations26
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are missing. Here, we seek to improve polygenic eQTL modeling by pooling information across tissues to27

both overcome limited sample size and improve prediction accuracy.28

Previously proposed multi-tissue (multi-trait) QTL approaches have primarily focused on identifying the29

tissue of action using Bayesian model comparison4,5. However, combinatorial searches over models quickly30

become intractable; for example, to find the best model for 20 tissues, we need to compare millions of31

candidate models for each gene. Moreover, existing approaches still assume independence of SNPs and train32

univariate eQTL models. In parallel, several multivariate regression methods have been proposed to identify33

causal eQTLs within single tissues, based either on forward selection6 or Bayesian variable selection7–9.34

Here, we propose factored polygenic QTL analysis (fQTL), a multi-response, multivariate regression model35

for eQTL mapping, to jointly identify causal eQTLs and tissues of action. Our model has several advantages36

over existing methods: (1) We fit a multivariate regression model jointly modeling the effect of all cis-SNPs37

on expression while performing variable selection over SNPs in linkage disequilibrium (LD). (2) We jointly38

model multiple gene expression vectors across tissues within a single unified model to pool information across39

relevant tissues. (3) We factorize the SNP by tissue effect size matrix into genomic location-dependent and40

tissue-dependent components, improving the interpretability of the fitted model. We demonstrate that our41

approach outperforms existing methods in a variety of realistic simulations. We trained fQTL models for42

13,641 genes on the GTEx reference cohort, used them to characterize multi-tissue regulatory contexts in43

TWAS analysis of Alzheimer’s disease (AD) and schizophrenia (SCZ), and identified 107 AD-associated and44

382 SCZ-associated genes. Several of the genes provide interesting clues to disease mechanisms and should be45

further investigated in follow-up studies. We have made software implementing the method, trained model46

weights, and full TWAS summary statistics publicly available (https://github.com/ypark/fqtl).47

III. METHODS48

A. Factored QTL model specification49

We propose fQTL, a multi-response, multivariate regression approach to jointly model gene expression across50

tissues and individuals. For each gene, we assume the columns of the n ×m (individual-by-tissue) gene51

expression matrix Y are normalized to be approximately Gaussian. We regress Y onto the n× p genotype52

matrix X, which is centered (but not scaled). We fit a linear model:53

Yit ∼ N (E[Yit | ·],V[Yit | ·])

E[Yit | X, ·] =
p∑
j=1

XijΘjt

V[Yit | ·] = 1
n

n∑
i=1

(Yit − E[Yit | ·])2

︸ ︷︷ ︸
empirical error

+ Vmin︸︷︷︸
for numerical stability

+ Vmaxσ(θvar,t)︸ ︷︷ ︸
unexplained variance

We define Θjt to be the effect of SNP j on gene expression of that gene in tissue t. We define54

σ(z) = 1/(1 + exp(−z)) and we set Vmax = V[y] and Vmin = 10−4Vmax.55

The key idea of fQTL is that we assume the eQTL effect size matrix Θ can be decomposed into tissue-invariant56

components θsnp and tissue-dependent components θtis:57

Θjt =
K∑
r=1

θsnp
jr (θtis)>rt,
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Here, we assume K = 1 for ease of interpreting the results, although our inference algorithm (described58

below) supports fitting arbitrary K ≤ m.59

The fundamental problem in fitting a multivariate regression on genotypes X is co-linearity of the columns60

of X due to LD. Co-linearity causes ordinary regression to be ill-posed (infinitely many solutions), but a61

Bayesian regression with the spike and slab prior can successfully solve the variable selection problem10–15.62

Here, we assume the spike and slab (point-normal mixture) prior on each column of θsnp and θtis. Considering63

one of the columns θ:64

p(θj | τ, π) ∼ πN
(
θj ; 0, τ−1)+ (1− π)δ0(θj)

where N(x; ·, ·) denotes the Gaussian density and δ(x) denotes the Dirac delta function (point mass at zero).65

B. Stochastic variational inference66

For our model, the spike and slab prior is non-conjugate to the likelihood. Therefore, estimating the posterior67

distribution of θ requires either Markov Chain Monte Carlo (MCMC)16,17, expectation propagation18,19,68

or variational inference13,20. Based on our preliminary experiments, we chose not to use MCMC due to69

convergence problems. Instead, we perform variational inference: we re-cast the problem as an optimization70

problem over variational parameters Ψ = (α, β, γ), finding the best mean-field approximating distribution71

q(θ | Ψ) to the intractable posterior p(θ | X,Y ).72

q(θ | Ψ) =
∏
j

q(θj | αj , βj , γj)

q(θj | αj , βj , γj) = αjN
(
βj , γ

−1
j

)
+ (1− αj)δ(θj)

Under the variational approximation, the parameters θj are mutually independent and their means and73

variances (approximate posterior means and posterior variances) can be written in terms of the variational74

parameters:75

Eq[θj ] = αjβj

Vq[θj ] = αjγ
−1
j + αj(1− αj)β2

j

Our goal is to find the q with minimum KL-divergence with p by optimizing over Ψ; however, in general76

the KL-divergence does not have an analytic form. Instead, we solve an equivalent optimization problem,77

maximizing the evidence lower-bound (ELBO):78

L = Eq[ln p(y, θ | X)]− Eq[ln q(θ)]
= Eq[ln p(y | X, θ)]︸ ︷︷ ︸

reconstruction error

−KL(q(θ | Ψ)‖p(θ | ·))︸ ︷︷ ︸
regularizer

Prior work derived coordinate ascent updates to maximize the ELBO assuming hyperparameters (π, τ, σ2)79

were fixed13. The method is scalable due to fast convergence, but is sensitive to the hyperparameters and80

to the initialization of the variational parameters. In practice, the algorithm requires two outer loops of81

importance sampling steps over the hyperparameter space: one to find an optimal initialization, and one to82

actually perform the optimization from a warm start.83
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We instead used stochastic optimization to optimize the variational objective, an approach known as stochastic84

variational inference (SVI)21,22. The key idea is to perform gradient ascent, taking steps along the natural85

gradient of the objective function23 with respect to the variational parameters:86

∇ΨL = ∇ΨEq[ln p(y | X, θ)]−∇ΨKL(q(θ)‖p(θ))
Ψ(t+1) = Ψ(t) + λ∇ΨL

For our choice of approximating family q, the regularizer term above has an analytic form, as previously87

derived13:88

KL(q(θ | Ψ)‖p(θ | ·)) =1
2
∑
j

αj
(
1 + ln τ − ln γj − τ(γ−1

j + β2)
)

−
∑
j

(
aj ln

(aj
π

)
+ (1− αj) ln

(
1− αj
1− π

))

Although we can analytically take gradients of the regularizer (not shown), our use of the spike and slab89

prior means it is not possible to take gradients of Eq[ln p(y, | X, θ)]. We use the log-derivative trick to obtain90

an unbiased estimator for the natural gradients (see Supplementary Methods)21:91

∇ΨEq[ln p(y | X, θ)]

≈ 1
S

S∑
s=1

ln p(y | X, θ(s))∇Ψ ln q(θ(s)), θ(s) ∼ q(θ(s))

Naive implementation of SVI is slow to converge because of the variance of the stochastic gradient. To speed92

up convergence, we used a variance reduction technique known as control variates21,22, developing a novel93

control variate for our problem (see Supplementary Methods). We additionally re-parameterized the model94

in terms of the genetic values η = Xθ, a parameterization which has been previously studied24,25. This95

parameterization has several advantages: (1) We avoid sampling p-vectors θ, reducing the computation time96

for n < p (which is true in our setting). (2) We further reduce the variance of the stochastic gradient25.97

Even with variance reduction techniques, the convergence rate and sparsity of the final fitted model is98

highly sensitive to the hyperparameters and learning rate. We developed a variational approximation for the99

hyperparameters (see Supplementary Methods) which allowed us to simultaneously fit the model parameters100

θ and hyperparameters (π, τ). We tuned the learning rate on simulated datasets, finding that a fixed value101

0.01 worked well.102

C. Factored QTL model inference103

In order to fit fQTL using SVI, we only need to characterize the distribution of η under the variational104

approximation, relying on a previously derived result for the variance of the product of two random vectors26:105

ηit ∼ N

 p∑
j=1

XijE[Θjt],
p∑
j=1

X2
ijV[Θjt]


E[Θ] = E[θsnp]E[θtis]>

V[Θ] = V[θsnp]V[θtis]>

+ (E[θsnp] ◦ E[θsnp])V[θtis]>

+ V[θsnp](E[θtis] ◦ E[θtis])>
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where ◦ denotes elementwise multiplication.106

D. Simulation study107

We simulated multi-tissue gene expression matrices Y using genotypes in 450 individuals from the specified108

cis-regulatory window around each gene, varying the number of causal eQTLs, the number of tissues of action,109

and the proportion of variance of gene expression h2 explained by SNP-specific effects. For each setting, we110

simulated 175 randomly chosen genes. We matched the number of missing observations in each tissue to the111

number of missing observations in each GTEx tissue. We then quantile-normalized the generated expression112

values to match real GTEx expression profiles.113

We sampled SNP-specific effects θsnp
j and tissue-specific effects θtis

t from the standard normal distribution.114

We then generated gene expression within tissues with non-zero tissue effect (i.e., tissues within which gene115

expression could also be genetically controlled) using a linear model17,27:116

yit = ηit + εi

ηit =
p∑
j=1

Xijθ
snp
j θtis

t

εi ∼ N
(

0,
(

1
h2 − 1

)
V[ηt]

)
For tissues with zero tissue effect, we sampled expression values from N (0,V[ηt]).117

E. Identification of tissues of action in GTEx118

We obtained individual genotypes and gene-level RNA-seq read counts from the GTEx consortium (version119

6). We restricted our analysis to coding genes annotated by GENCODE v19 and tissues with sample size120

n ≥ 50. Within each tissue, we further restricted to genes having read count greater than 10 in at least121

50% of samples. To convert read counts to logarithmic scale, rlog transformed the data using the DESeq2122

package28. We confirmed after the rlog transformation there was no mean-variance correlation.123

For GTEx gene expression, significant PVE is attributable to experimental and technical confounding124

variables. For each tissue, we jointly fit a polygenic QTL model and performed sparse matrix factorization of125

the residual to identify non-genetic, technical confounders on the 1000 most variable genes in each tissue.126

We modeled the k-th most variable gene’s expression in i-th sample as:127

ηik =
K∑
r=1

UirV
>
rk +

p∑
j=1

XijΘjk

Here, the matrix of genetic effects Θjk denotes the effect of SNP j on gene k. We fixed Θjk = 0 if SNP128

j was not located within the specified cis-regulatory window of gene k. We enforced rank sparsity of the129

factorization by assuming a group spike and slab prior18 on U and V (see Supplementary Methods). We130

defined learned covariates as columns of U with column posterior inclusion probability PIP > 0.5. We131

included these learned covariates as well as known covariates in subsequent analysis by introducing another132

linear term in our original model:133

E[Yit | X, ·] =
p∑
j=1

XijΘjt +
q∑

k=1
CikΛkt
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To account for correlations between the columns of C, we assume the spike and slab prior on the elements134

Λkt, and incorporate the entire matrix into our stochastic variational inference algorithm described above.135

F. TWAS using factored QTL effects136

We perform tissue-specific TWAS by defining tissue-specific QTL effects θt = θsnpθtis
t . Prior work proposed a137

summary-based TWAS statistic T = z>θt and characterized its null distribution1. However, the proposed138

statistic depends only on a point estimate of θt, while our factored QTL model estimates both a posterior139

mean and a posterior variance of θt.140

We derive the null distribution of T , accounting for the posterior variance of the estimated effects. As before,141

we assume the null distribution of GWAS z-scores follows the multivariate Gaussian distribution, z ∼ N (ẑ, R)142

where the covariance matrix R = X>X/n is estimated from the GWAS cohort genotypes (or approximated143

using a reference cohort).144

Using previously derived results for the mean and variance of the inner product of two stochastic vectors26,145

we can define V[θsnpθtis
t ], and use the same result to define V[z>θt].146

E[T ] = ẑ>E[θt]
V[T ] = E[θt]>RE[θt] + ẑ>V[θt]ẑ + tr(V[θt]R)

Compared to the previously derived null distribution, the null distribution of our TWAS statistic has two147

additional terms in the variance which additionally penalize the model complexity of the polygenic QTL148

model. This modified variance leads to a more conservative hypothesis test.149

We performed summary-based tissue-specific TWAS using our method for Alzheimer’s disease and schizophre-150

nia. We downloaded summary statistics for Alzheimer’s disease from the International Genomics of151

Alzheimer’s Project (http://web.pasteur-lille.fr/en/recherche/u744/igap/igap_download.php) and statistics152

for schizophrenia from the Psychiatric Genetics Consortium (http://www.med.unc.edu/pgc).153

International Genomics of Alzheimer’s Project (IGAP) is a large two-stage study based upon genome-wide154

association studies (GWAS) on individuals of European ancestry. In stage 1, IGAP used genotyped and155

imputed data on 7,055,881 single nucleotide polymorphisms (SNPs) to meta-analyze four previously-published156

GWAS datasets consisting of 17,008 Alzheimer’s disease cases and 37,154 controls (The European Alzheimer’s157

disease Initiative – EADI the Alzheimer Disease Genetics Consortium – ADGC The Cohorts for Heart158

and Aging Research in Genomic Epidemiology consortium – CHARGE The Genetic and Environmental159

Risk in AD consortium – GERAD). In stage 2, 11,632 SNPs were genotyped and tested for association in160

an independent set of 8,572 Alzheimer’s disease cases and 11,312 controls. Finally, a meta-analysis was161

performed combining results from stages 1 & 2.162

IV. RESULTS163

A. Factored QTL model specification and inference164

We propose fQTL, a multi-response, multivariate regression approach to jointly model gene expression variation165

across individuals and tissues. For each gene, we fit a linear model regressing expression in individuals i and166

tissues t against cis-SNPs j:167

E[Yit | X, ·] =
p∑
j=1

XijΘjt
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The key idea of fQTL is to assume the eQTL effect size matrix Θ can be decomposed into tissue-invariant168

components θsnp and tissue-dependent components θtis:169

Θjt =
K∑
r=1

θsnp
jr (θtis)>rt

In this study, we focus on K = 1 for intuitive interpretation, although our method supports arbitrary K.170

In this case, the intuition behind the factorization is that the estimated effect of a specific SNP on gene171

expression in a specific tissue could be explained by several possible mechanisms. (1) The variant might172

disrupt a regulatory motif and alter transcription factor binding, altering gene expression. (2) The region173

harboring the variant might not be active in the specific tissue, due to reduced chromatin accessibility or174

altered epigenomic modifications. (3) The upstream transcription factor which mediates the effect of the175

SNP might be differentially expressed in the specific tissue. Explanation (1) implies the effect is invariant176

across tissues since it is determined solely by sequence, while explanations (2) and (3) can be tissue-specific.177

By factorizing the matrix of effects Θ, we allow our model to fit both types of effects. As K increases, we178

posit the existence of different causal eQTLs for different subsets of tissues, but do not explore this possibility179

in this study.180

The challenge in fitting polygenic QTL models is that the columns of X are co-linear due to LD, and181

we need to select a sparse set of relevant predictors using the spike and slab prior13. This prior is non-182

conjugate to the likelihood, preventing its widespread use in polygenic modeling. We developed a general183

computational framework to efficiently perform approximate Bayesian inference with this prior in large-scale184

sparse regression models. The key ideas of our approach are: (1) We use techniques from from black-box185

variational inference to allow rapid model specification and implementation22. (2) We develop novel variance186

reduction techniques to improve stochastic variational inference for these models21. (3) We use our framework187

to implement sparse regression and matrix factorization, which are the building blocks of fQTL. We have188

made C++ source code implementing the framework and an R package wrapping the models publicly available189

(https://github.com/ypark/fqtl).190

Our analysis pipeline is shown in Fig. 1. For each tissue, we jointly performed matrix factorization and191

multi-response (across genes rather than across tissues), multivariate cis-eQTL mapping to learn non-genetic192

covariates on the 1,000 most variable genes. We then corrected both known and learned covariates in all193

genes and fit our multi-tissue fQTL model including SNPs from 500kb upstream of the transcription start194

site to 500kb downstream of the transcription end site. Finally, we used the estimated SNP and tissue effects195

to perform tissue-specific TWAS, accounting for the posterior variance of the estimated QTL effects.196

B. Simulation study197

We evaluated fQTL in realistic simulations and found it outperformed existing methods for a variety of198

scenarios. We estimated the statistical power for two inference problems: (1) identifying the causal SNPs199

and (2) identifying the tissues of action. We compared fQTL to the following methods:200

• Single-tissue polygenic QTL models, which we refer to as sQTL (equivalent to fQTL with one tissue201

and θtis = 1)202

• Lasso regression29, implemented in glmnet R package30 (LASSO). We tuned the regularization hyper-203

parameter λ by cross validation.204

• Elastic-net31 regression, implemented in glmnet R package30 (ElasticNet). We tuned the regulariza-205

tion hyperparameter λ by cross validation, but we fixed the ridge-lasso tradeoff parameter to α = 0.5,206

which was used in previous TWAS analysis2.207

We additionally sought to compare fQTL to the Bayesian sparse linear mixed effect model (BSLMM)208

implemented in GEMMA17,32. However, in preliminary experiements BSLMM could require an infeasible209

number of Markov Chain Monte Carlo iterations depending on the number of cis-SNPs. Furthermore, the210
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convergence rate of the algorithm varied from gene to gene, so we did not include BSLMM in our analysis.211

In our experiments, when the model converged it performed equivalently to Elastic-net and sQTL.212

A key problem in performing the proposed inference tasks is setting thresholds for discovery on the estimated213

model effect sizes. For causal variant prediction, we ranked SNP-tissue pairs according to the magnitude214

of regression coefficients |Θjt| in decreasing order and calculated false discovery rate (FDR) and power215

using the PRROC package in R33,34. For tissue of action prediction, we calculated the proportion of variance216

explained (PVE) of gene expression by tissue-specific effects V[Xθsnpθtis
t ]/V[yt]. We then ranked tissues in217

the decreasing order of PVE and calculated FDR and power.218

We simulated multi-tissue expression datasets matching the level of missingness in GTEx using cis-genotypes219

in windows around randomly chosen genes varying the number of tissues of action, the number of causal220

eQTLs, and the heritability of gene expression. We first estimated the power to identify the causal SNP221

and found that fQTL had higher power except when there was only one tissue of action (Fig. 2a). In this222

case, fQTL pools information across irrelevant tissues, leading to poorer predictive models. Interestingly, as223

we increased the number of causal eQTLs (but still fixed a single tissue of action), fQTL power increased224

in causal variant identification, eventually matching the power achieved by Elastic-Net. As expected,225

as the number of tissues of action increases, fQTL outperforms single-tissue methods which are limited by226

sample size (missingness) in the training data. fQTL pools information across multiple tissues while favoring227

sparse solutions, allowing it to robustly identify causal SNPs without over-fitting and without pre-screening228

irrelevant tissues.229

We then investigated the power to detect the tissue of action (Fig. 2b). The results generally agree with those230

for causal variant identification. However, the number of causal SNPs had less impact on tissue prediction.231

Multi-tissue fQTL clearly dominated in all settings and gained more power as the number of tissues of action232

increased.233

We finally investigated the sensitivity of our method to mis-specification of K. We first simulated scenarios234

where causal eQTLs were shared between K = 2 and K = 3 sets of tissues of action, but with different235

effect sizes in each subset (Supp. Fig. 7, K = 2; Supp. Fig. 8, K = 3). We found that fQTL assuming236

K = 1 performed only slightly worse than fQTL with the correct rank specification. In this study we did237

not explore learning K from the data because the GTEx data is too sparse (i.e., many tissues do not have238

enough individuals) to perform cross validation or hold-out validation. Importantly, fQTL with rank one still239

outperformed other single-tissue methods in these scenarios.240

We then simulated a worst-case scenario for our model with arbitrary K by randomly assigning elements of241

Θ to be non-zero (Supp. Fig. 9). In this scenario, expression in different subsets of tissues of action is driven242

by different causal eQTLs. As expected, fQTL performed worse than single-tissue methods in identifying243

the causal variant, as it tries to pool information across irrelevant tissues. However, fQTL was still the most244

powerful method to identify the tissue of action when the SNP effect-mediated expression heritability h2 ≤ .3245

and there were only few tissues of action. In this case, fQTL was able to capture some of the causal tissues246

and therefore successfully identify the causal eQTLs by pooling across those tissues.247

C. Identification of tissues of action in GTEx248

Unlike our simulated data, significant PVE of real gene expression, such as that measured by the GTEx249

project, is attributable to experimental and technical confounding variables. For each gene in each tissue,250

we performed sparse matrix factorization to identify non-genetic, technical confounders on the 1000 most251

variable genes. We restricted our analysis to 48 tissues with sample size n ≥ 50, and found 2-15 non-genetic252

confounding factors in 40 of the 48 tissues. In the remaining 8 tissues, we found factors which were essentially253

0. The learned factors explain a wide range of gene expression across tissues: for example, 15 factors explain254

67% of whole blood gene expression variance, where 2 factors explain only 11% of spleen expression variance.255

Across the 48 tissues, 30% of variability is explained by non-genetic factors on average.256

We found many of the inferred factors are highly correlated with known covariates: tissue ischemic time, age,257

body mass index, and gender (Supp. Fig. 10). However, in our analysis we included both known and learned258

covariates, again using the spike and slab prior to perform variable selection among the correlated covariates.259
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We next defined a set of 13,641 active genes (FDR 1%) by estimating the PVE of each gene’s expression260

explained by its cis-SNPs V[Xθsnpθtis
t ]/V[y]. We took the union of heritable genes identified across tissues.261

control the FDR of active genes, we constructed the null distribution of PVE by permuting the samples262

(Supp. Fig. 11). For comparison, we estimated the PVE explained by sQTL by fixing θtis = 1 and used the263

same procedure to identify active genes. As expected, the number of active genes per tissue was highly264

correlated with the sample size in that tissue (Fig. 3). However, fQTL increased power to detect active genes265

over sQTL, finding on average 3.8 times as many active genes across the 48 tissues.266

We then used the estimated tissue posterior inclusion probability p(θtis
t 6= 0) to compute a correlation267

matrix between tissue activity patterns across all genes (Fig. 4). Our results broadly agree with those268

previously reported35: the brain tissues form a separate cluster, but non-brain tissues cluster together with269

no clear sub-clustering based on global tissue activity patterns. It is possible that non-brain tissues will form270

sub-clusters when examining tissue activity for subsets of genes in specific gene pathways; however, we do271

not explore that possibility in this study.272

D. TWAS using factored QTL effects273

For each gene, we combined the estimated SNP and tissue effects from the fQTL model to estimate tissue-274

specific QTL effects and perform tissue-specific TWAS for two psychiatric disorders: Alzheimer’s disease36275

(AD), and schizophrenia (SCZ)37. We have made all estimated fQTL model parameters and full TWAS276

summary statistics publicly available (https://github.com/ypark/fqtl).277

We found 107 AD-associated genes at FDR 1% (lfdr calculation with normal null distribution by ashr278

package38; Fig. 5), of which only 10 have been previously reported in the NHGRI GWAS catalog39 as279

associated with AD. We found 40 genes significantly associated in brain tissues, of which 6 have been included280

in the GWAS catalog: BCAM, CR1, HLA-DRB1, HLA-DRB5, MRPL10, PVRL2.281

We compared our tissue-specific TWAS results to single-tissue TWAS based on our sQTL models and found282

that fQTL greatly increased the power to detect both constitutively active and brain-specific genes associated283

with AD. Using sQTL, we found 282 AD-associated genes, including 15 known AD genes. However, 191 of the284

282 genes are significant only in a single tissue, and only 11 are associated in brain tissues. In comparison, 5285

of the 191 genes were found to be significant in more than one tissue by fQTL. None of the 15 single tissue286

TWAS genes in the GWAS catalog were significantly associated in brain, likely due to limited sample sizes.287

In comparison, 3 of these 15 genes were found by fQTL in brain tissues (PVRL2, HLA-DRB1, HLA-DRB5).288

Two of the brain-specific AD TWAS genes are already known to be associated with AD. BCAM (basal cell289

adhesion molecule) and PVRL2 (poliovirus receptor-related 2) are both located in the APOE locus40–42.290

However, BCAM is also confirmed as an AD-associated gene in follow up meta-analysis43. Similarly, PVRL2291

remains significantly associated with AD after adjusting for LD structure41.292

Our brain-specific TWAS identified SERPINH1 (Serine/Cysteine Proteinase Inhibitor 1), which has been293

previously associated with height in the GWAS catalog. SERPINH1 is elevated in microglial cells after294

treatment with amyloid beta, the classical hallmark of AD44. Differential expression of SERPINH1 is also295

linked with other psychiatric disorders such as major mood disorders45.296

Our brain-specific TWAS also identified Claudin-5 (CLDN5), which is important for the function of the297

blood-brain barrier (BBB). In mice, brain injury followed by down-regulation of CLDN5 increased the298

permeability of BBB46. Depletion of CLDN5 in the blood-cerebrospinal fluid barrier may also lead to299

increased permeablility, imbalance of the immune system, and neurodegeneration47.300

We found 382 tissue-specific TWAS genes in SCZ using fQTL (FDR 1%, Fig. 6), of which 45 have been301

previously reported in the GWAS catalog. 137 of the 382 genes are associated in brain tissues, of which 16302

are in the GWAS catalog. As was the case for AD, we found that tissue-specific TWAS using fQTL greatly303

increased power to detect brain-specific TWAS genes. We found 845 single-tissue TWAS genes using sQTL, of304

which 82 have been previously reported in the GWAS catalog. However, 507 of the 845 genes are associated305

in only one tissue, only 61 genes of the 845 genes are significantly associated in brain tissues, and only 1306

of the 61 brain TWAS genes (CYP2D6 associated in cerebellar hemisphere) is also included in the GWAS307

catalog.308
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We found a number of brain-specific SCZ TWAS genes which play known roles in other SCZ-relevant309

phenotypes: APOLD1, C1orf51 (CIART), CARS, and UNC119 (Supp. Fig. 14). APOLD1 (apolipoprotein310

L subunit D1), also known as VERGE (vascular early response gene), regulates vascular formation in the311

brain48 and is correlated with stress responses49.312

C1ORF51 (circadian-associated transcriptional repressor; CIART) is important for circardian rhythm and313

is robustly expressed in the prefrontal cortex50. Circadian rhythms are disrupted in schizophrenia cases314

compared to controls51.315

CARS (cysteinyl-tRNA synthetase) is associated with alcohol dependence and substance abuse52,53. Many316

reports document co-occurence of SCZ and substance abuse54–56.317

UNC119 (uncoordinated 119) regulates an essential pathway of immunological synapse formation and T cell318

activation57,58. In mice, immature T cells trigger cognitive decline and behavioral abnormalities, but can be319

ameliorated by T-cell activation59.320

V. DISCUSSION321

Here, we proposed fQTL, a multi-response multivariate method for eQTL mapping and tissue-specific322

expression prediction. We showed that our approach improves power over existing methods to detect both323

causal eQTLs and tissues of action by pooling information across tissues. We used our model to decompose324

tissue-invariant and tissue-specific QTL effects in the GTEx reference cohort, then combined these effects325

with summary statistics for AD and SCZ to perform tissue-specific TWAS and identify hundreds of new326

genes associated with these diseases.327

There are a number of modeling and algorithmic improvements which can be made to our approach.328

Most importantly, in this study we assumed the eQTL-by-tissue effect matrix was rank one for intuitive329

interpretation: we fit a model with one vector of SNP-specific effects and one vector of tissue-specific effects.330

Our simulation revealed that mis-specification of this parameter leads to slight loss of power in our model.331

However, the problem of finding the optimal k requires some attention. We could determine k through332

cross-validation (although this is not possible in GTEx due to high missingness), optimizing the Bayesian333

information criterion60, or Bayesian model averaging over K.334

We motivated our study of the rank one model by suggesting that the tissue-specific effect sizes of eQTLs335

observed in single-tissue approaches could be decomposed into tissue-invariant and tissue-specific components.336

In particular, we suggested that the tissue-specific component could be explained by variation across tissues337

in epigenomic state, or by altered expression of the upstream regulator in specific tissues. Distinguishing338

these two cases is necessary to interpret the mechanism of cis-regulation for genes identified by downstream339

TWAS and translate TWAS genes into therapeutics. However, the model we have proposed here cannot yet340

distinguish between these two cases. Future work should incorporate epigenomic information, transcription341

factor binding, and transcription factor expression to make specific testable biological predictions regarding342

transcriptional regulation of TWAS genes.343

In this study, we assumed gene expression was Gaussian, and coerced the GTEx expression data to be344

approximately Gaussian. However, a more principled approach would be to use a more appropriate distribution345

(such as the negative binomial distribution) to directly model the process which generated the observed read346

counts. Existing methods cannot be easily extended to implement this approach because they make strong347

assumptions (like Gaussianity) and implement model-specific inference algorithms. Our SVI framework makes348

implementing extensions of this sort straightforward, without modification of the core inference algorithm.349

Future work should estimate the improvements in statistical power and false discovery rate when analyzing350

diverse data types in their observed, un-transformed distribution.351
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Figure 1: Illustration of multi-tissue fQTL approach to identify tissue contexts in TWAS anal-
ysis. (a) Sparse matrix factorization to learn and correct hidden confounders in each tissue. (b) Multi-tissue
factored QTL (fQTL) estimation decomposing SNP-specific and tissue-specific effects. (c) TWAS with
estimated SNP-specific effects and estimated tissue-specific context.
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Figure 2: Power calculation of different methods on simulated multi-tissue data. Subpanels are
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Power calculation of tissue of action prediction.

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which wasthis version posted February 10, 2017. ; https://doi.org/10.1101/107623doi: bioRxiv preprint 

https://doi.org/10.1101/107623


14

Adipose − Subcutaneo

Ad
ip

os
e 

− 
Vi

sc
er

al

Ad
re

na
l G

la
nd

Ar
te

ry
 −

 C
or

on
ar

y Ar
te

ry
 −

 A
or

ta

Ar
te

ry
 −

 T
ib

ia
l

Br
ai

n 
- A

m
yg

da
la

Br
ai

n 
− 

C
au

da
te

Br
ai

n 
An

te
rio

r c
in

gu
la

te
 c

or
te

x

Br
ai

n 
− 

C
er

eb
el

la
r H

Br
ai

n 
− 

C
er

eb
el

lu
m

Br
ai

n 
− 

Fr
on

ta
l C

or
te

x
Br

ai
n 

− 
C

or
te

x

Br
ai

n 
- H

yp
ot

ha
la

m
us

Br
ai

n 
− 

Pu
ta

m
en

Br
ai

n 
− 

N
uc

le
us

 a
cc

u

Br
ea

st
 −

 M
am

m
ar

y 
Ti

s

C
el

ls
 −

 E
BV

−t
ra

ns
fo

r
C

ol
on

 S
ig

m
oi

d

Tr
an

sf
or

m
ed

 fi
br

ob
la

st

C
ol

on
 −

 T
ra

ns
ve

rs
e

Es
op

ha
gu

s 
− 

M
uc

os
a

Es
op

ha
gu

s 
− 

M
us

cu
la

r

H
ea

rt 
− 

At
ria

l A
pp

ed
an

ge

H
ea

rt 
− 

Le
ft 

Ve
nt

ric

Li
ve

r

Lung

M
in

or
 S

al
iv

ar
y 

G
la

nd
Muscle − Skeletal

Nerve − Tibial

O
va

ry

Pa
nc

re
as

Pi
tu

ita
ry

Pr
os

ta
te

Sk
in

 −
 N

ot
 S

un
 E

xp
os

Skin − Sun Exposed

Sp
le

en

Sm
al

l I
nt

es
tin

e

St
om

ac
h

Te
st

is

Thyroid

U
te

ru
s

Va
gi

na

Whole Blood

2500

5000

7500

100 200 300
# samples

# 
he

rit
ab

le
 g

en
es

 (F
D

R
 <

 0
.0

1)

Es
op

ha
gu

s 
− 

G
as

tro
es

Br
ai

n 
- H

ip
po

ca
m

pu
s

Br
ai

n 
- S

ub
st

an
tia

 N
ig

ra
Br

ai
n 

Sp
in

al
 c

or
d
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Figure 6: Tissue-specific SCZ association statistics. Columns include 1,007 genes significantly associated
with AD at FDR 1% (368 fQTL; 845 sQTL); rows include 48 GTEx tissues. Sizes of blocks are proportional
to χ2 statistics. Different colors indicate different tissue types.
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VIII. SUPPLEMENTARY METHODS369

A. Stochastic variational inference updates for sparse multivariate regression370

Recall we assume the spike and slab prior on the parameter θ, and seek to find the optimal q(θ) to approximate371

the intractable posterior p(θ | X,Y, ·). Under the variational approximation:372

θj ∼ αjN
(
βj , γ

−1
j

)
+ (1− αj)δ(θj)

In order to find the optimal q, we need to optimize the evidence lower bound, which requires estimating a373

stochastic gradient using the log-derivative trick21:374

∇ΨEq[ln p(y | X, θ)] =
S∑
s=1

f(θ(s))z(s)
j ∇ ln qj

∂ ln qj
∂αj

=
(z(s)
j − αj)

αj(1− αj)
∂ ln qj
∂βj

= γj(θ(s)
j − βj)

∂ ln qj
∂γj

= −1
2(θ(s)

j − βj)2 + 1
2γj

Using this approach, we can update (α, β, γ) by directly sampling θ(s) ∼ q(θ), but this naive algorithm does375

not scale to high-dimensional models (p > 100 SNPs): sampling scales linearly in p and a large number376

of samples are required to accurately estimate the joint distribution of θ. In order to avoid sampling θ(s)377

directly and speed up the inference, we re-parameterize:378

q(ηi|α, β, ν) = N (µi, vi)

µi =
∑
j∈[p]

Xijαjβj

vi =
∑
j∈[p]

X2
ij(αjγ−1

j + αj(1− αj)β2
j )

Now, we sample ε(s) ∼ N(0, I), re-parameterize again to get a differentiable term61 η(s) = µ+ εs
√
ν, and379

take gradients with respect to µ, v:380

ln qi = −1
2 ln vi −

1
2vi

(η(s)
i − µi)2 + C

∂ ln qi
∂µi

= v−1
i (η(s)

i − µi),

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which wasthis version posted February 10, 2017. ; https://doi.org/10.1101/107623doi: bioRxiv preprint 

https://doi.org/10.1101/107623


19

∂ ln qi
∂vi

= 1
2

(
η

(s)
i − µi
vi

)2

− 1
2vi

,

and with respect to α, β, γ: ∂µi/∂βj = Xijαj , ∂µi/∂αj = Xijβj , ∂vi/∂αj = X2
ij(1/γj + β2

j − 2αjβ2
j ),381

∂vi/∂βj = 2X2
ijαj(1− αj)βj and ∂vi/∂γj = −X2

ijαj/γ
2
j .382

We can write the gradients using the chain rule, and efficiently compute them in parallel using matrix383

operations. For every stochastic vector ε(s) we can evaluate log-likelihood vector fs, where Fis = p(yi | η(s)
i ).384

First we can take derivatives with respect to Eq[θ], in short g1 , ∇E[θ]L:385

X>

(
S∑
s=1

εs ◦ fs ◦ v−1/2/S

)

and with respect to Vq[θ], in short g2 , ∇V[θ]L:386

(X ◦X)>
(

S∑
s=1

fs ◦ (ε2
s − 1) ◦ v−1/2S

)
.

Applying the chain rule:387

∇αL = g1 ◦ β + g2 ◦ (γ−1 + β2 − 2α ◦ β2)

∇βL = g1 ◦α+ 2g2 ◦α ◦ (1−α) ◦ β

∇γL = g2 ◦α ◦ γ−2.

B. Matrix factorization388

For matrix factorization H = UV > we used group spike-slab prior18:389

uk ∼ zkN
(
0, (τu

k )−1I
)

+ (1− zk)δ0.

Under the variational approximation we define390

Eq[uk|·] = αkβk,

Vq[uk|·] = αkγ
−1
k + αk(1− αk)(β2

k).
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We use the same prior distribution and variational approximation for vk vectors.391

We can characterize392

Eq[H] = Eq[U ]Eq[V ]>

and393

Vq[H] = Vq[U ]Vq[V ]> + Eq[U2]Vq[V >] + Vq[U ]Eq[V 2].

Sampling stochastic matrix E(s), Eij ∼ N (0, 1), we evaluate394

H(s) ← Eq[H] + E(s) ◦ Vq[H]1/2

and log-likelihood F (s) = ln p(Y |H(s), ·) and estimate stochastic components of gradients:395

G1 ,
1
S

S∑
s=1

F (s) ◦ E(s) ◦ V −1/2

G2 ,
1

2S

S∑
s=1

F (s) ◦ ((E(s))2 − 1) ◦ V −1

Using G1 and G2 we can derive gradient matrices straightforwardly396

∇E[U ] = G1Eq[V ] + 2(G2Vq[V ]) ◦ Eq[U ]

∇V[U ] = G2(Vq[V ] + Eq[V ]2)

∇E[V ] = G>1 Eq[U ] + 2(G>2 Vq[U ]) ◦ Eq[V ]

∇V[V ] = G>2 (Vq[U ] + Eq[U ]2)

On these partial gradients we applying chain rules with respect to the original variational parameters.397

C. Control variate398

Consider a generic variational approximation problem with surrogate distribution q(θ | λ) for the intractable399

distribution f(θ). We want to calculate the gradient with respect to the variational parameter λ:400

∇λEq[f(θ)] = Eq[f(θ)∇λ ln q(θ | λ)]

Define h(θ) = f(θ)∇λ ln q(θ | λ) and introduce a control variate g(θ) such that Eq[g(θ)] = 0. Then, the401

gradient is equal to:402
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Eq[h(θ)− ξg(θ)]

We can the find optimal ξ∗ by solving:403

ξ∗ = min
ξ

Vq[h(θ)− ξg(θ)]

404

= min
ξ

Vq[h(θ)]− 2ξCovq[h(θ), g(θ)] + ξ2Vq[g(θ)]

Previous work21 derived the optimal ξ:405

ξ∗ = Covq[h(θ), g(θ)]
Vq[g(θ)]

Here, we define g(θ) = ∇λ ln q(θ | λ). Then, we have:406

Cov[h(θ), g(θ)] = E[f(θ)g(θ)2]
407

V[g(θ)] = E[g(θ)2]
408

ξ∗ = E[f(θ)g(θ)2]
E[g(θ)2] = Cov[f(θ), g(θ)2] + E[f(θ)]E[g(θ)2]

E[g(θ)2] = E[f(θ)] + Cov[f(θ), g(θ)2]
V[g(θ)] .

However, accurately estimating ξ∗ requires many samples θ(s) ∼ q(θ(s) | λ). Instead, we use ξ̂ = E[f(θ)],409

resulting in a stochastic gradient estimator with variance:410

V[f(θ)g(θ)− ξ̂g(θ)] = V[f(θ)g(θ)]− E[f(θ)]2V[g(θ)]− 2E[f(θ)]Cov(f(θ), g(θ)2).

D. Hyperparameter tuning411

The spike and slab prior is defined by two hyperparameters, the prior inclusion probability π and prior effect412

size precision τ . In our extensive simulation experiments, direct optimization over the hyperparameters413

leads to degenerate solutions. To circumvent degeneracy, previous work used importance sampling or grid414

search13,38.415

Here, we included the hyperparameters in the variational surrogate distribution. We re-parameterized:416

π = σ(δ0)
417

αj = σ(δ0 + δj)

In our SVI updates, we updated δ0 and δj simultaneously. Similarly, for the prior precision τ and variational418

precision γj :419
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τ = νmaxσ(ν0)
420

γj = νmaxσ(νj − ν0)

The model fit is highly sensitive to the setting of νmax. If the prior precision is too high, the prior dominates421

the likelihood and pulls effect sizes to zero. We set νmax = 1000.422
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IX. SUPPLEMENTARY FIGURES423
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Figure 7: Power calculation of different methods on multi-tissue data with mis-specified rank
K = 2. Subpanels are arranged by different number of causal SNPs (rows; 1, 3, 5) and tissues (columns; 1
to 40). X-axis : assumed heritability. Y-axis : statistical power at FDR < 1%. (a) Power calculation of
causal SNP prediction. Error bars indicate 95% confidence intervals of the mean values (2 standard error).
(b) Power calculation of tissue of action prediction.
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Figure 8: Power calculation of different methods on multi-tissue data with mis-specified rank
K = 3. Subpanels are arranged by different number of causal SNPs (rows; 1, 3, 5) and tissues (columns; 1
to 40). X-axis : assumed heritability. Y-axis : statistical power at FDR < 1%. (a) Power calculation of
causal SNP prediction. Error bars indicate 95% confidence intervals of the mean values (2 standard error).
(b) Power calculation of tissue of action prediction.
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Figure 9: Power calculation of different methods on unstructured multi-tissue data. Subpanels
are arranged by different number of causal SNPs (rows; 1, 3, 5) and tissues (columns; 1 to 40). X-axis :
assumed heritability. Y-axis : statistical power at FDR < 1%. (a) Power calculation of causal SNP prediction.
Error bars indicate 95% confidence intervals of the mean values (2 standard error). (b) Power calculation of
tissue of action prediction.
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Figure 10: Association of tissue-specific hidden factors with known variables.

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which wasthis version posted February 10, 2017. ; https://doi.org/10.1101/107623doi: bioRxiv preprint 

https://doi.org/10.1101/107623


27

Adipose − Subcutaneo Adipose − Visceral Adrenal Gland Artery − Aorta Artery − Coronary Artery − Tibial

Brain − Amygdala Brain − Anterior cin Brain − Caudate Brain − Cerebellar H Brain − Cerebellum Brain − Cortex

Brain − Frontal Cort Brain − Hippocampus Brain − Hypothalamus Brain − Nucleus accu Brain − Putamen Brain − Spinal cord

Brain − Substantia n Breast − Mammary Tis Cells − EBV−transfor Cells − Transformed Colon − Sigmoid Colon − Transverse

Esophagus − Gastroes Esophagus − Mucosa Esophagus − Muscular Heart − Atrial Appen Heart − Left Ventric Liver

Lung Minor Salivary Gland Muscle − Skeletal Nerve − Tibial Ovary Pancreas

Pituitary Prostate Skin − Not Sun Expos Skin − Sun Exposed Small Intestine − Te Spleen

Stomach Testis Thyroid Uterus Vagina Whole Blood

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.8

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.8

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

0.6

0.0

0.2

0.4

−9 −6 −3 0 −7.5 −5.0 −2.5 0.0 −10.0 −7.5 −5.0 −2.5 0.0 −10.0 −7.5 −5.0 −2.5 0.0 −10 −5 0 −10.0 −7.5 −5.0 −2.5 0.0

−10.0 −7.5 −5.0 −2.5 0.0 −10.0 −7.5 −5.0 −2.5 0.0 −12 −9 −6 −3 0 −9 −6 −3 0 −9 −6 −3 0 −10 −5 0

−9 −6 −3 0 −10.0 −7.5 −5.0 −2.5 0.0 −10.0 −7.5 −5.0 −2.5 0.0 −10.0 −7.5 −5.0 −2.5 0.0 −10.0 −7.5 −5.0 −2.5 0.0 −7.5 −5.0 −2.5 0.0

−10.0 −7.5 −5.0 −2.5 0.0 −12 −8 −4 0 −9 −6 −3 0 −9 −6 −3 0 −7.5 −5.0 −2.5 0.0 −12 −9 −6 −3 0

−10.0 −7.5 −5.0 −2.5 0.0 −12 −9 −6 −3 0 −9 −6 −3 0 −10.0 −7.5 −5.0 −2.5 0.0 −9 −6 −3 0 −9 −6 −3 0

−10.0 −7.5 −5.0 −2.5 0.0 −7.5 −5.0 −2.5 0.0 −10.0 −7.5 −5.0 −2.5 0.0 −10 −5 0 −10.0 −7.5 −5.0 −2.5 0.0 −9 −6 −3 0

−10.0 −7.5 −5.0 −2.5 0.0 −9 −6 −3 0 −12.5 −10.0 −7.5 −5.0 −2.5 0.0 −10 −5 0 −10.0 −7.5 −5.0 −2.5 0.0 −9 −6 −3 0

−10 −5 0 −12 −9 −6 −3 0 −9 −6 −3 0 −9 −6 −3 0 −10.0 −7.5 −5.0 −2.5 0.0 −10.0 −7.5 −5.0 −2.5 0.0

log10 PVE

de
ns

ity obs

null

Figure 11: Tissue-specific null distribution sQTL PVE constructed by sample permutation.
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Figure 12: Tissue-specific null distribution fQTL PVE constructed by sample permutation.

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which wasthis version posted February 10, 2017. ; https://doi.org/10.1101/107623doi: bioRxiv preprint 

https://doi.org/10.1101/107623


29

rs892596

rs17800760

rs1727746

rs10401176

rs10407278

−6

−3

0

3

6

44814 45150 45487 45824

G
W

AS
 Z

5
10
15

rs892596

rs17800760

rs1727746

rs10401176

rs10407278

−1

0

1

44814 45150 45487 45824

BCAM
Q

TL
 e

ffe
ct

−1

0

1

−6 −3 0 3 6

GWAS Z

Adipose − Visceral
Ovary

Artery − Coronary
Skin − Sun Exposed

Artery − Tibial
Brain − Anterior cin
Colon − Transverse

Cells − Transformed 
Adrenal Gland

Adipose − Subcutaneo
Vagina

Lung
Esophagus − Muscular

Muscle − Skeletal
Uterus

Esophagus − Mucosa
Thyroid

Colon − Sigmoid
Nerve − Tibial

Spleen
Skin − Not Sun Expos

Heart − Atrial Appen
Brain − Substantia n

Brain − Hippocampus
Pituitary

Cells − EBV−transfor
Pancreas

Minor Salivary Gland
Small Intestine − Te

Whole Blood
Heart − Left Ventric

Liver
Stomach

Testis
Artery − Aorta

Esophagus − Gastroes
Breast − Mammary Tis

Brain − Spinal cord
Brain − Putamen

Brain − Hypothalamus
Brain − Cortex

Prostate
Brain − Caudate

Brain − Amygdala
Brain − Frontal Cort
Brain − Cerebellum

Brain − Nucleus accu
Brain − Cerebellar H

rs
89

25
96

rs
17

80
07

60

rs
17

27
74

6

rs
10

40
11

76

rs
10

40
72

78

SNPs

−0
.2 0.
0

0.
2

0.
4

Tissue activity

0 3 6 9

TWAS

rs58321659

rs5993546

rs112135032

rs4819808

rs5748425

rs4597638

rs16982755

rs5748486

−3

−2

−1

0

1

2

3

19017 19349 19682 20015

G
W

AS
 Z

5
10
15
20

rs58321659

rs5993546

rs112135032

rs4819808
rs5748425

rs4597638

rs16982755

rs5748486

−2

−1

0

1

2

19017 19349 19682 20015

CLDN5

Q
TL

 e
ffe

ct

−2

−1

0

1

2

−3 −2 −1 0 1 2 3

GWAS Z

Heart − Left Ventric
Ovary

Artery − Tibial
Colon − Transverse

Thyroid
Vagina

Esophagus − Mucosa
Prostate

Pancreas
Stomach

Skin − Not Sun Expos
Skin − Sun Exposed

Breast − Mammary Tis
Colon − Sigmoid

Nerve − Tibial
Spleen

Cells − EBV−transfor
Adipose − Visceral
Artery − Coronary

Artery − Aorta
Testis

Adipose − Subcutaneo
Uterus

Heart − Atrial Appen
Muscle − Skeletal

Lung
Adrenal Gland

Whole Blood
Minor Salivary Gland

Liver
Small Intestine − Te

Esophagus − Muscular
Pituitary

Brain − Amygdala
Brain − Spinal cord

Esophagus − Gastroes
Brain − Hypothalamus
Brain − Hippocampus
Brain − Substantia n

Brain − Caudate
Brain − Frontal Cort

Brain − Putamen
Brain − Nucleus accu

Brain − Cerebellum
Brain − Cortex

Brain − Cerebellar H
Brain − Anterior cin

rs
58

32
16

59

rs
59

93
54

6

rs
11

21
35

03
2

rs
48

19
80

8

rs
57

48
42

5

rs
45

97
63

8

rs
16

98
27

55

rs
57

48
48

6

0.
0

0.
1

0.
2

0.
3

0.
4 −4 −3 −2 −1 0

rs73936815
rs35695969

rs58522314

rs439401

rs141622900

rs112497222

−6

−3

0

3

6

44850 45194 45539 45884

G
W

AS
 Z

5
10
15

rs73936815

rs35695969

rs58522314

rs439401

rs141622900
rs112497222

−3

−2

−1

0

1

44850 45194 45539 45884

PVRL2

Q
TL

 e
ffe

ct

−3

−2

−1

0

1

−6 −3 0 3 6

GWAS Z

Lung
Pancreas

Ovary
Heart − Left Ventric

Pituitary
Stomach

Cells − Transformed 
Adrenal Gland

Thyroid
Liver

Esophagus − Muscular
Skin − Not Sun Expos

Nerve − Tibial
Testis

Whole Blood
Artery − Coronary

Skin − Sun Exposed
Colon − Transverse
Adipose − Visceral

Small Intestine − Te
Esophagus − Mucosa

Adipose − Subcutaneo
Spleen

Artery − Aorta
Breast − Mammary Tis

Colon − Sigmoid
Esophagus − Gastroes

Prostate
Muscle − Skeletal

Heart − Atrial Appen
Artery − Tibial

Cells − EBV−transfor
Vagina

Minor Salivary Gland
Uterus

Brain − Frontal Cort
Brain − Cerebellum

Brain − Cerebellar H
Brain − Hippocampus
Brain − Substantia n
Brain − Spinal cord

Brain − Caudate
Brain − Putamen

Brain − Cortex
Brain − Hypothalamus

Brain − Anterior cin
Brain − Nucleus accu

Brain − Amygdala

rs
73

93
68

15

rs
35

69
59

69

rs
58

52
23

14

rs
43

94
01

rs
14

16
22

90
0

rs
11

24
97

22
2

−0
.4

−0
.2 0.
0

0.
2

−1
0 0 10

rs7119732

rs11236359

rs12721489

rs499332

rs747221

rs672534

rs1790157

rs676206

rs60312531

rs76350346

rs575976

rs72997630

rs1995892

rs75974240
−2

0

2

74776 75111 75446 75781

G
W

AS
 Z

5
10
15
20

rs7119732

rs11236359

rs12721489

rs499332

rs747221

rs672534

rs1790157

rs676206

rs60312531

rs76350346

rs575976

rs72997630

rs1995892

rs75974240

−1

0

1

74776 75111 75446 75781

SERPINH1

Q
TL

 e
ffe

ct

−1

0

1

−2 −1 0 1 2 3

GWAS Z

Artery − Aorta
Adipose − Subcutaneo

Stomach
Thyroid

Liver
Colon − Sigmoid

Artery − Tibial
Muscle − Skeletal

Testis
Minor Salivary Gland

Lung
Adipose − Visceral

Ovary
Skin − Not Sun Expos
Esophagus − Mucosa

Colon − Transverse
Heart − Atrial Appen

Pancreas
Prostate

Cells − Transformed 
Skin − Sun Exposed

Esophagus − Gastroes
Spleen

Nerve − Tibial
Cells − EBV−transfor

Esophagus − Muscular
Whole Blood

Artery − Coronary
Heart − Left Ventric

Adrenal Gland
Uterus

Breast − Mammary Tis
Vagina

Small Intestine − Te
Pituitary

Brain − Cortex
Brain − Hypothalamus

Brain − Anterior cin
Brain − Spinal cord

Brain − Hippocampus
Brain − Nucleus accu

Brain − Caudate
Brain − Frontal Cort
Brain − Cerebellum

Brain − Cerebellar H
Brain − Substantia n

Brain − Amygdala
Brain − Putamen

rs
71

19
73

2

rs
11

23
63

59

rs
12

72
14

89

rs
49

93
32

rs
74

72
21

rs
67

25
34

rs
17

90
15

7

rs
67

62
06

rs
60

31
25

31

rs
76

35
03

46

rs
57

59
76

rs
72

99
76

30

rs
19

95
89

2

rs
75

97
42

40

SNPs

0.
0

0.
4

0.
8

Tissue activity

−2
.5 0.
0

2.
5

5.
0

TWAS

(a)

(b) (c)

(d) (e) (f )

(a)

(b)

(d)

(c)

(e) (f )

(a)

(b)

(d) (e)

(c)

(f )

(a)

(b)

(d) (e)

(c)

(f )

SNPs Tissue activity TWAS

SNPs Tissue activity TWAS

Figure 13: Examples of brain-specific AD genes. (a) Distribution of GWAS z-scores in the cis-region.
(b) Polygenic QTL effect sizes in the same region. (c) Correlation between QTL and z-score vectors. (d)
Marginal correlation matrix of SNP-tissue pairs. (e) Tissue activity effects found by fQTL model. (f) TWAS
statistics. Errorbars denote 95% confidence intervals.
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Figure 14: Examples of brain-specific SCZ genes. (a) Distribution of GWAS z-scores in the cis-region.
(b) Polygenic QTL effect sizes in the same region. (c) Correlation between QTL and z-score vectors. (d)
Marginal correlation matrix of SNP-tissue pairs. (e) Tissue activity effects found by fQTL model. (f) TWAS
statistics. Errorbars denote 95% confidence intervals.
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X. SUPPLEMENTARY TABLES424

Full gzipped text files on TWAS results are made available at https://github.com/YPARK/FQTL/tree/425

master/GTEx.426
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