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Abstract

Background: Genome-wide association studies (GWAS) identify genetic variants
predictive of common diseases but this does not directly inform on molecular
mechanisms. The recently developed deep learning-based method DeepSEA uses
DNA sequences to predict regulatory effects for up to 1000 functional units, namely
regulatory elements and chromatin features in specific cell-types from the ENCODE
project.

Results: We here describe “DeepWAS”, a conceptually new GWAS approach that
integrates these predictions to identify SNP sets per functional units prior to association

analysis based on multiple regression. To test the power of this approach, we use
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genotype data from a major depressive disorder (MDD) case/control sample (total
N=1,537). DeepWAS identified 177 regulatory SNPs moderating 122 functional units.
MDD regulatory SNPs were located mostly in promoters, intronic and distal intergenic
regions and validated with public data. Blood regulatory SNPs were experimentally
annotated with methylation quantitative trait loci (QTLs), expression quantitative trait
methylation loci and expression QTLs and replicated in an independent cohort. Joint
integrative analysis of regulatory SNPs and the independently identified annotations
were connected through transcription factors MEF2A, MEF2C and ATF2, regulating a
network of transcripts previously linked to other psychiatric disorders. In the latest
GWAS for MDD, the MEF2C gene itself is within the top genome-wide significant locus.
Conclusions: DeepWAS is a novel concept with the power to directly identify individual
regulatory SNPs from genotypes. In a proof of concept study, MEF2C was identified as
a master-regulator in major depression, a finding complementary to recent depression

GWAS data, underlining the power of DeepWAS.

Keywords: GWAS concept, functional data, chromatin features, cell-type specificity,
ENCODE, deep learning, multiple regression, major depressive disorder, MEF2,

MEF2C

Background

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

genetic variants associated with risk for common diseases[1]. However, going from pure
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association to mechanistic insight has been a much more challenging task. The
identification of the true functional/causal variants within association signals is
hampered by the linkage disequilibrium (LD) block structure of the genome. Due to this
structure, the true functional variants can most often not be discerned within associated
blocks, which can span several gene loci. One approach to better infer functional
variants has been the annotation of association signals by their correlation with more
proximal molecular read-outs such as gene expression or DNA methylation in the form
of expression and methylation quantitative trait locus (eQTL and meQTL)
approaches|[2,3]. Very recent approaches such as binding QTL (bQTL) studies for
transcription factor (TF) binding now add additional regulatory information[4]. While
these approaches can indicate regulatory effects of associated SNPs, they can also not

pinpoint single functional variants within an LD block.

To further close the gap of missing functional annotation, additional post-processing
approaches, so called functional GWASI5], have been used. The majority of the
previously published functional GWAS studies are based on the overlap of SNPs with
cis-regulatory elements such as promoters and enhancers (see Tak and Farnham([6] for
a comprehensive review). These functional GWAS indicate that for common disease,
the majority of associated SNPs reside in non-coding, regulatory regions[5,7,8]. One
drawback of these methods is that the actual impact of the variant on regulatory
elements is not assessed and thus not taken into account for the annotation, which
does not go beyond positional overlap. For example, two SNPs that localize to the same

chromatin immunoprecipitation with massively parallel sequencing[9] (ChIP-seq) peak
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of a TF might have opposing effects or no effects at all. To try to resolve this, in silico
approaches predicting disruption of transcription factor binding motifs[10,11] have been
used, however, our understanding of actual binding based on known motifs is still
limited. Given the fact that classical GWAS thus test many variants that are highly
unlikely to be functionally relevant, methods integrating functional knowledge of SNP
into GWAS could not only allow prioritize relevant variants but also to increase power
for such association studies that now often need tens of thousands of cases for robust

signals[1].

Recent advances in systems genetics, harnessing the predictive power of deep
learning, might have the capacity to enhance the performance of functional SNP
prioritization methods. Zhou J and Troyanskaya OG have developed a deep learning
method called “DeepSEA” uses only DNA sequence information to predict effects on
regulatory chromatin features such as histone marks, TF binding or the presence of
open chromatin[12]. For this experimental, publicly available data from the ENCODE
project[13] and the Roadmap Epigenomics Project[14] for cell type-specific TF binding,
histone modifications and chromatin states was used. This type of functional sequence
annotation is superior to pure overlap methods as it computes allele-specific differences
in the effects on these regulatory elements and thus discerns SNPs with functional
impact, at least in the given cell lines, from those just residing within the annotated
element. Furthermore, it allows incorporating cell-type specific regulatory effects of such
variants, adding another critical layer to understand disease mechanisms that are often

tissue-specific.
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In this manuscript we present a conceptually new approach fusing classical and
functional GWAS. We obtain regulatory information on SNPs by generating sets of
SNPs in “functional units” using deep learning and then performing functional unit-Wide
Association Studies (deepWAS). First, we extracted DNA sequences centred on a SNP
to predict close to 1000 allele-specific regulatory effects of chromatin features in various
cell types (a pair of one chromatin feature in one cell type is further called “functional
unit”) using DeepSEA[12]. Second, the resulting significant regulatory SNPs were then
used to identify sets of SNPs characterized by their joint moderation of a functional unit.
Finally, we identify regulatory SNPs, short “deepSNPs”, each coupled to a functional
unit by associating each set of predicted regulatory SNPs with a trait or disease. To that
end we use a multiple regression model with SNP selection using L1 (“LASSO”)
penalization[15]. By testing regulatory SNPs within each of the confined functional units,
we controlled not only for correlations induced by LD but also for possible joint, thereby
again correlated, SNP effects on two or more chromatin features or cell types for which
LASSO would select one representative SNP. This optimized variant selection improves

our power to identify SNPs that may play a role in the etiology of the disease.

For a proof of concept, we used data from a published GWAS for major depressive
disorder (MDD)[16]. Heritability for this disorder has been reported to be up to 40%[17]
and thus comparable with other common diseases, GWAS have, however, only been
successful very recently when including over 110,000 cases and 300,000 controls

identifying 17 independent SNPs associated with MDD at genome-wide significant
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level[18,19]. Nonetheless, the required sample size for each discovered disease locus is
much higher than for other psychiatric disorders such as schizophrenia, in which 128
independent SNPs have been identified with only 35,000 cases[20]. This difference may
be attributed to the possibly higher biological heterogeneity not covered with current
phenotyping methods and the large relevance of the environment as a risk factor for
MDD. A recent study from our group has reported the importance of genetic variants in
specific enhancer regions conferring risk for major depression, likely by gene x stress
interactions[21]. DeepWAS, with its focus on variants altering functional regulatory
elements, could thus help to promote our understanding of the genetic mechanisms

underlying depression risk.

Results

DeepWAS approach

To identify SNP sets that potentially affect common regulatory functions in a cell type
specific manner, we need to investigate their genomic location and sequence alterations
within so called “functional units”. We denote a “functional unit” as a gene-regulatory
state of a specific cell type characterized by the mapping of one chromatin feature onto
the genome in the absence or presence of additional stimulating/treatment conditions,
see (Figure 1A). For example, the functional unit “p53-HelLa” was defined by all
genomic regions covered by ChIP-seq peaks of the TF p53 within baseline conditions in

the HelLa cell line. For this manuscript, the 919 DeepSEA features [12] are considered
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as functional units representing data from the ENCODE project [13] covering
combinations of 201 different experimental annotations of epigenetically relevant
information. This includes the mapping of different TFs, various DNase hypersensitive
(DHS) regions and histone marks across 31 cell lines and 17 treatment conditions.
Next, one kilobase DNA sequences were generated for each SNP for both reference
and alternative alleles. We used the pre-trained DeepSEA model[12] to predict the
probabilities of a SNP allele to moderate a functional unit. DeepSEA is a method that
uses deep neural networks and was trained to predict membership of 919 functional
units given a one kilobase genomic sequence. To select SNPs moderating a functional
unit, we used the metric provided by DeepSEA that estimates the impact of a variant on
the functional read out by comparing the probabilities of allele-specific regulation[12].
Therefore, the authors used one million random SNPs from the 1,000 Genomes project
[22] as a background distribution to calculate e-values for each functional unit by
assessing the proportion of random variants with a bigger effect than that of the
observed variants. SNPs with significant e-values, thus potentially having allele-specific
effects on a functional unit, were defined as a functional-unit specific SNP set. In other
words, only SNPs with a predicted and significant difference in allele-specific regulatory
effect for a given genomic feature in a cell type (functional unit) were retained for the
subsequent association analysis. When overlapping the available genotypes (measured
and imputed) in the case/control samples with the functional-unit specific SNP sets, 919
sets of genotypes filtered by regulatory effect in a functional unit remained for the

analysis (Figure 1B).
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For the final step in the DeepWAS, we used the functional genotypes of the case/control
sample and possible confounders to associate SNPs set to a disease or trait (Figure
1C). The number of tested SNPs is massively reduced using the above-described
functional annotation based on ENCODE data and this variant filtering now enables us
to employ regularized regression methods with multiple SNPs. Therefore, each set of
regulatory SNPs in one functional unit was subjected to a logistic regression model with
L1 regularization (LASSO). In other words, we fitted 919 functional unit-based models to
again select regulatory SNPs associated to a trait or disease. For models with at least
one non-zero coefficient for a SNP, we further implemented a permutation-based
significance test with controlled false positive rate. From all models that withstood this
permutation-based multiple testing correction, we finally identified the deepSNPs that
are defined as significant non-zero regulatory SNPs associated to the trait or disease
and moderating a functional unit. The advantage of DeepWAS over traditional GWAS
(Figure 1D) is thus twofold, 1) it includes putative regulatory mechanisms in the GWAS
analysis from the start and 2) it controls false discovery error by reducing multiple

testing.

DeepWAS of major depressive disorder

We used post-quality control genotype data from 1,537 individuals (739 controls and
798 cases) of a cohort recruited for recurrent major depressive disorder (MDD). The
data were imputed to the 1000 Genomes Phase 1 reference panel [22] using SHAPEIT2

[23] and IMPUTEZ2 [24]. The resulting data set contained more than 1.7 million variants
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with MAFs of at least 5% and non-missing genotypes. As expected, a classical GWAS
approach failed to identify genome-wide significant associations [16] (Additional file 1:

Figure S1).

For the DeepWAS approach, a total, 6,685 SNPs and 50,704 SNP-functional unit pairs
were retained after filtered for allele-specific effects in a given functional unit at a
significance level of 5 - 107°. These SNPs were then tested for association with
depression within 919 LASSO models for each functional unit (see above) including age
and sex as additional covariates (number of SNP predictors in 919 LASSO models:
min=17, median=51, max=213. See Additional file 1: Figure S2). Of these models,
193 had at least one non-zero coefficient for a SNP (number of SNPs with non-zero
coefficients in 193 models: min=1, median=2 and max=22). Permutation-based
significance test identified 122 out of these 193 models to be below the FDR-adjusted p-
value threshold of 0.1 (Additional file 1: Figure S2 and Additional file 2 and 3). In
other words, deepWAS identified 122 functional units associated with MDD containing

in total 177 deepSNPs moderating 74 chromatin features in 31 cell lines.

We first analysed, whether the MDD deepSNPs were enriched for specific chromatin
features or tissue (Figure 2A). Not surprisingly, cell lines with a large number of
investigated chromatin features such as GM12878, K562 and HepG2 exhibited more
significant models since more chromatin features are covered in the data generated
from these cell lines. Interestingly, TFs such as c-Myc and EBF1 that are more relevant

to cell proliferation did not show significant associations. CTCF on the other hand, an
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transcriptional regulator relevant for chromatin conformations important for the function
of long-range enhancers showed consistent effects across many cell lines. In fact,
genetic variants in long range enhancer have been shown to be highly relevant for
common disorders [14] and also major depression [21]. Furthermore, NF-kB and
glucocorticoid response element related deepSNPs only become apparent in the
stimulation condition, underlining the importance of going beyond pure baseline
characterization. Both systems and transcription factors, NF-kB — a major immune
regulator and the glucocorticoid receptor — central for the stress response, have been
previously implicated in the pathogenesis of MDD [21,25,26] (Figures 2A and

Additional file 1: Figure S2).

We next investigated the genomic regions in which these deepSNPs reside. Using the
UCSC knownGene annotations [27], we observed that vast majority of deepSNPs are in
promoters, intronic regions and distal intergenic regions that might indicate enhancers
(Figure 2B). We then examined the enrichment of deepSNPs in tissue-specific cis-
regulatory elements using genome annotations of the 15-state ChromHMM model[14].
The promoters are significantly enriched for deepSNPs in 126 out of 127 epigenomes
(99%) spanning all tissue groups, whereas the enhancers are only enriched in
“Astrocytes Primary Cells - E125” (FDR-adjusted p-value: 0.093) and in “A549 EtOH
0.02pct Lung Carcinoma Cell Line - E114” (FDR-adjusted p-value: 0.006) epigenomes

(Additional file 1: Figure S4).

10
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To test whether the deepSNPs could be validated for their predicted allele-specific
effects in experimental data, we evaluated the effect of cell line-matched deepSNPs on
TF binding using previously published binding QTLs (bQTL) [4]. The bQTLs were
identified in GM12878 (Lymphoblastic cell line (LCL) from B-Lymphocytes) using a
pooled ChlIP-seq approach of 60 Lymphoblastic Yoruban cell lines to identify SNPs
significantly altering binding of TFs by comparing the allele frequencies in sequencing
data before and after the ChIP experiment. Out of 26 deepSNPs in GM12878, we
identified eight SNPs (31 %) that were also experimentally validated bQTLs for JunD,

Pu.1, NF-kB and POU2f1 (Additional file 4).

Blood deepSNPs overlap with methylation and expression QTLs

Allele-specific effects on chromatin features likely associate with altered transcriptional
activation and this is reflected in differences in DNA methylation levels and gene
transcription. To test, whether the deepSNPs are indeed preferentially transcriptionally
relevant variants, we used DNA methylation and mRNA expression data from peripheral
blood in the recMDD samples (see Methods) as well as a second independent sample
(MPIP, see Methods). We focused on the detailed analysis of 26 GM12878 deepSNPs
(Figure 3), as GM12878 is among the best-characterized cell lines, derived from blood
cells, B-lymphocytes and amongst the top regulatory cell line identified by the MDD

deepWAS.

11
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First, we conducted a methylation quantitative trait locus (meQTL) analysis using whole
blood methylation levels of a subset of the recMDD cohort (n=257 individuals). SNP-
CpG associations were carried out in a 3Mb cis-window around the deepSNPs to
assess the effect of nearby CpG sites. From the 26 deepSNPs, we identified 17
significant meQTLs containing seven unique deepSNPs (27 %) and 17 CpGs after
Bonferroni-correction for all tested CpGs per SNP (Table 1). The majority (>71%) of the
meQTL SNPs were associated with more than one DNA methylation site (one to four
CpG sites per SNP, Table 1). Notably, 25 deepSNPs (96 %) were nominally associated
with differential methylation levels (p<0.05). The most significant meQTL is located in an
enhancer region and all four identified CpGs in regions epigenetically associate with
gene silencing (Figure 4A). The genotypes at the intergenic SNP rs9293528 were
significantly associated with the methylation levels of four moderately correlated CpGs
located approximately 30-55 kb away from the SNP: cg1193710, cg14617041,
cg14727987 and cg26653990 (Figures 4B and 4C). Sixteen out of the 17 meQTLs
were validated in the independent cohort (MPIP cohort, n=229 samples, see Methods),
i.e., showed a significant meta-analysis p-value (see Methods) showing equally or more

significant associations than in the discovery cohort alone (Figure 4D and Table 1).

Interestingly, deepSNPs are also associated with MDD-specific methylation changes. In
total we found five deepSNP-CpG pairs with significant differences in the allele-specific

methylation profiles between MDD cases and controls in recMDD cohort (see Methods).
Two of these MDD specific meQTLs are replicated in the independent MPIP cohort (see

Additional file 1: Table S1 and Additional file 1: Figure S5).

12
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271

272 Second, we investigated the effects of the identified 17 CpG methylation sites
273 associated to MDD deepSNPs on matched gene expression levels, if CpG and
274  transcripts were within 1.5Mb of genomic distance. This was investigated in the MPIP
275 cohort, as gene expression data were only available in this sample. Among these, we
276 identified three expression quantitative methylation loci (eQTM) comprising two CpGs
277 and three gene expression probes after genome-wide Bonferroni-correction for the
278 number of tested transcripts per CpG (Additional file 1: Table S2) and 11 eQTMs (8
279 CpGs and 9 transcripts) at nominal level. These are: cg19235974-CACNA2D4 (Calcium
280 voltage-gated channel auxiliary subunit alpha2delta 4), cg19235974-CACNA1C (Calcium
281  voltage-gated channel subunit alpha1 C) and cg21290162-MSRA (Methionine sulfoxide
282 reductase A). CACNA1C has been associated with schizophrenia, bipolar disorder and
283 major depression[28], CACNA2D4 with late onset bipolar disorder[29] and MRSA with
284  both bipolar disorder and schizophrenia [30,31].

285

286 Finally, we associated the 26 deepSNPs to gene expression directly, by conducting an
287  expression quantitative trait locus (eQTL) analysis using the MPIP cohort data (n=289
288 samples). We examined transcripts within a cis-window of 1.5Mb upstream and

289 downstream of the deepSNPs for an association with whole blood gene expression

290 profiles. We identified three deepSNPs with significant eQTL: rs12541159-MSRA,

291  rs1868881-TIMM10 and rs4646797-ALDH3A2 (Additional file 1: Table S3).

292 Interestingly, at nominal significance level we found 27 eQTLs (12 deepSNPs and 27

293 transcripts).

13
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Overall, the investigation of the functional consequences of a hematopoietic tissue-
relevant set of deepSNPs in experimental data indicates that these indeed preferentially

tag meQTLs and eQTLs and are thus transcriptionally relevant.

Predicted regulatory effects of deepSNPs in MDD

Finally, we integrated the analysis results of meQTLs, eQTLs, eQTMs in peripheral
blood with our GM12878 deeSNPs to explore power of the deepWAS approach for
identifying novel, putative disease mechanisms. We combined all pairwise links of
meQTL (SNP-CpG), eQTL (SNP-gene), eQTM (CpG-gene) and deepSNP-chromatin

features and illustrated them in a network (Figure 5A).

One of six deepSNPs, rs12541159, had a meQTL and eQTL and at the same time
harboured an eQTM, in which the CpG site was affecting the transcriptional levels of the
same gene (Figure 5B). By regulating the methylation and expression profiles of
multiple genes via common TFs, deepSNPs may represent putative master regulators
of in a given disease. The intergenic deepSNP rs12541159 was predicted to affect
binding of the MEF2C TF, correlated with blood methylation levels of two intergenic
CpGs (cg21290162 cg11269159) and one exonic CpG ¢g27411982 with blood gene
expression of MSRA resigning 517 kb (Figure 5B, box 1 and 5C). The CpGs
themselves showed no correlation to each other (Figure 5D). The transcriptional levels

of MSRA were associated with increased cg21290162 methylation (Figure 5E). This,

14
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motivated us to infer causality and we investigated whether the CpG site could fully
explain the observed association between the SNP and MSRA expression using causal
inference testing[32]. We found partial mediation of the effect of rs12541159 on MSRA

expression by DNA methylation status of CpG site cg21290162 (Figure 5E, p = 0.043).

Strikingly, the deepWAS results connected the independently identified six SNPs of the
nine molecular QTLs (see Figure 5A) through a family of TFs, namely MEF2A (myocyte
enhancer factor 2A), MEF2C (myocyte enhancer factor 2C) and ATF2 (activating
transcription factor 2). Predicted regulatory effect to identical SNPs suggest TF co-
localization, which has been not been reported so far. We thus utilized ReMap
annotation tool [33] to study co-localization and identified a significantly overlap of TF
ChlIP-seq peaks for these three TFs (Additional file 1: Figure S6). Interestingly, a
SNP in the locus encompassing the MEF2C gene is the top locus of the largest GWAS
for MDD so far, with a p < 107°[19]. Similarly, we identify a regulatory effect of a second
TF, P300, of which the respective EB300 gene was a GWAS locus in the discovery

cohort[19].

Discussion

In classical GWAS all SNPs are tested independently and in a fully genome-wide
manner, thereby implicitly assuming that any SNP can moderate the function of any cell
state at any time. It is now clear that disease associations especially to common

disorders are driven by SNPs altering the function of regulatory elements. Hence it is
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likely not necessary to test all SNPs in GWAS but instead useful to focus on functional

annotation to help prioritize putative risk variants[14].

In this manuscript, we address this idea by directly integrating the functional data into
the GWAS approach itself. To that end, we employed the powerful DeepSEA method
[12] that uses raw DNA sequence data to predict regulatory effects of 919 chromatin
features (from the ENCODE project) in various cell types, termed “functional unit” here.
These predictions enable determining allele specific effects of single SNPs by
comparing predictions of reference and alternative allele sequences (Figure 1). As
deep learning refers to the idea of learning multiple levels of representations and
relevant features from the raw input, it eliminates the need for manual feature
extraction, such as extracting k-mer frequencies for DNA sequence analysis [34]. To our
best knowledge, our study is the first to use deep learning-based predictors to identify
regulatory SNPs in GWAS. All identified deepSNPs were predicted to have a specific
regulatory effect of a chromatin feature in a defined cell type (functional unit), thereby
allowing having directly testable hypotheses of regulatory mechanisms in a trait or

disease.

Our deepWAS approach is superior to simply overlapping peaks or tracks of chromatin
features to GWAS signals, even though it is computationally more expensive due to the
deep learning-based predictions, cross-validated LASSO models and permutation-

based model selection. In contrast to annotation-based methods, data-driven methods,

such as DeepSEA, have a high predictive power on a single base resolution (by
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comparing predictions of reference and alternative allele sequences) and not only for
larger stretches of sequence underlying one or several chromatin features. It thus
enables us to systematically assess the effects of sub-threshold SNPs that are missed
in classical approaches. DeepWAS does not identify genomic loci containing many
possible regulatory SNPs, but identifies single deepSNPs with predicted allele-specific

regulatory effect in a function unit, a cell-type and chromatin feature.

The second major methodological advantage of deepWAS is the implementation of
multiple (multi-SNP) regression models with L1 regularization (called LASSO
regression) selecting only a few SNPs, so-called deepSNPs. The deepSNPs of one
functional unit are only selected when they jointly associate with the disease or trait.
Multiple regression models are relatively new in the field of GWAS, nonetheless already
show promising result [35,36]. A related multi-SNP approach used pre-clustering of LD
blocks prior to LASSO modelling [37]. Models with millions of SNPs are less powerful to
associate SNPs, most probably due to the high correlation structure induced by LD. The
power of a pre-selection of regulatory SNP sets is underlined by the fact that when all
predicted regulatory SNPs (neglecting the information on functional units) were used as
input to a single LASSO regression model only one SNP (rs8180478 in osteoblast-
H2A.Z functional unit) showed significant association with MDD. This is in contrast to

the 177 deepSNPs identified using the pre-selection models.

Currently deepWAS has two main limitations. First, the proposed study was designed

for best-guess genotype data (i.e. 0-1-2 encoding). Since LASSO models require full
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genotype information for all samples, the numbers of SNPs entering the analysis had to
be reduced due to quality control procedures. To address this issue, we are planning to
extend the method for dosage data (i.e. probabilistic representation of genotypes) to
increase the range of predicted regulatory effects. This will also necessitate as re-
evaluation of the LASSO model as many more SNPs in high LD will enter the analysis.
The second limitation is the current comprehensiveness of regulatory element
catalogues like ENCODE and Roadmap. ENCODE lacks for example a number of
relevant disease-specific stimulation conditions as well as disease-related tissues, in
our case brain tissues, which are important for psychiatric disease. Our previous and
related studies indicated the importance to test SNPs in stimulated conditions, like
TNFalpha and glucocorticoids receptor agonist dexamethasone conditions activating
NF-kB and GR, respectively [21]. Data from cell lines or bulk tissues will miss variants
with effects only in rare cell types or cell type specific effects in native tissue. It is
therefore important to be able to retrain the DeepSEA neural network with additional
publicly available chromatin features and as well as newly generated experimental data.
This will be possible using the deepWAS code publicly available at DOI:
10.5281/zeno0do0.59282. Additional data, from efforts such as the PsychENCODE will

make deepWAS even more powerful in the future.

The power of DeepWAS could be demonstrated in our small GWAS sample for
MDDI16]. Only using a subset of SNPs in functionally confined, regulatory units, we
identify risk variants for MDD even though the classical GWAS in this small sample was

negative (Additional file 1: Figure S1). The results in this small MDD sample illustrate
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the power of deepWAS. 1) DeepSNPs were identified in cell types and enhancers
previously shown to be relevant for depression. Furthermore, using the stimulation
conditions, the importance of both immune system regulator NF-kB and the
glucocorticoid receptor system for depression was also observed in this study. Both
systems have been implicated by a large number of previous publications [21,25,26]. 2)
deepSNPs for MDD were highly likely to be functional in experimental data and impact
both DNA methylation and gene expression (Figure 4 and Table 1, Additional file 1:
Table S2 and Table S3) as shown by their effects meQTL, eQTL and eQTM analyses.
Interestingly, for some of these, differential genotypic effects by major depression status
were observed (Additional file 1: Figure S5 and Table S1). 3) The integrated analysis
of eQTL, meQTL and eQTM results with the GM12878 deepSNPs, identified the MEF2
TF family, including MEF2C, as important risk factors in MDD (Figure 5). The MEF2 TF
family was already identified to play a major role in neuronal plasticity, which is an
important component in disease development of stress-related disorders, like MDD and
other psychiatric disorders. Chen and colleagues[38] identified the TF MEF2 as a
master regulator of developmental metaplasticity, which is important to guide
developmental structural and functional neuronal plasticity. Additional evidence was
found by Barbosa et al [39]. Relating MEF2 to activity-dependent dendritic spine growth
and suggesting that this TF may suppress memory formation [39,40]. Most relevant for
this study, SNPs in the locus encoding MEF2C are the top signal in the latest meta-
analysis for major depression with over 130,000 MDD cases and 310,000 controls [19]
and minimum p-value of 9.99*10'®. Our study now identified SNPs altering the binding

of this TF to target transcript as relevant for MDD. This implies that not only SNPs in the
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MEF2C locus itself, as seen in the meta-analysis for MDD [19] but also SNPs altering
it's binding in target transcripts, as observed in our deepWAS, are associated with major
depression. This shows that our approach focused on regulatory SNPs was able to
generate complementary functional data to the largest classical GWAS for MDD to date
suggesting that not only transcriptional regulation of MEF2C itself but also of its

downstream targets is relevant for MDD.

Our results supports the transcription factor MEF2C as a master regulators in MDD. In
fact we observed that transcripts affected by differential MEF regulation included a
network of genes previously implicated in psychiatric disorders. This includes
CACNA1C, a gene encoding a voltage gated calcium channel that has reported
genome-wide significant associations for schizophrenia as well as associations for
bipolar disorder and major depression in previous studies[28] as well as another
voltage-gated calcium channel, CACNAZ2D4 that has been linked to late onset bipolar
disorder [29]. MRSA has been associated with both bipolar disorder and schizophrenia

[30,31] .

Conclusions

Our data indicate that deepWAS, a method combining classical GWAs with deep
learning based functional SNP annotation is a powerful tool to uncover disease
mechanisms for common disorders, including relevant cell types. It also allows to

directly identify functional SNPs by having a single base resolution and not being limited
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by the LD structure of the locus. With ever increasing amounts of available functional
data the deepWAS approach will become even more valuable and allow to integrate
both publicly as well as unpublished data generated by individuals labs. DeepWAS is a
versatile tool, publicly available and together with available code from DeepSEA

applicable to any GWAS data.
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Figure 1: DeepWAS approach. (A) The first step of the workflow corresponds to a
regulatory variant filtering procedure where only the SNPs with significant regulatory
effect are retained in the analysis. Prediction of significant regulatory variants is
performed using a pretrained deep neural network, namely DeepSEA, and e-values are

calculated by comparing the regulatory effects of observed SNPs to randomly selected
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SNPs. (B) We define the functional genotype as the intersection of all SNPs assessed
(genotyped and imputed) in a sample and the preselected SNPs from DeepSEA. (C)
The association between disease and retained regulatory variants are interrogated via
regularized logistic regression. A regression model is fitted for each functional unit that
is define by tested TF/histone mark/DNase effects, the cell line and the specific
treatment e.g. NF-kB -GM12878-TNFa) where only the SNPs with a regulatory effect in
the specific cell type context are included as covariates. (D) The classical GWAS design
focuses on allele frequency differences and does not include information on the

regulatory impact of the tested variants.
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478 Figure 2: Significance of DeepWAS models and overlap of deepSNPs with
479 functional annotations (A) Results of the significance test is given in heatmap. Every
480 functional unit is represented by the p-value, which shows the FDR-adjusted

481  significance of the corresponding LASSO model. Missing values, represented in white,
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show functional units for which no data were available. The models of the functional
units with LASSO coefficients with p > 0.1 and those without any non-zero coefficients
are shown in grey and those with p < 0.1 in shades from yellow to red, with red
representing the most significant models. (B) Overlap of deepSNPs with genomic
elements is performed using UCSC knownGene annotations. Vast majority of

deepSNPs overlap with non-coding genomic regions.
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Figure 3: Transcription factors harbouring deepSNPs in GM12878 cell line. In data
from GM12878 26 deepSNPs are predicted to affect the binding to 12 TFs. Group of

SNPs that are overlapping exclusively with a group of TFs are highlighted
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493 Figure 4: meQTL results for the GM12878 deepSNP rs9293528. (A) Overview of the
494  rs9293528 meQTL locus on chromosome 5. Top panel, ideogram for chromosome 5. A
495 red box indicates the region shown enlarged in the bottom panels. Bottom panels:

496 Location of CpGs (n=4) that are significantly associated with rs9293528 genotypes,
497  SNP position, genes nearby (based on USCS knownGene annotation) and annotation
498 of chromatin states (based on GM12878 15-state core ChromHMM model). (B) Matrix
499 of Pearson’s correlation coefficients between the DNAm levels (beta values) of

500 ¢g1193710, cg14617041, cg14727987 and cg26653990. (C) meQTLs between

25


https://doi.org/10.1101/069096
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/069096; this version posted August 11, 2016. 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.

Eraslan G, Arloth J et al.

501  rs9293528 and cg1193710, cg14617041, cg14727987 and cg26653990 within the

502 recMDD cohort. (D) Replication of those meQTLs in the MPIP cohort. Y-axis in C and D
503 displays the DNAm level of a particular CpG site and the x-axis indicates rs9293528
504 genotype.

505
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Figure 5: Joint analysis of all significant meQTL, eQTL, eQTM and deepWAS
results: (A) Schematic illustration of our joint analysis. Grey box highlighting the MDD
disease effect. (B) Network visualization of the joint analysis. Edges represent the
association relation of deepSNPs, CpGs, TFs and transcripts. The grey circle highlights
the deepSNP rs12541159, which coincides all types of QTLs. (C) Regional plot for the
deepSNP rs12541159 locus: with top panel illustrating the ideogram for chromosome 8.
Bottom panels the location of CpGs (n=3) that are significantly associated with
rs12541159 genotypes, SNP position, gene expression probe position sig. association
with rs12541159, genes nearby (based on USCS knownGene annotation) and
annotation of chromatin states (based on GM12878 ChromHMM). (D) Matrix of
Pearson’s correlation coefficients between the DNAm levels (beta values) of
€g27411982, cg11269159 and cg21290162. (E) Relationship between cg21290162
methylation, MSRA expression, and deepSNP rs12541159 genotype in MPIP samples,

including mediation effect rs12541159 — ¢g21290162 — MSRA expression.

Tables

CpG SNP Chr SNP SNP Genes near SNP CpG CpG Genes near CpG P-value Validation
Position Location Position Location in MPIP
cg02138778 rs112478139 | 20 25110965 intergenic VSX1,L0C284798 25172805 intergenic LOC284798,ENTPD6 6.72e-06 yes
cg20318748 rs112478139 | 20 25110965 intergenic VSX1,L0C284798 25605228 upstream NANP 0.00306 yes
cg03677069 rs1240390 10 88725984 intergenic SNCG,ADIRF 88718366 UTR5 SNCG 0.0148 yes
¢g09552892 rs1240390 10 88725984 intergenic SNCG,ADIRF 88718324 UTR5 SNCG 0.0229 yes
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cg10376827 rs1240390 10 88725984 intergenic SNCG,ADIRF 88730374 exonic ADIRF 0.0142 yes
©g21012874 rs1240390 10 88725984 intergenic SNCG,ADIRF 88718443 UTRS SNCG 0.000177 yes
©g11269159 rs12541159 8 9769098 intergenic MIR124-1,MSRA 9788795 intergenic MIR124-1,MSRA 0.00265 yes
©g21290162 rs12541159 8 9769098 intergenic MIR124-1,MSRA 9741960 intergenic TNKS,LINC00599 0.000191 yes
©g27411982 rs12541159 8 9769098 intergenic MIR124-1,MSRA 10470102 exonic RP1L1 0.0105 no

©g14602222 rs12816718 12 969800 intronic WNK1 1025664 exonic RAD52 0.00226 yes
©g19235974 rs12816718 12 969800 intronic WNK1 1063197 intergenic RAD52,ERC1 0.0386 yes
cg10979063 rs2150175 6 97269213 intronic GPR63 97285872 upstream GPR63 0.000352 yes
¢g09316306 rs5743565 4 38805983 UTRS TLR1 38807387 upstream TLR1 4.9e-05 yes
cg11937107 rs9293528 5 72456267 intergenic TMEM171,TMEM174 72511061 intergenic TMEM174,FOXD1 9.81e-10 yes
cg14617041 rs9293528 5 72456267 intergenic TMEM171,TMEM174 72415688 upstream TMEM171 0.00791 yes
cg14727987 rs9293528 5 72456267 intergenic TMEM171,TMEM174 72485684 intergenic TMEM174,FOXD1 6.44e-07 yes
©g26653990 rs9293528 5 72456267 intergenic TMEM171,TMEM174 72510846 intergenic TMEM174,FOXD1 0.0104 yes

523
524  Table 1: Significant GM12878 deepSNPs representing a meQTL (GSK cohort). P-values were

525  corrected according to Bonferroni.

526 Additional files
527 Additional file 1: Supplementary Figures S1-S6 and Tables S1-S3 (PDF)

528 Additional file 2: List of MDD deepWAS results. Table lists deepWAS results for MDD.
529  Triplet of the first three columns together form a functional unit. (XLS)

530 * Cell Line: Name of cell line of the functional unit

531 * Chromatin Feature: Name of chromatin feature of the functional unit
532 * Treatment: Name of Treatment of the cell line of the functional unit
533 *  SNP: The deepSNPs jointly associated to MDD using deepWAS
534
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Additional file 3: Significance of LASSO models with number of predictors in each

model (XLS)

Cell line: Name of cell line of the functional unit
Chromatin feature: Name of chromatin feature of the functional unit
Treatment: Name of Treatment of the cell line of the functional unit

pval.adj: FDR-adjusted p-values which represent the significance of a regression
model

pval: p-values which represent the significance of a regression model

devratio: Deviance ratio used as a test statistic for quantify the significance of
regression model

n.snps: Number of SNPs that are used as predictors in regression models
n.nonzero.snps: Number of predictors selected by LASSO approach (i.e.

covariates with non-zero coefficients)

Additional file 4: Overlap of bQTLs and MDD deepSNPs. Overlap of MDD deepSNPs

in cell line GM12878 with public bQTL study in same cells. (XLS)

Chr: Chromosome number

Pos.h19: Genomic position of SNP in hg19 assembly

Rsid: SNP identifier

bQTL.ref: Reference allele base extracted from bQTL study

bQTL.alt: Alternative allele base extracted from bQTL study

bQTL.pval: p-value extracted from bQTL study

Higher Binding Allele: Base of higher binding allele extracted from bQTL study
bQTL.TF: Transcription factor extracted from bQTL study

deepwas_TF: Transcription factor identified using MDD deepWAS and rsid
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Methods

Clinical Samples

recMDD

The sample consists of 1,537 Caucasian individuals (with 84%, n=1294 of German
origin) recruited at the Max-Planck Institute of Psychiatry (MPIP) in Munich, Germany
and two satellite hospitals in the Munich metropolitan area (BKH Augsburg and Klinikum
Ingolstadt): 739 controls (500 females, 239 males) and 798 cases diagnosed with
recurrent major depression (526 females, 272 males). Please see Muglia et al.[16] for
more detail in sample recruitment and characterization. All subjects are independent

from the MPIP collection below.

MPIP

The group of subjects consists of 289 Caucasian individuals of the Max-Planck Institute
of Psychiatry (MPIP), 93 women and 196 men. Recruitment strategies and further
characterization of the MPIP cohort have been described previously[21]. One hundred
sixty of them were healthy (115 men, 45 women), 129 (81 men, 48 women) had a

depressive disorder treated at the MPIP’s hospital in Munich.

Genotype data and Imputation (GSK & MPIP)

Human DNA of the GSK and MPIP cohort samples was isolated from EDTA blood
samples using the Gentra Puregene Blood Kit (Qiagen) with standardized protocols.

Genome-wide SNP genotyping was performed using lllumina HumanHap550 Quad
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(GSK), lllumina Human610-Quad (MPIP) and OmniExpress (MPIP) genotyping
BeadChips according to the manufacturer's standard protocols. Quality control (QC) of
genotyped data was conducted in PLINK 1.90b3s [20] separately for each cohort and
genotyping BeadChip. QC steps on samples included removal of individuals with
genotyping rate < 2 %, cryptic relatives (PI-HAT > 0.05), and genetic outliers (distance
in first two MDS components from mean > 2 SD). QC steps on variants included
removal of variants with call rate < 2 %, MAF < 5% and HWE test p-value < 10-6.
Furthermore, variants on non-autosomal chromosomes were excluded, resulting in
GSK: 481,178, MPIP: 481,762 (Human610-Quad) and 544,908 (OmniExpress) SNPs.
These sets of SNPs comprised the input for imputation, which was performed
separately for each cohort and genotyping BeadChip using IMPUTE v2[24] with the
following parameters: 1000G phase | reference panel (released in June 2014, ALL
samples), SHAPEIT [23] phasing. QC of imputed probabilities was conducted in

QCTOOL 1.4 (http://www.well.ox.ac.uk/~gav/qctool/). Imputed SNPs were excluded if

the HWE test p-value < 10 and the info metric < 0.8. Called genotypes (“best guess

genotypes” with a probability of 70%) were used for further analysis. SNP sets of the
MPIP cohort were merged together. GSK and merged MPIP SNPs were further
processed in PLINK and variants were excluded if their MAF < 5% and best guess
genotypes are not called (call rate = 100%). This yielded a total of 1.78 Mio GSK SNPs
and 3 Mio MPIP SNPs. To annotate SNPs for the closest genes, we used Annovar

version Februar 2016 [41] with the UCSC knownGene annotations. SNP coordinates are

given according to hg19.
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Prediction of regulatory effects

In this study, we employed DeepSEA[12] to determine the SNPs that might play an
important role in MDD by acting through the alteration of regulatory elements.
Pretrained DeepSEA network (v0.94) was downloaded from

http://deepsea.princeton.edu/help/ and the predictions of 1.7M SNPs were generated

using NVIDIA GeForce GTX TITAN X GPU (Maxwell) in 10 hours. Next step, filtering of

regulatory SNPs, was performed using generated so-called “e-value” files that represent
the significance of the regulatory effect of SNPs. We applied an e-value cutoff of

5- 1075 where we only take the SNPs that are associated to at least one functional unit

into consideration e.g. (rs1035271, GM12878, MEF2C). Set of SNPs that have an

impact on functional unit k is depicted here as set S.

We then employed a simple probabilistic genotype encoding where allele-specific
regulatory probability of the reference or alternative alleles is used if genotype is
reference or alternative homozygous, respectively. If the genotype of the individual is
heterozygous then the mean of two allele probabilities are used. Here, we refer to the
genotype matrix (1,537 x 1.7M) as G where the rows are individuals and columns are
SNPs. Genotypes in the G matrix is encoded such that G;; € {0, 1,2} where we simply
count an arbitrarily chosen allele. We then define D as a tensor representing the allele-
specific probabilities for each SNP, functional unit and allele. For example Dj(,:ef) refers
to the probability of reference allele of SNP; in the context of functional unit k. Therefore,

the SNP encoding scheme can be described in terms of ¢ and D matrices:
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DY if G =0
626 Xyo=1{ Dk Gi=2 G, e(0,12)
S
627
628 or equivalently

629

(alt) _ D(ref)

630 X = Gy (—"" = >+ D"

2

631

632 Here the subscripts i, j and k represent individual, SNP, and functional unit indices,

633 respectively. Resulting encoded matrix is 1,537 x 6,143,515 where we store all SNP-
634 functional unit pairs (919 x 6,685) for all individuals using “bigmemory” R package[32] in
635 order to limit the memory consumption. During model fitting, however, only the list of

636 SNPsin sets S, are used.

637 DeepWAS

638 Penalized regression models

639 Compared to the classical GWAS approaches where the trait of interest is regressed
640 separately on each SNP, regularized regression approaches provide an alternative way
641 to handle high dimensional data and to identify SNPs associated with the trait of interest
642 using variable selection. Here we utilize L1-regularized logistic regression (LASSO) for

643 variable selection. 919 different LASSO models are fitted for each functional unit in
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order to estimate the statistical association between the disease status (y=0 for controls,

and 1 for cases) and SNPs in the context of a specific cell line:

lOgit P(yi = 1) = BOk + Z ﬁijijk + ﬁsex,ksexi + ﬁage,kagei

JESK

where k is used as a model index. Note also that the regression coefficients are model
specific and therefore indexed with k. In each LASSO model, only the SNPs that are
significantly affecting the binding of a specific TF in a specific cell line are included as
covariates. This is represented in the equation by the summation over the elements of

Sp.

Note that the simple probabilistic encoding does not affect the variable selection,
because the effect goes away during the standardization of the design matrix except for
possible sign flips. Yet, it leads to the effect sizes that are scaled based on the allele-
specific regulatory probabilities reported by DeepSEA since the effect sizes in logistic

regression are reported in the scale of original covariates.

The parameters () of the logistic regression are optimized with L1 regularization:

2

M
minﬁ’ Z [yi_ﬁOk - Z Bijijk + ﬁsex,ksexi + ﬁage,kagei + /1”,8”1
i=1

JESK
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where M is the number of individuals, A parameter represents the strength of the
regularization and B vector represents model parameters. We fitted L1-regularized
logistic regression model (LASSO) using glmnet R package[42]. Regularization
parameter A is determined by 100-fold cross validation after which we used

‘lambda.1se” value to determine non-zero parameters.

Permutation-based significance test

We used a permutation-based approach to select significant LASSO models with non-
zero coefficients and to control false discovery rate. We generated 1000 random
permutations of the response variable and fitted LASSO models on each. A parameter
in each model is determined by 10-fold cross validation in order to reduce the
computational cost. After fitting LASSO models on the permuted data, deviance ratio is

used as a test statistic.

D

deviance ratio = 1 — where D =2 (Lg — Lp) and D,y = 2 (Lg — Ly)

null

Here Lg, Lp and Ly are the log likelihoods of saturated model (model with a free
parameter per individual), proposed model and null model (intercept model),
respectively. Empirical p-values are calculated as the number of permuted models with
a deviance ratio greater than or equal to the proposed model divided by 1000. After
FDR[34] multiple testing correction with threshold of 10%, models with lower adjusted p-

values are retained.
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Functional annotation of deepSNPs

Enrichment of Roadmap cis-regulatory elements

In order to quantify the enrichment of deepSNPs in cis-regulatory elements identified by
Roadmap Epigenomics Project[14], we first downloaded the segmentation files of core
15-state model for 127 epigenomes were downloaded from Roadmap epigenomics web
portal

(http://legg2.wustl.edu/roadmap/data/byFile Type/chromhmmSegmentations/ChmmMode

Is/coreMarks/jointModel/final/all. mnemonics.bedFiles.tgz) in BED format. Then we

sampled random genomic ranges with the same size distribution as promoter (State 1)
and enhancer (State 7) regions from the background distribution using GAT[44]. The
background distribution was defined as the intersection of mappable regions of the
genome

(https://www.cgat.org/downloads/public/gat/datasets/hg19/mapability 36.filtered.bed.gz)

and genomic segments that belong to the first 13 chromatin states of ChromHMM
model (State 14: Weak repressed Polycomb and State 15: Quiescent are excluded). In
order to limit the computation time, 1000 samples were drawn and p-values smaller
than 10 were extrapolated from normal distribution using “-pvalue-method=norm”

command line option.

bQTL overlap

bQTL results were downloaded from “Supplementary Table 2” of Tehranchi et al.[4] and

intersection with GM12878 deepSNPs is computed in R version 3.3.0.
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Transcription factor co-localization

ReMap project[33] provides a consolidated dataset for ChlP-seq peaks of several
transcription factors including the ENCODE peaks as well as various public datasets. In
order to quantify TF-TF colocalization patterns, we downloaded non-redundant peaks

for 11 individual TFs in BED format from the web interface (http://tagc.univ-

mrs.fr/remap/index.php?page=download) and then ran the annotation interface

(http://tagc.univ-mrs.fr/remap/index.php?page=annotation) for each BED file separately.

Downloaded TSV files with —log10 transformed e-values are combined and plotted with
corrplot R package[43]. Because very high —log10-transformed e-values obscure
visualization, e-values are binarized with a cutoff of 1073. Out of 12 TFs affected by 26
GM12878 deepSNPs 2 TFs are not shown in Additional file 1: Figure S6 since p300
peaks are not available in ReMap dataset and CTCF did not show any significant

association with other TFs.

DNA methylation (GSK & MPIP)

For a subset of GSK (n=257 with 53% MDD cases) and MPIP cohort (n=229 with 52%
MDD cases) genomic DNA was extracted from whole blood using the Gentra Puregene
Blood Kit (QIAGEN). DNA quality and quantity of both was assessed by NanoDrop 2000
Spectrophotometer (Thermo Scientific) and Quant-iT Picogreen (Invitrogen). Genomic
DNA was bisulfite converted using the Zymo EZ-96 DNA Methylation Kit (Zymo
Research) and DNA methylation levels were assessed for >480,000 CpG sites using
the lllumina HumanMethylation450 BeadChip array. Hybridization and processing was

performed according to manufacturer’s instructions. Quality control of methylation data,
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including intensity read outs, filtering (detection p-value > 0.01 in at least 75% of the
samples), cellular composition estimation according to[44], as well as beta calculation
was done using the minfi Bioconductor R package version 1.18.2. Filtered beta values
were reduced by eliminating any CpG sites on sex chromosomes, as well as probes
found to have SNPs at the CpG site itself or in the single-base extension site with a
MAF = 1% in the 1,000 Genomes Project European population and/or non-specific
binding probes according to[45]. Additionally, we performed a re-alignment of the array
probe sequences using Bismark[45,46]. This yielded a total of around 425,000 GSK and
MPIP CpG sites for further analysis. The data were then normalized with functional
normalization[47]. Technical batch effects were identified by inspecting the association
of the first principal components of the methylation levels with plate and plate position
for the GSK sample as well as processing (experiment) date for the MPIP sample as
technical batch. The data were then adjusted using ComBat[48]. To annotate CpGs for
the closest genes, we used Annovar version February 2016[41] with the UCSCknown

gene annotation. CpG coordinates are given according to hg19.

Gene expression (MPIP)

Whole blood RNA of the MPIP sample (n=289 individuals) was collected using
PAXgene Blood RNA Tubes (PreAnalytiX) and processed as described previously[21].
The RNA was then hybridized to Illumina HT-12 v3 and v4 expression Bead Chips
(lumina, San Diego, CA). Raw probe intensities were exported using lllumina's
GenomeStudio and further statistical processing was carried out using R version 3.3.0.
All 29,075 probes present on both BeadChips (v3 vs. v4), excluding X and Y

chromosomes as well as cross-hybridizing probes identified by using the Re-Annotator
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pipeline [21,49] were first filtered with a detection p-value of 0.05 in at least 50% of the
samples, leaving 11,994 autosomal expression array probes. Subsequently, each probe
was transformed and normalized through variance stabilization and normalization
(VSN)[50]. Technical batch effects were identified by inspecting the association of the
first principal components of the expression levels for all known batch effects and then
adjusted using ComBat with slide, amplification round, array version, and amplification
plate column as fixed effects. The position of the gene expression probe and gene
symbols were annotated using the Re-Annotator pipeline based on hg19. Blood cell

counts were estimated according to CellCODE [51].

Statistical analysis of gene expression and methylation data

Methylation QTL (meQTL) analysis

For each of the 26 deepSNP CpG sites within a 3Mb window around the SNP position
were selected for the meQTL analysis. Due to low frequency of minor allele
homozygotes for many SNPs, all SNP genotypes were coded and evaluated as a
dominant model. Linear regression was used to measure the relationship between the
DNA methylation (beta values) and the number of minor alleles (coded 0 and 1),
including covariates for age, disease-state, gender and blood cell counts. So we
defined the model for a single meQTL mapping as follows: CpG = f, + BsexSex +
Bageage + BcpsrCD8T + BeparCDAT + PBygceuNKcell + PgeeyBeell + ByonoMono +

BeranGran + Bhisesase statusdisease status + BsypSNP + e, where e is the general

error term for any residual variation not explained by the rest of the model.
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In addition a differential meQTL analysis by the disease status was performed.
Therefore an additive model adjusting for age, gender and blood cell counts was
applied in controls and cases separately:

CpG = By + Bsexsex + Bageage + BcpsrCDBT + BeparCDAT + BygcenNKcell +

BrceuBeell + ByonoMono + LsypSNP + e.

P-values were adjusted for the total number of CpG sites that were within the tested
region surrounding the SNP. Case specific meQTLs were defined as meQTLs, which
show a significant P-value in cases but not in controls (nominal p-value> 0.05). GSK

and MPIP data were analysed independently and a validation of meQTL results was
carried out with a sample size-weighted Z-score meta-analysis [52]. This method
accounts for different sizes and suggests the robustness the meQTLs.

Top hits were plotted with easyGgplot2 (https://github.com/kassambara/easyGgplot2),

corrplot R package [43] and Gviz 1.16.1 bioconductor package [53].

Expression QTL (eQTL) analysis

For each of deepSNP all transcripts beginning or ending within 1Mb up- or downstream
of the SNP were determined. Associations between genotype (coded 0, 1 and 2) and
expression levels (normalized and batch corrected log2 gene expression values) were
determined in the MPIP data set by linear regression, using sex, age, disease status
and blood cell estimates as covariates:

GEX =

ﬂo + Bsexsex + Bageage + BNeutrophilNeutrophil + ﬁMonoMonO + ﬁBcelchell +
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BreenTcell + BykceuNKcell + BpiasmacenPlasmacell + BpenariticcenPendriticCell +
Baiseas statusdisease status + LsypSNP + e.
To correct for multiple testing, p-values were corrected for the number of transcripts per

SNP.

Expression quantitative trait methylation (eQTM) analysis

For each of CpG site of the significant DeepQTL SNP- CpG pairs all transcripts
beginning or ending within 1Mb up- or downstream of the CpG were determined.
Associations between CpG and expression levels were determined in the MPIP data set
by linear regression, using sex, age, disease status and blood cell estimates as
covariates:

CpG = By + Bsexsex + Bageage + PcpsrCDBT + BeparCDAT + BygcenNKcell +

ﬁBcelchell + ﬁMonoMonO + ﬁGranGran + ﬁdisesase statusdisease status + ﬁGEXGEX +
e.
To correct for multiple testing, p-values were first corrected for the number of transcripts

per SNP window.

Joint analysis

For the joint analysis we first measured the overlap of deepSNPs with eQTL, meQTL
data and secondly for all overlapping pairs we calculated the overlap of meQTL CpGs
and eQTM CpGs. For the deepSNPs, CpG, transcripts triplets we then assessed
possible causal relationships by using a causal inference test [32].

The network was plotted using the R package igraph [54]. The triplet was plotted using

ggplot2[55], corrplot R package [43] and Gviz 1.16.1 Bioconductor package [53].
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