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1 Abstract

A longstanding goal of requlatory genetics is to understand how variants in genome sequences
lead to changes in gene expression. Here we present a method named Bayesian Annotation Guided
eQTL Analysis (BAGEA), a variational Bayes framework to model cis-eQTLs using directed and
undirected genomic annotations. In a use case, we integrated directed genomic annotations with
eQTL summary statistics from tissues of various origins. This analysis revealed epigenetic marks
that are relevant for gene expression in different tissues and cell types. We estimated the predictive

power of the models that were fitted based on directed gemomic annotations. This analysis showed
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that, depending on the underlying eQTL data used, the directed genomic annotations could predict
up to 1.5% of the variance observed in the expression of genes with top nominal eQTL association
p-values < 1077, For genes with estimated effect sizes in the top 25% quantile, up to 5% of the
expression variance could be predicted. Based on our results, we recommend the use of BAGEA

for the analysis of cis-eQTL data to reveal annotations relevant to expression biology.

2 Introduction

A longstanding goal in the field of genetics is to accurately predict the phenotypic consequences
of any given variant from the genome sequence alone, i.e. to ‘read the genome’[1]. This would
help to reveal the phenotypic effects of very rare variants even if their effect is weak. The effects
of such variants are typically studied via whole genome sequencing studies. However these studies
often have limited statistical power because, by definition, there are few carriers in any sampled
population[2].

Recently, progress has been made in predicting epigenetic marks and transcription factor (TF)
binding from genome sequence alone; these sequence-based models predict the effect of any
given sequence variant on epigenetic marks (and TF binding) [3][4][5][6][7]. The question now
is how to extend these models to predict effects on genetically complex phenotypes, such as
common diseases. A mechanistic stepping stone between the regulation of epigenetic marks
and the regulation of complex phenotypes is the regulation of gene expression, as suggested by
the previous observation that disease-causing sequence variants are enriched in gene expression
quantitative trait loci (eQTLs)[8][9]. Thus, there is a need for sequence-based models to predict
gene expression.

One strategy to build sequence-based models of gene expression is to leverage sequence-based
epigenetic mark models. Results of sequence-based models of epigenetic marks can be interpreted

as directed genome annotations. A genome annotation is defined as a collection of genome regions
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that have a shared property such as coverage by a particular epigenetic mark, or evolutionary
conservation across species. Each region can potentially carry an intensity value. For directed
annotations, the sign of its intensity value depends on characteristics of the sequence in the
region, such as the presence of a specific allele. A simple motivating example is that of a SNP in
a TF binding site. In this situation, the TF can have higher binding affinity for one allele versus
the other allele. This can cause consistent directional transcriptional effects: the allele inhibiting
binding of an activating TF for instance should lead to decreased expression of the target gene.
A simple strategy to express this effect as a directional annotation would be to use TF position
weight matrices that calculate TF affinity for a given sequence; current and more sophisticated
methods express the same relationship using deep neural networks.[3][4][5][6][7].

Methods to evaluate the effect of directed genome annotations on gene expression have recently
been proposed|[7][10]. Specifically, Zhou et al. predicted variant impact without exploiting eQTL
data using models that predict expression from chromatin patterns directly[7]. Reshef et al.
presented a fast method to determine which directed annotations are enriched in variants causal
for a given phenotype. However, the method from Reshef et al. is geared towards screening and
hypothesis testing rather than towards detailed predictive modeling. For instance, the Reshef
model does not account for interactions between the effect of an annotation and the distance to
the transcription start site (7SS).

Here we present a new predictive model of gene expression, named Bayesian Annotation Guided
eQTL Analysis (BAGEA). BAGEA is a variational Bayes modeling framework to analyze eQTLs
using both directed and undirected annotations. BAGFEA can model interactions between these
annotations by weighting the impact of the directed annotation based on the undirected annota-
tions. Consequently, BAGEA can directly model phenomena relevant to genetic architecture,
such as the relatively larger impact of SNPs close to the TSS on directed annotations compared
to that of distal SNPS, making BAGEA mores useful for predictive modeling. BAGEA’s results
are interpretable and highlight genome annotations that are particularly predictive for gene

expression. Further, BAGEA can model multiple causal SNPs per region. Our software imple-
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mentation of BAGEA can be run on summary statistics using external linkage disequilibrium
(LD) information as well as on individual level genotype data directly. Optionally, using a low
rank approximation of the LD information improves run-time and decreases BAGEA’s memory
requirements.

We used BAGFEA to analyze results from a cis-eQTL meta-analysis in human monocytes and
from cis-eQTL summary statistics derived from tissues of various origins[9][11]. As additional
input, we gave the method regulatory impact predictions of common variants on epigenetic
marks from a recent deep neural network model[7]. We specified these predictions as directed
directional annotations in the method. We show that BAGFEA highlighted biologically sensible
annotations as particularly predictive of eQTLs. Further we estimated the predictive power of
the directed annotations for various eQTL data sets. Overall, our results suggest that BAGFA is
a useful framework to build predictive models of gene expression based on directed annotations,
find biologically relevant annotations, and benchmark methods that produce such directed

annotations.

3 Results

3.1 Model Overview

BAGFEA models gene expression as dependent on SNP genotypes in cis. In general, SNP effects
on gene expression depend on both directed and undirected annotations (Figure la). BAGEA
builds predictors of gene expression and ranks annotations by their impact on gene expression.
For every gene j, BAGEA takes as input a genotype matrix X ;, an expression vector yj,
annotation matrices V;, F; and C;. X; has dimensions (n x m;), where n is the number of
individuals assayed, and m; is the number of SNPs in cis of gene j’s T'SS. The matrices V; F;
and C; are of dimensions (m; x s), (m; x ¢), and (m; x t) respectively, where s, ¢ and ¢ are the

number of annotations used. BAGEA models gene expression as a linear combination of SNP
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genotypes:

y; = X;b; + €5, (1)

where €; is an i.7.d normal noise vector and b; is a vector of SNP effects. The vector b; is
modeled as:

by ~ Ny, (VIw) - Fiv)), diag(a;) ™), (2)

where - is the pointwise product (i.e. Hadamard product) and the diag(x) operator stands for a
diagonal matrix with elements on the diagonal set to @. Detailed descriptions of the terms are

as follows:

e V7 encodes directed annotations. In our applications of BAGEA, V7 is previously computed
from sequence-based models, where each column in V7 represents an epigenetic mark and
each row represents a SNP. Each entry in V7 expresses the predicted effect of a genotype

change on the epigenetic mark in question.

e FJ encodes undirected annotations. Each element in F7 expresses the presence or absence
of the annotation at a SNP’s location. In our applications of BAGEA, F7 is derived from
the relative positions of a SNP and gene j’s T'SS, where each column represents a particular
region around the T'SS. For example, if a column in F/ encodes a region of 20 kilobases
(KB) upstream from the TSS, all entries for rows corresponding to SNPs within 20 KB

upstream of that TSS will be set to 1 and entries for all other rows will be set to 0.

e w and v are vectors that are estimated by BAGFEA. Specifically, w and v are the effects of

annotations in FY and V7 on the SNP effects b;.

. aj_l is a vector that is estimated by BAGEA and models the variances of elements of

b;. Allowing different variances for the elements of b; typically produces sparse estimates

where most elements in b; are close to zero[12]. Further, o is modeled as dependent on the

undirected annotation matrix C';. C; can potentially be identical to F'; but can model
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different undirected annotations as well (see Method Details).

Typically, directed annotations are grouped by their cell type or assay type. BAGEA can use
this grouping structure in order to select groups of annotations that are useful for predicting
gene expression (Figure 1b). BAGEA selects annotation groups via a modeling strategy that
yields sparsity on the annotation group level similar to the group lasso[13]. In BAGFA, this
grouping strategy is implemented by partitioning annotations into multiple meta-annotations
(such as different cell types, assay types etc.). When using this partitioning mechanism, BAGEA
includes an extra random variable vector v of the same length as the number of elements in the
partition structure (e.g. the number of cell types, or the number of assay types) (See Methods as
well as Figure 1b for an illustrative example). The kth element of v, vy, controls the variance of
the effect sizes for annotations that fall into partitioning group k. Specifically, vy is proportional
to the inverse of the variance of the respective elements of w. v,;l is therefore called the variance
modifier of annotation partition element &k (see Methods).

Importantly, the model can be reformulated in terms of the summary statistics z; = XJTyj /v/n
and LD matrices X; = XJTX j/m. The reformulation enables the application of BAGEA to
studies for which only summary statistics are available, by estimating 3, from external sources

(see Methods).

3.2 Evaluation Strategy for Model Fit

We developed an approach to evaluate the performance of BAGEA when fitting directed annota-
tions to genotype and gene expression data. An important feature of BAGFEA is that its results
can be used to predict gene expression for a gene without using any expression data for that
gene, but rather using genotypes and genome annotations whose weights are fitted from other
genes. We can therefore validate BAGEA by training it on gene expression data for one set of

genes, and then calculating the extent to which the trained model predicts gene expression for
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other genes.
We propose a so-called directed predictor f1;, which predicts gene expression for gene j based
on knowledge of directed annotations and genotype for gene j. Using the same notation as in

equations (1) and (2), the predictor fi; is computed by
;= X;((FD) - (Vid)) 3)

The squared magnitude S; = ﬂ?ﬂj measures how much gene expression variance the model
attempts to explain via the predictor fi;. To evaluate the predictor’s accuracy and degree of
overfitting, we use the directed mean squared error MSEE-Z“" = (y; — ﬂj)T(yj — fi;)/n. The
evaluation of the predictor is performed on a set of genes independent of the ones used to estimate
w and v.

Inspection of equation (3) shows that we can reformulate the right hand side in terms summary
statistics z; = X]Tyj/\/ﬁ, LD matrices 3; = XJTXj/n, and estimated directed effect of SNPs
M = (Fip) - (VI®), i.e. we can write MSE?" =1-2705z;/vn+ ﬁjTEjﬁj if we assume that
yTy = n. In principle, the reformulation allows us to calculate a predictor’s directed mean
squared error, even if only summary statistics are available, by approximating X, from external

sources.
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Figure 1: Illustration of BAGEA model components.

a) The core components of the BAGEA model in the summary statistics formulation. Observed
variables are in squares while estimated variables are circled. Given are z;, the eQTL z-scores
for gene j, as well as the LD matrix X;, defining the correlation between summary statistics.
Further, z-scores are influenced by the true eQTL effects b;. These effects in turn depend
on directed and undirected annotations, V¥ and F7 respectively. The impact of annotations
on b; is estimated from the data via w and v. b) An example of the modeling of different
priors of elements of w using meta-annotations via v variable vectors. We assume that directed
annotations are available for nine annotations, which were derived from tissues Liver, Blood and
Brain via 3 assay types DNasel, H3K27ac and H3K/me3. It is reasonable to assume that for
a given eQTL study, particular tissues or cell types are more relevant than others. We model
this by introducing a variable v for each tissue (or cell type) that affects the prior distribution
of only those elements of w that are derived from this tissue, e.g. vyer only affects elements
of w tied to experiments performed in liver. Analogously to tissue, we model different priors
for various for assay types. Shown is the resulting network of influences of the variable v;ssqye,
Vgssay ON w. (For clarity, we used the actual group names as indices, while in the main text,
elements of v’s and w are indexed by natural numbers).

3.3 Directed Annotations Derived from Blood can Partially Explain cis-eQTLs in

Monocytes

We used BAGFEA to determine the extent to which annotations can predict gene expression in
CD14 positive monocytes. To this end, we aggregated data from two eQTL studies on expression

genetics in C'D1/ positive monocytes[14][15]. For directed annotations, we used predictions of
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genetic variant effects on epigenetic marks (12 different histone mark assays and DNasel with 4
different peak calling strategies) in various blood-derived cell types from the pre-trained Ezpecto
model. Ezpecto is a deep learning framework that predicts epigenetic marks based on sequence
context and performs in silico mutagenesis to evaluate the consequences of sequence variants|7].
Expecto yielded 2002 directed annotations of which 253 were from blood related celltypes. These
are referred to as the Blood annotation subset in this paper. We partitioned these directed
annotations by cell type and assay type, respectively, and modeled separate prior variance terms
for each partition (Figure 1b).

To train BAGFEA, we used gene expression data from human chromosomes 1 through 15, filtering
for genes with a top nominal cis-eQTL p-value lower than 10719 i.e. only genes that had a
SNP in cis showing a signficant assocation with a p-value lower than 107! were included. To
test model fit, we predicted expression for genes on chromosomes 16 through 22 with a top
nominal cis-eQTL p-value below 10719, Specifically, we used the model fit on the training set
to derive the estimates @ and £ (see Equation 2). We then used these estimates to calculate
the directed predictors fi; for genes on the test set (see Equation 3). To assess the predictive
power of fi;, we calculated M SE;”T for every gene in the test set. We observed that directed
genome annotations can partially explain gene expression variance (Figure 2). The average
MSE¥" across all genes was 99.5%, which was significantly smaller than 100% (as evaluated
by bootstrap sampling genes; p-value smaller than 107%). M SEJ‘-“T showed a dependence on
predictor size S; (where S; = ﬂ?ﬂj), such that for the top quartile of genes when ranked by Sj,
the directed component was estimated to predict 1% to 3% of expression variance (Figure 2a).
For each gene, the variance explained is bounded by the additive genetic variance component in
cis which is typically much lower than 100%. We estimated the variance of expression explained
for each gene in cis in an unbiased way via Haseman-Elston (HE) regression[16]. This approach
suggested that around 6.6% of the total genetic variance in cis was explained by the externally

fitted directed component fi; for genes in the top quartile w.r.t .S; (Figure 2b).
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Figure 2: Gene expression variance can be partially explained by directed genome annotations.

The BAGEA model was fitted on genes in the training set (all genes on chromosomes 1 through
15) using monocyte eQTL data on genes with a top nominal p-value below 1071° and with
Expecto-derived directed annotations. Expecto includes 2002 total annotations, of which one
of two subsets were used: 253 annotations derived from histone and DNasel assays in a blood
related cell types (Blood), or, alternatively, 690 annotations derived from TF ChIP-Seq (TF). For
each gene j in the test set (all genes on chromosomes 16 through 22 with a top nominal p-value
below 10719), we calculated the directed predictor of expression f1;. As a measure of a predictor’s
size, we use its squared magnitude S; = ﬂjrﬂj. To evaluate the predictor’s performance, we
calculated M S Ed” the mean squared error (M SE) when predicting gene expression y; from
;. To estimate what the smallest attainable M SE;i”’ would be, we estimated o2, the additive
genetic variance in cis via Haseman-Elston regression per gene. a) The relatlonshlp between
the MSE of the predictor and its squared magnitude. We sorted results by predictor Size S
and averaged M SE;W within a sliding window containing 25% of genes and step size of 5%
of data. Averaged Directed Predictor Size S: The mean value of S; per window on the
horizontal axis; Averaged Directed MSE (M SEd”) The averaged M SEd“" of genes falling
into the window on the vertical axis. The 95% confidence interval for each wmdow was derived
by bootstrapping. Most variance is explained by genes in the top quartile when ranked by S;.
b) The relationship between M S Eg” and agm for genes in the top quartile when ranked by 5.
Genetic Variance (agm): The estimated additive genetic variance in cis on the horizontal
axis. Directed MSE (MSE{™") on the vertical axis. 95% confidence intervals for the mean
of both the MSE¥" and o are represented as the corners of the red diamond (i.e. the
confidence interval for the average M SEd" is given by the upper and lower corner, whereas the
confidence interval for the average 0’ .. is given by the right and left corner reepectlvely) A
linear regression is plotted as the blue line, with 95% confidence interval shown in grey.
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3.4 Joint Modeling of cis-eQTLs and Directed Annotations Highlights Biologically

Relevant Epigenetic Marks

We next evaluated if BAGFEA can effectively be used to discover which annotations, or groups of
annotations, are most predictive of gene expression. We grouped the directed annotations by cell
type and assay type, and for each set of annotation groups, we modeled separate prior variance
modifiers v~! (Figure 1b). For each annotation group k we measured its contribution to gene
expression as its estimated variance modifier v ' (See Model Overview).

For the monocyte data, BAGEA estimated the largest variance modifiers for annotations from
DNasel as well as H3K27ac and H3K/me3 assays (Figure 3a). This observation is consistent
with results from a previous method, using undirected annotations, suggesting that SNPs with
an effect on gene expression are enriched in open chromatin (DNasel), activated enhancers
and promoters (H3K27Ac, H3K}me3)[17]. Across cell type annotations, BAGEA estimated the
largest variance modifiers for annotations from two blood cell types that were both CD14 positive
(Figure 3b). This observation matches our expectations because the cells in the underlying
expression data were derived from CD1/ positive cells[14][15]. Across all tested pairs of assays
and cell types, BAGEA estimated the largest positive effect sizes for annotations from DNasel,
H3K27ac,H3K4me3 assays in CD14 positive cells (Figure 3c).

It is well known that eQTLs increase in intensity closer to the T'SS. This suggests that the effects
of directed annotations might also be bigger for SNPs close to the T'SS than for SNPs that are
distal. BAGFEA models SNP distance dependence of directed annotation effects by weighting
the directed annotation effect term V7w across SNP’s, with a distance modifier Fiv (see Model
Overview). We next tested whether BAGEA estimated directed annotation effect sizes to be
dependent on a SNP’s distance to the T'SS. We examined the value of a SNP’s estimated distance
modifier F7© against its position relative to the T'SS. We observed a characteristic peak around
the TSS (Figure 3d), suggesting that BAGFEA can indeed produce a similar pattern of distance

dependence for the effect sizes derived from directed annotations as for the eQTL effect sizes
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themselves.

We repeated this analysis with a different set of directed annotations, namely 690 Fxpecto
annotations derived from transcription factor (TF) ChIP-Seq in any cell type. We estimated
the TF annotation subset to be similarly predictive of gene expression as the Blood annotation
subset (Figure 2a). Parameter estimates for w suggest that binding sites of the TF ¢-Myc in
cell line NB/ have the largest effect size on gene expression among all tested 690 annotations
(Supplementary Figure 1). NB/ is a promyelocytic leukemia cell line that can be differentiated
into neutrophils or monocytes[18]. NB/ is therefore expected to have similar expression genetics
as CD1/ positive monocytes, and, given that no TF ChIP-Seq experiment was performed in

monocyte cell lines directly, the large w values for NB4 data are consistent with our expectations.
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Figure 3: BAGEA, fitted on monocyte eQTL data, selects relevant epigenetic marks and increases direc-
tional effect sizes for SNPs close to a TSS.
Parameter estimates when applying BAGEA to monocyte eQTL data using as directed annota-
tions histone and DNasel Ezpecto predictions derived from blood-related cell types (i.e. Blood
from Figure 2). a) For each chromatin assay type, BAGEA models an assay variance modifier
ﬁa_slsay that captures the extent to which that assay type is predictive of gene expression. Shown
are the square roots for the assay types with the ten highest variance modifiers (from 17 assay
types total). In the BAGEA model, DNasel, H3K27Ac and H3K/me3 assays have largest
modifiers. b) For each cell type, BAGEA models a celltype variance modifier Oc_e}l, similar
to the assay variance modifier in panel a. Shown are the square roots for the cell types with
the ten highest variance modifiers (out of 61 cell types). In the BAGEA model, CD1/ positive
cells have the largest modifiers. ¢) BAGEA reveals which experiments underlying the directed
annotations that were most predictive of gene expression. Assay Type x Cell Type: Each
experiment is a particular assay type performed in a particular cell type. Effect Size (®;, for
experiment i): The BAGEA-estimated effect on gene expression. Shown are the ten largest
directed annotation effect sizes. In the BAGEA model, the experiments using DNasel, H3k27Ac
and H3Kme4 with CD1/ positive cells have the largest effect sizes. We also see that most of
the 253 annotations are estimated to have a close to zero effect. d) Shown is the estimated
distance modifier of the directed component, F'o. We see a characteristic peak around the
TSS, implying that the directed annotations are upweighted close to the T'SS.
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3.5 Modeling Directional Components is Robust to the Use of Summary Statistics

In many cases it is not feasible to compute LD for the population from which the summary
statistics were derived (i.e., the study population), and LD has to be derived from other sources
(i.e., external genotypes) [19][20]. The use of external genotypes allows publicly available summary
statistics to be analyzed without access to restricted individual level genotype data[9]. However,
LD computed on external genotypes can only approximate LD patterns of the study population.
We therefore need to test the accuracy of methods when using external genotypes.

We evaluated if directed annotation effects were robust to the genetic source of LD information.
We used 1000 Genomes data to compute LD as it is publicly-available and widely used for this
purpose[21]. We re-fit the BAGEA model to monocyte data with the Blood annotation subset,
using LD matrices derived from European 1000 Genomes data. We then compared w estimates
when using LD from 1000 Genomes to w estimates when using LD from the monocyte data
itself, for every annotation in the monocyte Blood data. We observed that the two approaches
produced similar effect sizes with a linear regression R? of 97.5% and regression slope of 0.96
(Figure 4a). This suggests that directed annotation effect estimates are robust to the source of
LD information.

We then explored if the source of LD information affected our estimates of directed mean
squared error (MSE®¥"). To this end, we estimated MSE?" on chromosomes 16 through 22
from summary statistics and external LD matrices derived from 1000 Genomes alone, and then
compared these M SE¥" values to the original M SE¥" values computed with LD derived from
monocyte data. We ensured that the same SNPs were included, by removing SNPs with low
minor allele frequency (MAF) in either of the sets. We observed that the two sources of LD
produced M SE%" values that agree with each other, with a linear regression R2 of 99.9% and

regression slope of 1.002 (Figure 4a).
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Figure 4: Directed annotation effect estimates and modeling error are robust to source of LD information.
a) We sought to investigate the impact on the estimate of the directed annotation effect vector w
when using cis-eQTL summary statistics with external reference LD information. We retrained
BAGEA with the blood monocyte summary statistics using reference LD matrices from the 1000
Genomes Project (1KG). @; (1IKG): Directed annotation effect, measured as w estimates from
BAGEA using 1KG reference LD information. &; (Monocyte LD): Directed annotation effect,
measured as w estimates from BAGEA using individual-level genotypes from the monocyte
data itself (i.e. using the same genotypes as for the deriving the summary statistics). b) To
investigate the extent to which M SEf”' can be approximated using summary statistics and
reference 1KG LD matrices, we calculated M SE]CW on chromosomes 16 to 22 from summary
statistics of monocyte cis-eQTLs (see formula in main text). We then compared these to the
original M SE;W values that were computed using genotypes of the monocyte data sets. The
same SNPs were used in both calculations. R?: The coefficient of determination, measuring
goodness-of-fit, from a linear regression of the data shown.

3.6 Analysis of GTEx Summary Statistics Highlights Annotations Gathered from

Relevant Tissues

Having established that BAGEA performs well when using summary statistics, we next deter-
mined if BAGEA can identify relevant directed annotations for empirical data for which summary
statistics are available but genotypes are not. Specifically, we fit BAGEA on summary statistics
for eQTL studies of 13 tissues produced by the GTEx consortium with a sample size of at least

300 for each study[9]. We additionally supplemented this set with results for Lymphoblastoid
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cell lines (LCL) derived from a meta-analysis of GTEx and GEAUVADIS[11]. Because GTEx
gathered eQTLs in complex tissues and sampled fewer individuals than were sampled in the
monocyte studies, we expected lower power to produce robust parameter estimates. We therefore
used different parameter values than in our monocyte analysis, including genes with top nominal
cis-eQTL p-value lower than 10~7. We fitted models using Expecto derived annotation for all
1187 histone or DNasel annotations derived from Roadmap consortium data[22].

We again split genes into training and test set, fitting BAGEA on the training set and building di-
rected expression predictors fi; for all genes in the test set. We observed that the average M S Edir
per data set was variable across GTEx data sets ranging from 100% to below 98.5%(Figure 5a).
We again saw that increased directed predictor magnitude tended to decrease M SE®". For
instance in fibroblast, the quarter of the genes with the highest directed predictor magnitude had
an average M SE¥" of 97.2%, whereas the quarter with the lowest directed predictor magnitude
had an average M SE®" close to 100% (Figure 5b).

To mitigate the impact of limited power during variable selection, we additionally fit models
without splitting chromosomes into test and validation sets. The distribution of effect sizes of
the directional annotations revealed a bias towards positive values (Supplementary Figure 2).
Focusing on the largest positive effect sizes(top ten or @; > 0.06), we saw many biologically
plausible pairings between the tissue assayed by GTEx via eQTL and the tissue assayed by
roadmap for epigenetic marks (Figure 6a). While some of the pairings are obvious from the
annotation names themselves (such as correct pairings for lymphoblastoid cells, lung and adipose
tissues) others are less obvious yet still plausible. For instance bone marrow derived mesenchymal
stem cells (BMD MSC') are paired with fibroblast. A recent study found no functional differences
between the two cell types leading the authors to support a longstanding opinion in the field that
these two cell types should be classified as the same[23][24]. The pairing between Esophagus
Mucosa and keratinocytes can be explained by the fact that the Esophagus Mucosa is mainly
composed of squamous cells, i.e. keratinocytes[25][26]. The pairing between tibial artery and

BMD MSC can be explained by the fact that fibroblasts are the main component of vascular
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adventitia[27]. Our model also paired tibial nerve and muscle, which seems physiologically the
least plausible among the ten pairings. When looking at the largest negative values, we saw
some of the same tissue pairings repeated, with only one pairing with effect size @; smaller than
-0.06 for the pairing between fibroblasts and BMD MSC') (Supplementary Figure 3). When
looking at the variance modifier estimates for the different assay types, we saw that DNAsel and
H3K27ac epigenetic marks were ranked consistently highly (Figure 6b). Interestingly, among
various annotations derived from the same DNasel experiments, some performed consistently

better than others: DNasel peak call annotations outperformed DNaselhotspots calls.
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Figure 5: Directed annotations parially explain gene expression variance in GTFEzx.

The BAGEA model was fit using various GTEx eQTL data (supplemented with GEAU-
VADIS eQTL data) and with Expecto-derived directed annotations on genes in the trainig set
(chrl,..,chr15) with a top nominal p-value< 10~7. Expecto includes 2002 total annotations, of
which histone and DNasel annotations from Roadmap were used (1187 annotations in total).
For each gene j in the test set (chrl6,..,chr22 and top nominal p-value< 10~7), we calculated
an approximate version of S;, the squared magnitude of the directed predictor fi;, where the
approximation uses external LD information. Further, we calculated an approximate version
of M SE;“", the mean squared error (M SE) when predicting gene expression y; from fi;. a)
Displayed is the average (approximated) M S E;-l” across all genes for each GTEx experiment.
95% Confidence intervals are computed by bootstrapping. b) Displayed is the relationship
between the MSE of the predictor and its squared magnitude for the four GTEx experiments
with the lowest average M SE?". We sorted results by predictor size S; and averaged M SE;W
within a sliding window containing 25% of genes within the window and step size of 5% of data.
Averaged Directed Predictor Size S: The mean value of S; per window on the horizontal
axis; Averaged Directed MSE (M SE®7): The averaged M SE;“T of genes falling into the
window on the vertical axis. The 95% confidence interval for each window was derived by
bootstrapping. We see that most variance is explained by genes in the top quartile w.r.t. .S;.
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Figure 6: Model fit for GTEx summary statistics highlights directional annotations mainly from plausible
cell types.
Shown here are various parameter estimates from fitting 13 different GTEx eQTL summary
statistics data (supplemented with GEAUVADIS eQTL data) using histone and DNasel Expecto
predictions derived from Roadmap (1187 annotations). 4 a) BAGEA reveals the experiments
underlying the directed annotations that are most predictive of gene expression. GTEx x
Roadmap(Rm): Each GTEx eQTL data set highlights particular Roadmap annotations .
Shown here are the 10 largest positive effect sizes across all eQTL and annotation pairings.
Effect Size: The estimate of &; for experiment . 4 b) For each chromatin assay type, BAGEA
models an assay variance modifier @a_slsay that expresses the extent to which that assay type is
predictive of gene expression. Shown here is the distribution of the square roots of the assay
variance modifier for any given assay type across all 13 GTEx eQTL data sets. Results are
sorted by the maximal value achieved for each assay type and only the 10 highest scoring assay
types are shown.

4 Discussion

Here we introduced a new method, named Bayesian Annotation Guided eQTL Analysis (BAGEA).
BAGEFEA integrates directed and undirected genome annotations with eQTL data in a variational
Bayesian framework to build predictive models of gene expression. We applied this method to
eQTL results from CD14 positive monocytes as follows: First, we derived directed annotations
by predicting functional impacts on epigenetic marks for all common SNPs using the pre-trained

Ezpecto deep neural net[7]. Second, from these Ezpecto results, we extracted two annotation
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subsets of particular interest: histone ChIP-Seq and DNasel in blood-derived cell types (the
Blood annotation subset), and TF ChIP-Seq in any cell type (the TF annotation subset).

We then ran BAGEA on both annotation subsets separately, while allowing the effect of the
directed annotations to depend on the distance to the T'SS. We tested whether the model had
explanatory power with a training and test protocol (i.e. explanatory power was estimated on
genes that were excluded from training). We saw that the directed component p of the model
explained part of the gene expression variance in a statistically significant manner (Figure 2a).
For genes with a strong cis-eQTL (p-value< 1071%) and in the top quartile for T u, we estimated
that the Blood derived directed component explained 6.6% of total additive genetic variance in
cis (Figure 2b). Importantly, BAGEA prioritized annotations that cohere with widely accepted
biological knowledge and are supported by existing literature (Figure 3).

Next, we investigated to which extent the model fit was affected when the LD information was
approximated via reference genomes. We observed agreement between the results in terms of the
directed component, suggesting that the use of eQTL summary statistics together with external
LD data is justified (Figure 4). We therefore used BAGFEA to analyze eQTL summary statistics
results from GTEx. To accommodate the wide range of tissues explored in GTEx, we expanded
the number of directed annotations used in the fitting process to over a thousand. While for some
tissues, the analysis strategy was underpowered to derive a predictive model of gene expression
from directed annotations, others had a significant fraction of gene expression explained by
directed annotations (Figure 5). Many of the directed annotations BAGEA selected, were derived
from tissues that were biologically related to the original tissue of the eQTL studies (Figure 6a).
Additionally, we observed that DNAsel and H3K27ac epigenetic marks were selected across
many different eQTL studies (Figure 6b).

BAGEA belongs to a class of models that allow the prior probability distribution of a SNP’s
effect size to vary based on the genome annotations with which it overlaps[17][28]29]. These prior
models explored the impact of undirected annotations. While BAGEA can model undirected

annotations, the main novelty comes from the concomitant modeling of directed and undirected
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annotations as well as interactions thereof. Using directed annotations to explain natural variation
in phenotypes was also recently proposed by both Zou et al. and Reshef et al., albeit with
different modeling philosophies[7][10]. Zou et al. use a model that predicts expression from
chromatin patterns directly. This has the advantage that genotype data is not needed. However,
this method does not model the causal impact of epigenetic marks on expression levels but
rather correlations, potentially negatively impacting modeling accuracy. Reshef et al.’s LD
profile regression method has more similarities to BAGFEA as it can also be used to analyze
directed annotations and eQTL summary statistics. However, the method is geared towards
multiple hypothesis testing rather than high predictive accuracy. Compared to BAGFEA, the
fitted model is simpler allowing for fast analysis of large collections of data. The increased speed
comes at the cost of not being able to model certain features like interactions of directed and
undirected annotations (such as distance to T'SS). BAGEA uses a modeling approach that has
both prediction and interpretability in mind. It allows for more complex model features while
it is still useful for revealing relevant biology. Indeed, when using BAGEA on various eQTL
datasets, BAGFEA highlighted many relevant cell types. Further, allowing the directed component
to depend on the distance to the T'SS improved the model fit.

There are at least two drawbacks to BAGFEA’s model complexity. First, there is a substantial
computational cost to fit the model. To mitigate this issue, we used computational tricks such
as fast matrix inversion of approximated LD matrices and parallelization. Second, variational
model fitting approach does not provide confidence intervals. While it does provide credibility
intervals, the approximative nature of mean field variational inference makes these credibility
intervals often unreliable[30]. In our analysis, we opted for evaluating statistical significance of
the model results by using a training and test protocol.

Future research could investigate whether using a different variational approximation rather
than the mean field approximation provides better estimates of the true credibility intervals. We
estimated the extent to which epigenetic marks are able to predict the genetic component of gene

expression in cis. Our results show that while the current generation of directed annotations can
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partially explain the genetic cis component of gene expression, most of the genetic cis component
remains unexplained, indicating that there is still room for improvement. Future gains in this

space will likely come from both improved directed annotations as well as improved modeling.

5 Methods

5.0.1 Model Details

We assume individual level genotype and expression data for n individuals. For gene j, we model
its n X 1 expression vector y; as

Y, = X;b; + €j, (4)

where X ; is the n x m; genotype matrix for the m; SNPs surrounding gene j’s T'SS. b; is the

mj x 1 vector of SNP effect sizes and €; the expression noise unexplained by the genotype.
€j ~ Nu(0,(N\)1,).
The noise term precision A; is modeled in a hierarchical fashion:
Aj ~ (A1, Aa),

Ao ~ I'(p1, p2).

with hyperparameters A1, p1 and py (while this notation is overloaded, we expect it is clear from
context which parameter is meant). We model the vector of effect sizes b; as a multivariate
normal, whose mean and covariance is affected by annotation matrices. For gene j we assume
undirected 0 — 1 coded annotation matrix FJ and a directed continuous annotation matrix V7,

with dimensions m; X g and m; X s respectively. Then,

bj ~ Ni, (Fv) - (VIw), diag(a;) ™),
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with o being a vector of independently drawn gamma distributed random variables (the modeling
is described further down). w and v are s and ¢ dimensional multivariate normal distributed
random variables respectively. w denotes the vector of activities of directed annotations, whereas
v allows the overall weight that the directed annotations contribute to the effect size vary based
on undirected annotations. This allows, for instance, the impact of the directed annotations to

vary dependent on the distance to the T'SS. w is modeled in a hierarchical fashion
w ~ N,(0,diag(67 1)),

where § is again modeled as a random variable. The choice of model for § enables the implemen-
tation of a grouping structure on the directional annotations (in our application, these groupings
are the assay used to derive the annotation and the cell type in which the assay was performed).
We allow the model to fit differences in prior variances based on group membership. Thereby,
entire groups of directional annotation effects are shrunk to zero (akin to the group lasso[13]). Let
d’ be a positive integer vector of length s taking h; different values, i.e d’ partitions the vector of
directed annotations into h; groups (in this context, j = 1, .., w runs over the meta-annotations,
e.g. if the modeled meta-annotations are cell type and assay type, j can either take the value one

or two). Let v7 be a random vector of length h;j (i.e. these are the group specific weights). Then,
w -
51‘ = H Uzjij’
=1

vl = T(x15, X25)s

with hyperparameter x1;. x2; is modeled as
x2; ~ T'(¢1, G2),
with hyperparameters (; and (s.

v is modeled as

v ~ Ny(c, diag(p)_l),
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where p and c are hyperparameter vectors of length q.

The vector of precisions of the effect size vector a is modeled as
aj ~ L (71, K57i5)

where v is a hyperparameter. Note that letting the precision for each SNP vary leads to sparse
estimates for bj; this is akin to automatic relevance determination (ARD) regression[12]. &; is a

genewise parameter modeled in a hierarchical fashion
kj ~ T'(11,72),

T2 ]-_‘(517 52)7

where 71, £ and & are hyperparameters. To model v;;, we again make use of annotation matrices.
For gene j assume undirected 0 — 1 coded annotation matrix C7 of dimension m x t. Then the

SNP-wise precision modifier «;; is modeled as

Yij = H ag

i —
k:C9, =1

where Cgk = 1 if annotation k is active at index 7 in gene region j. Further,

ap = I(¢1, ¢2),

where ¢ and ¢9 are hyperparameters.

5.1 summary statistics adaptation.

Instead of using individual level genotype and expression data, we can reformulate the model for

the use of summary statistics. Multiplying equation 4 with ﬁX T gives

1 T
Vit s

1

vn

1

XTX b+ 7

T
X ej.
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A natural model to use with summary statistics is therefore,
zj = \/ﬁzjbj + E/j,

where z; is the vector of summary statistics, 3; is the LD matrix and €; ~ N, (0, )\;12j).
3; can be approximated from external sources such as 1KG[21]. Alternatively, we can use an

approximate and regularized version of the empirical LD matrix (see below).

5.2 Model fitting

The model was fit using variational bayes approach[30]. As the model is in the conjugate
exponential family, we can use the variational message passing strategy[31]. For detailed
updating steps see the supplementary information. Naive updates can be prohibitively expensive
due to the requirement to invert many large matrices of the form (¢XTX 4 D), where c is a
constant and D, is a diagonal matrix. To speed up computation, we can approximate the LD
matrix ¢XT X with a low rank approximation AtTAt, where A; is a t X m matrix with ¢t < m.

This allows us to speed up a time critical matrix inversion step.
(cXTX +Do)' = Do '-Do ‘AL + ATD, ' Ay) ' AT D,

If X is already low rank, it is computationally advantageous to use an A; s.t. ¢ XTX = A{At.
If AfAt deviates from ¢XT X, we need to use the summary statistics formulation to avoid

convergence issues. For more detail, see the supplementary information.

5.3 Deriving Annotations

For common SNPs (minor allele frequency (MAF) above 2.5% in the 1000 Genomes European
population[21]), we ran the Ezpecto model to predict the effect of the variant on epigenetic

marks(7]. For each SNP we predicted the epigenetic effects within the 200 bp region encompassing

25


https://doi.org/10.1101/619452
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/619452; this version posted April 26, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

it. For most SNPs the effects are very close to zero, allowing us to sparsify the results. Absolute
effects smaller than 0.008 were set to zero and all other effects were shrunk towards zero by 0.008
via Tpew = x — 0.008 - sgn(x). Next, results for both strands were averaged and the shrinking
procedure repeated with a threshold of 0.008. This yielded matrix with 98.4% of entries zero.
The directed annotations were then scaled to have all the same 2-norm. The magnitude of the
2-norm was set to the average of the unscaled 2-norms. These were the directed annotations
used in BAGFEA.

For undirected annotations, we used upstream and downstream distances to the T'SS. Distance to
TSS annotations as well as SNP positional annotations were downloaded from the UCSC genome
annotation database with SNP and gene annotations taken from the refGene and snp147Common

tables respectively (see link below)[32].

5.4 cis-eQTL data sets

For monocyte eQTL data, we used two preprocessed monocyte datasets with a combined sample
size of 1176 (418 from Fairfaz et al. and 758 from Rotival et al. respectively)[14][15]. Expression
matrices were quantile normalized and 10 PEER factors as well as 5 genotype PCs removed[33].
Genotype data was quality control filtered (4% SNP level missingness; 5% individual level
missingness; Hardy-Weinberg p-value above 1073 relatedness below 0.1875) and imputed using
the human genome reference panel[34].

We further downloaded eQTL summary statistics for various tissues produced by the GTEx
project if the number of samples was above 300 individuals[9]. Additionally, for LCL, we meta-
analyzed eQTL summary statistics released for 117 samples by GTFEz with summary statistics
derived from 358 European PEER-controlled samples collected as part of the GEUVADIS

study[11].
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5.5 Running BAGEA

For the monocyte eQTL analysis, BAGEA was run with default hyperparameter settings (see
supplementary information). Genotypes within a window of 150KB around a gene’s T'SS were
used to construct a genewise LD matrix. Each Genewise LD matrix was approximated via
singular value decompostion with a low rank symmetric matrix of equal top eigenvalues and
eigenvectors, such that the trace of the approximation matrix was at least 99% of the trace of
the original LD matrix. Then, a scaled identity matrix was added such that the trace of the
resulting matrix was equal to the trace of the original LD matrix. As undirected annotations,
distance windows around the TSS (50KB, 20KB, 10KB, 5KB, 2KB, 1KB, 0.5KB, 0.25KB) split
into upstream and downstream windows were used. For all GTEx summary statistics analysis,
reference 1IKG LD matrices where calculated and replaced with low rank approximation with 95%
of the matrix trace kept, anlagously to the above procedure. Default hyperparameter settings
where used except for ¢ which was set to 0.3 instead of 0 to yield consistently positive signs for v

estimates. BAGEA was run for 300 iterations in each analysis.
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5.9 Download Links

« UCSC: http://hgdownload.cse.ucsc.edu/goldenpath /hgl9/database/

o EXPECTO: https://github.com/FunctionLab/ExPecto/

o 1KG: ftp://ftp-trace.ncbi.nih.gov/1000genomes/ftp/release/20130502/
o GTEX: https://gtexportal.org/home/datasets

o GEUVADIS: ftp://ftp.ebi.ac.uk/pub/databases/microarray/data/experiment/GEUV /E-
GEUV-3/analysis_ results/

o BAGEA: https://github.com/dlampart /bagea

References

[1] Athma A Pai, Jonathan K Pritchard, and Yoav Gilad. The genetic and mechanistic basis

for variation in gene regulation. PLoS Genet, 11(1):€1004857, Jan 2015.

[2] Nicholas J Timpson, Celia M T Greenwood, Nicole Soranzo, Daniel J Lawson, and J Brent
Richards. Genetic architecture: the shape of the genetic contribution to human traits and

disease. Nat Rev Genet, 19(2):110-124, Feb 2018.

[3] Gregory A Moyerbrailean, Cynthia A Kalita, Chris T Harvey, Xiaoquan Wen, Francesca
Luca, and Roger Pique-Regi. Which genetics variants in dnase-seq footprints are more likely

to alter binding? PLoS Genet, 12(2):¢1005875, Feb 2016.

28


http://hgdownload.cse.ucsc.edu/goldenpath/hg19/database/
https://github.com/FunctionLab/ExPecto/
ftp://ftp-trace.ncbi.nih.gov/1000genomes/ftp/release/20130502/
https://gtexportal.org/home/datasets
ftp://ftp.ebi.ac.uk/pub/databases/microarray/data/experiment/GEUV/E-GEUV-3/analysis_results/
ftp://ftp.ebi.ac.uk/pub/databases/microarray/data/experiment/GEUV/E-GEUV-3/analysis_results/
https://github.com/dlampart/bagea
https://doi.org/10.1101/619452
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/619452; this version posted April 26, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

[4] Jian Zhou and Olga G Troyanskaya. Predicting effects of noncoding variants with deep
learning-based sequence model. Nat Methods, 12(10):931-4, Oct 2015.

[5] Dongwon Lee, David U Gorkin, Maggie Baker, Benjamin J Strober, Alessandro L Asoni,
Andrew S McCallion, and Michael A Beer. A method to predict the impact of regulatory

variants from dna sequence. Nat Genet, 47(8):955-61, Aug 2015.

[6] David R Kelley, Jasper Snoek, and John L Rinn. Basset: learning the regulatory code of
the accessible genome with deep convolutional neural networks. Genome Res, 26(7):990-9,

07 2016.

[7] Jian Zhou, Chandra L Theesfeld, Kevin Yao, Kathleen M Chen, Aaron K Wong, and
Olga G Troyanskaya. Deep learning sequence-based ab initio prediction of variant effects on

expression and disease risk. Nat Genet, 50(8):1171-1179, Aug 2018.

[8] Alexander Gusev, Nicholas Mancuso, Hyejung Won, Maria Kousi, Hilary K Finucane,
Yakir Reshef, Lingyun Song, Alexias Safi, Schizophrenia Working Group of the Psychiatric
Genomics Consortium, Steven McCarroll, Benjamin M Neale, Roel A Ophoff, Michael C
O’Donovan, Gregory E Crawford, Daniel H Geschwind, Nicholas Katsanis, Patrick F Sullivan,
Bogdan Pasaniuc, and Alkes L Price. Transcriptome-wide association study of schizophrenia
and chromatin activity yields mechanistic disease insights. Nat Genet, 50(4):538-548, Apr
2018.

[9] Eric R Gamazon, Ayellet V Segre, Martijn van de Bunt, Xiaoquan Wen, Hualin S Xi,
Farhad Hormozdiari, Halit Ongen, Anuar Konkashbaev, Eske M Derks, Francois Aguet, Jie
Quan, GTEx Consortium, Dan L Nicolae, Eleazar Eskin, Manolis Kellis, Gad Getz, Mark I
McCarthy, Emmanouil T Dermitzakis, Nancy J Cox, and Kristin G Ardlie. Using an atlas
of gene regulation across 44 human tissues to inform complex disease- and trait-associated

variation. Nat Genet, 50(7):956-967, Jul 2018.

[10] Yakir A Reshef, Hilary K Finucane, David R Kelley, Alexander Gusev, Dylan Kotliar,

29


https://doi.org/10.1101/619452
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/619452; this version posted April 26, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Jacob C Ulirsch, Farhad Hormozdiari, Joseph Nasser, Luke O’Connor, Bryce van de Geijn,
Po-Ru Loh, Sharon R Grossman, Gaurav Bhatia, Steven Gazal, Pier Francesco Palamara,
Luca Pinello, Nick Patterson, Ryan P Adams, and Alkes L. Price. Detecting genome-wide
directional effects of transcription factor binding on polygenic disease risk. Nat Genet,

50(10):1483-1493, Oct 2018.

[11] Tuuli Lappalainen, Michael Sammeth, Marc R Friedlander, Peter A C 't Hoen, Jean Monlong,
Manuel A Rivas, Mar Gonzalez-Porta, Natalja Kurbatova, Thasso Griebel, Pedro G Ferreira,
Matthias Barann, Thomas Wieland, Liliana Greger, Maarten van Iterson, Jonas Almlof,
Paolo Ribeca, Irina Pulyakhina, Daniela Esser, Thomas Giger, Andrew Tikhonov, Marc
Sultan, Gabrielle Bertier, Daniel G MacArthur, Monkol Lek, Esther Lizano, Henk P J
Buermans, Ismael Padioleau, Thomas Schwarzmayr, Olof Karlberg, Halit Ongen, Helena
Kilpinen, Sergi Beltran, Marta Gut, Katja Kahlem, Vyacheslav Amstislavskiy, Oliver Stegle,
Matti Pirinen, Stephen B Montgomery, Peter Donnelly, Mark I McCarthy, Paul Flicek,
Tim M Strom, Geuvadis Consortium, Hans Lehrach, Stefan Schreiber, Ralf Sudbrak, Angel
Carracedo, Stylianos E Antonarakis, Robert Hésler, Ann-Christine Syvénen, Gert-Jan van
Ommen, Alvis Brazma, Thomas Meitinger, Philip Rosenstiel, Roderic Guigé, Ivo G Gut,
Xavier Estivill, and Emmanouil T Dermitzakis. Transcriptome and genome sequencing

uncovers functional variation in humans. Nature, 501(7468):506-11, Sep 2013.
[12] Christopher M. Bishop. Pattern Recognition and Machine Learning. Springer, 2006.

[13] Ming Yuan and Yi Lin. Model selection and estimation in regression with grouped variables.
Journal of the Royal Statistical Society: Series B (Statistical Methodology), 68(1):49-67,
2006.

[14] Benjamin P Fairfax, Peter Humburg, Seiko Makino, Vivek Naranbhai, Daniel Wong, Evelyn
Lau, Luke Jostins, Katharine Plant, Robert Andrews, Chris McGee, and Julian C Knight.
Innate immune activity conditions the effect of regulatory variants upon monocyte gene

expression. Science, 343(6175):1246949, Mar 2014.

30


https://doi.org/10.1101/619452
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/619452; this version posted April 26, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

[15] Maxime Rotival, Tanja Zeller, Philipp S Wild, Seraya Maouche, Silke Szymczak, Arne
Schillert, Raphaele Castagné, Arne Deiseroth, Carole Proust, Jessy Brocheton, Tiphaine
Godefroy, Claire Perret, Marine Germain, Medea Eleftheriadis, Christoph R Sinning, Re-
nate B Schnabel, Edith Lubos, Karl J Lackner, Heidi Rossmann, Thomas Miinzel, Augusto
Rendon, Cardiogenics Consortium, Jeanette Erdmann, Panos Deloukas, Christian Hengsten-
berg, Patrick Diemert, Gilles Montalescot, Willem H Ouwehand, Nilesh J Samani, Heribert
Schunkert, David-Alexandre Tregouet, Andreas Ziegler, Alison H Goodall, Frangois Cambien,
Laurence Tiret, and Stefan Blankenberg. Integrating genome-wide genetic variations and
monocyte expression data reveals trans-regulated gene modules in humans. PLoS Genet,

7(12):1002367, Dec 2011.

[16] J K Haseman and R C Elston. The investigation of linkage between a quantitative trait

and a marker locus. Behav Genet, 2(1):3-19, Mar 1972.

[17] Jean-Baptiste Veyrieras, Sridhar Kudaravalli, Su Yeon Kim, Emmanouil T Dermitzakis,
Yoav Gilad, Matthew Stephens, and Jonathan K Pritchard. High-resolution mapping of
expression-qtls yields insight into human gene regulation. PLoS Genet, 4(10):¢1000214, Oct
2008.

[18] Christina S Clark, Janet E Konyer, and Kelly A Meckling. lalpha,25-dihydroxyvitamin d3
and bryostatin-1 synergize to induce monocytic differentiation of nb4 acute promyelocytic

leukemia cells by modulating cell cycle progression. Ezp Cell Res, 294(1):301-11, Mar 2004.

[19] Jian Yang, Teresa Ferreira, Andrew P Morris, Sarah E Medland, Genetic Investigation of
ANthropometric Traits (GIANT) Consortium, DIAbetes Genetics Replication And Meta-
analysis (DIAGRAM) Consortium, Pamela A F Madden, Andrew C Heath, Nicholas G
Martin, Grant W Montgomery, Michael N Weedon, Ruth J Loos, Timothy M Frayling,
Mark I McCarthy, Joel N Hirschhorn, Michael E Goddard, and Peter M Visscher. Conditional
and joint multiple-snp analysis of gwas summary statistics identifies additional variants

influencing complex traits. Nat Genet, 44(4):369-75, S1-3, Mar 2012.

31


https://doi.org/10.1101/619452
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/619452; this version posted April 26, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

[20] Georg B Ehret, David Lamparter, Clive J Hoggart, Genetic Investigation of Anthropometric
Traits Consortium, John C Whittaker, Jacques S Beckmann, and Zoltan Kutalik. A multi-
snp locus-association method reveals a substantial fraction of the missing heritability. Am J

Hum Genet, 91(5):863-71, Nov 2012.

[21] 1000 Genomes Project Consortium, Adam Auton, Lisa D Brooks, Richard M Durbin, Erik P
Garrison, Hyun Min Kang, Jan O Korbel, Jonathan L Marchini, Shane McCarthy, Gil A

McVean, and Gongalo R Abecasis. A global reference for human genetic variation. Nature,

526(7571):68-74, Oct 2015.

[22] Roadmap Epigenomics Consortium, Anshul Kundaje, Wouter Meuleman, Jason Ernst, Misha
Bilenky, Angela Yen, Alireza Heravi-Moussavi, Pouya Kheradpour, Zhizhuo Zhang, Jianrong
Wang, Michael J Ziller, Viren Amin, John W Whitaker, Matthew D Schultz, Lucas D Ward,
Abhishek Sarkar, Gerald Quon, Richard S Sandstrom, Matthew L Eaton, Yi-Chieh Wu,
Andreas R Pfenning, Xinchen Wang, Melina Claussnitzer, Yaping Liu, Cristian Coarfa,
R Alan Harris, Noam Shoresh, Charles B Epstein, Elizabeta Gjoneska, Danny Leung, Wei
Xie, R David Hawkins, Ryan Lister, Chibo Hong, Philippe Gascard, Andrew J Mungall,
Richard Moore, Eric Chuah, Angela Tam, Theresa K Canfield, R Scott Hansen, Rajinder
Kaul, Peter J Sabo, Mukul S Bansal, Annaick Carles, Jesse R Dixon, Kai-How Farh, Soheil
Feizi, Rosa Karlic, Ah-Ram Kim, Ashwinikumar Kulkarni, Daofeng Li, Rebecca Lowdon,
GiNell Elliott, Tim R Mercer, Shane J Neph, Vitor Onuchic, Paz Polak, Nisha Rajagopal,
Pradipta Ray, Richard C Sallari, Kyle T Siebenthall, Nicholas A Sinnott-Armstrong, Michael
Stevens, Robert E Thurman, Jie Wu, Bo Zhang, Xin Zhou, Arthur E Beaudet, Laurie A
Boyer, Philip L De Jager, Peggy J Farnham, Susan J Fisher, David Haussler, Steven J M
Jones, Wei Li, Marco A Marra, Michael T McManus, Shamil Sunyaev, James A Thomson,
Thea D Tlsty, Li-Huei Tsai, Wei Wang, Robert A Waterland, Michael Q Zhang, Lisa H
Chadwick, Bradley E Bernstein, Joseph F Costello, Joseph R Ecker, Martin Hirst, Alexander

Meissner, Aleksandar Milosavljevic, Bing Ren, John A Stamatoyannopoulos, Ting Wang,

32


https://doi.org/10.1101/619452
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/619452; this version posted April 26, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

and Manolis Kellis. Integrative analysis of 111 reference human epigenomes. Nature,

518(7539):317-30, Feb 2015.

[23] Peiman Hematti. Mesenchymal stromal cells and fibroblasts: a case of mistaken identity?

Cytotherapy, 14(5):516-21, May 2012.

[24] Ryan A Denu, Steven Nemcek, Debra D Bloom, A Daisy Goodrich, Jaehyup Kim, Deane F
Mosher, and Peiman Hematti. Fibroblasts and mesenchymal stromal/stem cells are pheno-

typically indistinguishable. Acta Haematol, 136(2):85-97, 2016.

[25] Kelly A Whelan, Amanda B Muir, and Hiroshi Nakagawa. Esophageal 3d culture systems
as modeling tools in esophageal epithelial pathobiology and personalized medicine. Cell Mol

Gastroenterol Hepatol, 5(4):461-478, 2018.

[26] David P Doupé, Maria P Alcolea, Amit Roshan, Gen Zhang, Allon M Klein, Benjamin D
Simons, and Philip H Jones. A single progenitor population switches behavior to maintain

and repair esophageal epithelium. Science, 337(6098):1091-3, Aug 2012.

[27] Hui Di Wang, Matthew T Rétsep, Alexander Chapman, and Ryan Boyd. Adventitial
fibroblasts in vascular structure and function: the role of oxidative stress and beyond. Can

J Physiol Pharmacol, 88(3):177-86, Mar 2010.

[28] Daniel J Gaffney, Jean-Baptiste Veyrieras, Jacob F Degner, Roger Pique-Regi, Athma A Pai,
Gregory E Crawford, Matthew Stephens, Yoav Gilad, and Jonathan K Pritchard. Dissecting

the regulatory architecture of gene expression qtls. Genome Biol, 13(1):R7, Jan 2012.

[29] Avinash Das, Michael Morley, Christine S Moravec, W H W Tang, Hakon Hakonarson,
MAGNet Consortium, Kenneth B Margulies, Thomas P Cappola, Shane Jensen, and Sridhar
Hannenhalli. Bayesian integration of genetics and epigenetics detects causal regulatory snps

underlying expression variability. Nat Commun, 6:8555, Oct 2015.

33


https://doi.org/10.1101/619452
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/619452; this version posted April 26, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

[30] David M Blei, Alp Kucukelbir, and Jon D McAuliffe. Variational inference: A review for

statisticians. Journal of the American Statistical Association, 112(518):859-877, 2017.

[31] John Winn and Christopher M Bishop. Variational message passing. Journal of Machine
Learning Research, 6(Apr):661-694, 2005.

[32] Maximilian Haeussler, Ann S Zweig, Cath Tyner, Matthew L Speir, Kate R Rosenbloom,
Brian J Raney, Christopher M Lee, Brian T Lee, Angie S Hinrichs, Jairo Navarro Gonzalez,
David Gibson, Mark Diekhans, Hiram Clawson, Jonathan Casper, Galt P Barber, David
Haussler, Robert M Kuhn, and W James Kent. The ucsc genome browser database: 2019
update. Nucleic Acids Res, 47(D1):D853-D858, Jan 2019.

[33] Oliver Stegle, Leopold Parts, Matias Piipari, John Winn, and Richard Durbin. Using proba-
bilistic estimation of expression residuals (peer) to obtain increased power and interpretability

of gene expression analyses. Nat Protoc, 7(3):500-7, Feb 2012.

[34] Shane McCarthy, Sayantan Das, Warren Kretzschmar, Olivier Delaneau, Andrew R Wood,
Alexander Teumer, Hyun Min Kang, Christian Fuchsberger, Petr Danecek, Kevin Sharp,
Yang Luo, Carlo Sidore, Alan Kwong, Nicholas Timpson, Seppo Koskinen, Scott Vrieze,
Laura J Scott, He Zhang, Anubha Mahajan, Jan Veldink, Ulrike Peters, Carlos Pato,
Cornelia M van Duijn, Christopher E Gillies, Ilaria Gandin, Massimo Mezzavilla, Arthur
Gilly, Massimiliano Cocca, Michela Traglia, Andrea Angius, Jeffrey C Barrett, Dorrett
Boomsma, Kari Branham, Gerome Breen, Chad M Brummett, Fabio Busonero, Harry
Campbell, Andrew Chan, Sai Chen, Emily Chew, Francis S Collins, Laura J Corbin,
George Davey Smith, George Dedoussis, Marcus Dorr, Aliki-Eleni Farmaki, Luigi Ferrucci,
Lukas Forer, Ross M Fraser, Stacey Gabriel, Shawn Levy, Leif Groop, Tabitha Harrison,
Andrew Hattersley, Oddgeir L. Holmen, Kristian Hveem, Matthias Kretzler, James C
Lee, Matt McGue, Thomas Meitinger, David Melzer, Josine L. Min, Karen L Mohlke,
John B Vincent, Matthias Nauck, Deborah Nickerson, Aarno Palotie, Michele Pato, Nicola

Pirastu, Melvin McInnis, J Brent Richards, Cinzia Sala, Veikko Salomaa, David Schlessinger,

34


https://doi.org/10.1101/619452
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/619452; this version posted April 26, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Sebastian Schoenherr, P Eline Slagboom, Kerrin Small, Timothy Spector, Dwight Stambolian,
Marcus Tuke, Jaakko Tuomilehto, Leonard H Van den Berg, Wouter Van Rheenen, Uwe
Volker, Cisca Wijmenga, Daniela Toniolo, Eleftheria Zeggini, Paolo Gasparini, Matthew G
Sampson, James F Wilson, Timothy Frayling, Paul I W de Bakker, Morris A Swertz, Steven
McCarroll, Charles Kooperberg, Annelot Dekker, David Altshuler, Cristen Willer, William
Tacono, Samuli Ripatti, Nicole Soranzo, Klaudia Walter, Anand Swaroop, Francesco Cucca,
Carl A Anderson, Richard M Myers, Michael Boehnke, Mark I McCarthy, Richard Durbin,
and Haplotype Reference Consortium. A reference panel of 64,976 haplotypes for genotype
imputation. Nat Genet, 48(10):1279-83, 10 2016.

35


https://doi.org/10.1101/619452
http://creativecommons.org/licenses/by-nc-nd/4.0/

	Abstract
	Introduction
	Results
	Model Overview
	Evaluation Strategy for Model Fit
	Directed Annotations Derived from Blood can Partially Explain cis-eQTLs in Monocytes
	Joint Modeling of cis-eQTLs and Directed Annotations Highlights Biologically Relevant Epigenetic Marks
	Modeling Directional Components is Robust to the Use of Summary Statistics
	Analysis of GTEx Summary Statistics Highlights Annotations Gathered from Relevant Tissues

	Discussion
	Methods
	Model Details
	summary statistics adaptation.
	Model fitting
	Deriving Annotations
	cis-eQTL data sets
	Running BAGEA
	Author Contributions
	Funding
	Acknowledgements
	Download Links


