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Abstract

Background: DNA methylation is a key epigenetic modification in human
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available at the end of the article Results: By employing genetic instruments as causal anchors, we establish directed

associations between gene expression and distant DNA methylation levels, while
ensuring specificity of the associations by correcting for linkage disequilibrium and
pleiotropy among neighboring genes. The identified genes are enriched for
transcription factors, of which many consistently increased or decreased DNA
methylation levels at multiple CpG sites. In addition, we show that a substantial
number of transcription factors affected DNA methylation at their experimentally
determined binding sites. We also observe genes encoding proteins with
heterogenous functions that have widespread effects on DNA methylation, e.g,,
NFKBIE, CDCA7(L), and NLRC5, and for several examples, we suggest plausible
mechanisms underlying their effect on DNA methylation.

Conclusion: We report hundreds of genes that affect DNA methylation and provide
key insights in the principles underlying epigenetic regulation.
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Background

The epigenome is fundamental to development and cell differentiation. Dysregulation
of the epigenome is a hallmark of many diseases, ranging from rare developmental dis-
orders to common complex diseases and aging [1-3]. The epigenome is highly dy-
namic and is extensively modified and remodeled in response to external and internal
stimuli [4]. However, the networks underlying these highly coordinated epigenetic
modifications remain to be fully elucidated. Hence, the systematic identification of
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genes that are involved in epigenetic regulation and the determination of their respect-
ive target sites will be a crucial step towards an in-depth understanding of epigenomic
(dys)regulation.

DNA methylation is a key component of the epigenome that controls, stabilizes, and/
or marks the transcriptional potential of a genomic region [5]. It involves the addition
of a methyl group onto cytosines, mainly at CpG dinucleotides. Although considerable
research has been devoted to studying the enzymes that write, maintain, and erase
DNA methylation (i.e., DNMTs and TETSs) [6], less is known about factors that are
otherwise involved in the regulation of DNA methylation. These may include proteins
and non-coding RNAs that regulate, interact with, or recruit the DNA methylation ma-
chinery [7]. Transcription factors, for example, do not only act indirectly by regulating
the transcription of epigenetic genes, but have also been indicated to control the DNA
methylation state of their target sites by recruiting or repelling DNMT or TET proteins
[8, 9]. Experimental evidence for genes involved in the regulation of DNA methylation
has been mainly obtained from in vitro experiments focusing on single genes or is
based on animal models [8, 10-12]. A comprehensive genome-wide survey of genes af-
fecting DNA methylation in humans is currently lacking.

We recently developed a method to identify directed and specific gene-gene interac-
tions in population omics data [13]. Instead of using measured gene expression, this
method builds upon previous work in which genetic variants were utilized as causal an-
chors for gene expression [14, 15]. This allows for the identification of directed and un-
confounded associations within observational data. Here, we adapt this method and
identified 818 genes that affect DNA methylation using genomic, methylomic, and tran-
scriptomic data in up to 4056 individuals [16, 17]. Many of these genes were previously
unknown to be involved in the regulation of DNA methylation, thereby providing new
targets for studies into epigenomic regulation, evaluation of the function of disease
genes, and additional interpretation of epigenome-wide association studies.

Results

Identification of genes that affect DNA methylation

In order to identify genes that affect DNA methylation, we employed an approach that
consists of two parts. First, we identified predictive genetic variants for the expression
of each gene in our data and aggregated these into single predictive scores termed gen-
etic instruments (GIs) [13]. Second, we used these GIs as causal anchors to establish di-
rected effects of gene expression on genome-wide DNA methylation levels, while
ensuring that these associations were specific by accounting for linkage disequilibrium
(LD) and pleiotropy among neighboring Gls (see Fig. 1 for an overview of the succes-
sive steps in the analysis).

To construct the genetic instruments, we used data on 3357 unrelated individuals
with available genotype and RNAseq data derived from whole blood. We focused the
analysis on 11,830 expressed genes (median counts per million > 1). In the training set
(1/3 of the data, 1119 individuals), we obtained a GI for the expression of each gene,
which consisted of 1 or more SNPs selected by applying LASSO regression to nearby
genetic variants [18]. We corrected the expression data for age, sex, biobank, blood cell
composition, and five principal components. We then assessed the predictive ability of
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Fig. 1 Flowchart showing the successive steps leading to the identification of 818 genes that affect DNA
methylation in trans

the constructed GIs in a separate test set of 2238 individuals by predicting their gene
expression values using the Gls derived in the training set. Of the 11,830 tested GIs,
8644 were sufficiently predictive of expression levels in the test set to serve as valid Gls
(F-statistic > 10, median R* = 0.04, Additional file 1: Table S1) [19].

Next, we tested for an association between all 8644 predictive GIs and genome-wide
DNA methylation levels at 428,126 autosomal CpG sites in trans (>10Mb distance
from the tested gene), using genotype and DNA methylation data (Illumina 450k array)
derived from whole blood of 4056 unrelated individuals (3251 samples overlapped with
RNAseq data). These associations were computed using linear regression, while cor-
recting for age, sex, blood cell composition, biobank, and five principal components,
and test statistics were corrected for bias and inflation [20]. These analyses resulted in
directed associations between 2223 genes and 5284 CpGs (Bonferroni correction, P <
1.4 x 107'%; Additional file 2: Table S2). Although directed, the associations resulting
from this analysis may not be specific for a single gene as linkage disequilibrium (LD)
and/or pleiotropy may result in Gls that are predictive of multiple neighboring genes
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[13]. We therefore adjusted all significant GI-CpG pairs for all neighboring GlIs (< 1
Mb) to account for correlation induced by LD/pleiotropy among neighboring genes.
This enabled us to identify the specific gene in a region driving the directed association.
Next, we removed genes with potential residual pleiotropic effects on the expression of
neighboring significant genes (F>5) (together, these two steps led to the removal of
1387 genes and 2844 CpGs; Additional file 3: Table S3). Finally, we excluded effects of
long-range pleiotropy and LD (by rerunning the analysis for CpGs affected by multiple
genes from the same chromosome, including all these genes in the model; removing 6
genes and 13 CpGs), and residual effects of white blood cell composition (by correcting
for genetic variants known to be associated with WBC; removing 12 genes, 43 CpGs,
Additional file 4: Fig. S1) [21, 22].

The final result of our step-wise analysis was a collection of 818 genes with directed
and specific associations with DNA methylation levels of 2384 unique target CpGs in
trans (Bonferroni correction, P< 1.4 x 10™""; (Additional file 5: Table S4). The target
CpGs were located in 1915 distinct regions (consecutive probes within < 1 kb), and for
genes affecting DNA methylation at more than 1 CpG site, on average 33% of the target
CpGs were co-localized (< 1kb) with at least one other target CpG (Additional file 6:
Table S5).

The validity of these results was corroborated by a comparison with previous trans-
methylation QTL studies in blood. Although not designed to infer genes that are specif-
ically responsible for associations, such studies are expected to produce partly overlap-
ping outcomes. We found that 1638 target CpGs identified in our study were reported
in three previous independent trans-meQTL studies (OR =103; P< 1 x 10732) [23-25].
For the great majority of overlapping CpGs, the corresponding GI and trans-meQTL
SNP were in close proximity (Additional file 4: Table S6, Additional file 7: Table S7,
Additional file 8: Table S8, Additional file 9: Table S9).

We performed post hoc power analyses to assess the power we had to detect varying
effect sizes for each gene tested (Additional file 4: Fig. S2 and Additional file 1: Table
S1) [26]. In the uncorrected analysis (not corrected for neighboring Gls), we had > 0.8
power to detect effect sizes of 1 SD (1 standard deviation change in DNA methylation
upon 1 standard deviation change in expression) for about 85% of the tested genes, and
for about 50% of the genes (4475), we had > 0.8 power to detect effect sizes of 0.5 SD
(Additional file 4: Fig. S2). Correcting for neighboring GIs is required to identify spe-
cific genes (instead of genomic regions with multiple correlated genes), but does so at
the cost of reduced power. Correction left 5685 genes (compared to 7299) with power >
0.8 to detect effect sizes of 1 SD and left 3061 genes (compared to 4475) with > 0.8
power to detect effect sizes of 0.5 SD (Additional file 4: Fig. S2). This analysis shows
that for the majority of tested genes, we were well-powered to detect large effects, and
for over a third of the genes, we were well-powered to detect medium effect sizes. We
included the explained variance and power across varying effect sizes for each gene in
Additional file 1: Table S1.

Function of genes that affect DNA methylation in trans
As shown in Fig. 2, a considerable fraction (N =308) of the identified genes affected
multiple CpGs in trans (Additional file 6: Table S5). We observed that these genes,
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