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Abstract

Methylation quantitative trait loci (meQTLs) quantify the effects of genetic variants

on DNA methylation levels. However, most published studies utilize bulk methylation
datasets composed of different cell types and limit our understanding of cell-type-spe-
cific methylation regulation. We propose a hierarchical Bayesian interaction (HBI) model
to infer cell-type-specific meQTLs, which integrates a large-scale bulk methylation data
and a small-scale cell-type-specific methylation data. Through simulations, we show
that HBI enhances the estimation of cell-type-specific meQTLs. In real data analyses, we
demonstrate that HBI can further improve the functional annotation of genetic variants
and identify biologically relevant cell types for complex traits.

Keywords: Methylation quantitative trait loci, Cell-type-specific DNA methylation,
hierarchical Bayesian interaction model, Cell-sorted methylation sequencing data,
Colocalization

Background
DNA methylation (DNAm) is one of the most widely studied epigenetic modifications that
capture the cumulative effects of environmental and genetic factors. DNAm regulates cel-
lular differentiation and gene expression and plays a key role in human development and
disease etiology [1, 2]. Single-nucleotide polymorphisms (SNPs) associated with DNAm
levels are known as methylation quantitative trait loci (meQTLs) [3—6], which capture and
represent the complex interplay between the genome and methylome.

To reveal cellular mechanisms for DNAm patterns and their link to complex traits,
it is important to study cell-type-specific (CTS) genetic effects on DNAm (CTS-
meQTL). For example, SNP rs174548, which is mapped on FADSI, a key enzyme in the
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metabolism of fatty acids, is associated with asthma [1]. At the same time, its effect on
methylation at cg21709803 is the strongest in CD8+ T-cells. These results suggest a pos-
sible effect of rs174548 on asthma via immune dysregulation and fatty acid metabolism
through methylation in CD8+ T-cells [1]. However, most meQTL studies to date have
used bulk samples composed of distinct cell types [7-9]. MeQTLs identified from bulk
DNAm samples reflect the aggregated genetic effects across all cell types, which provide
no insights for genetic regulations in individual cell types. This approach is especially
problematic for rare or less abundant cell types. The high cost and technical limitations
for both cell sorting and single-cell DNAm approaches hinder the collection of large-
scale, CTS methylation profiles, and limit our ability to move meQTL studies from the
“bulk level” to the “cell type level”

Given the difficulty in generating large-scale CTS methylome data to directly estimate
CTS effects and the broad availability of many bulk methylation datasets, several statisti-
cal methods have been developed to infer CTS meQTLs from bulk data. These methods
can be classified into two categories. Methods in the first category estimate sample-level
CTS DNAm profiles from bulk data in the first step, and then test the associations with
outcomes of interest using the deconvoluted data for each cell type. Tensor Composi-
tion Analysis (TCA), a frequentist approach in this category, was originally designed to
identify CTS differentially methylated CpG sites in epigenome-wide association stud-
ies of phenotypes (CTS-EWAS) [10]. There is also a similar algorithm designed for gene
expression data [11], named Bayesian MIND (bMIND), which further incorporates
information from single-cell RNA sequencing (scRNA-seq) data as a prior to refine
the estimation of CTS expression for each bulk sample. bMIND innovatively integrates
large-scale bulk data and small-scale CTS expression data from scRNA-seq to estimate
CTS expression for large-scale bulk samples. In contrast, methods in the second cate-
gory are based on an interaction model to test the interaction between cell type fractions
and variables of interest without deconvolution. Examples include CellDMC [12], which
focuses on the interaction between cell type fractions and phenotypes (CTS-EWAS).
Westra et al. also proposed an interaction model to estimate CTS expression quantita-
tive trait loci (CTS-eQTL) [13].

Here we introduce a hierarchical Bayesian interaction model (HBI) to infer CTS
meQTLs from bulk methylation data. Our model allows the incorporation of cell-type-
specific DNAm data from a relatively small number of samples to improve the perfor-
mance of HBI. Compared with bMIND, which utilizes Bayesian techniques to infer the
posterior mean of sample-level CTS expression (or as easily for methylation), the goal
of HBI is instead to infer the posterior mean of CTS genetic effects by placing sparse
hierarchical priors on regression coefficients for the interaction terms. In our model, we
employ hierarchical double-exponential priors to induce different shrinkage for differ-
ent variables, which corresponds to the Bayesian adaptive lasso [14]. If cell-type-specific
data are available for a small number of samples (e.g., 5-10% of the sample size in bulk
data), the algorithm can incorporate this information to further refine the estimates for
CTS genetic effects in the larger-scale bulk samples. In our case, cell-sorted Methyla-
tion Capture sequencing data (MC-seq) is used to derive CTS DNAm and since it offers
the unique advantage of directly measuring CTS methylomes, incorporating strong and
robust signals from the MC-seq data will improve the estimation of CTS-meQTLs.
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We show in simulations that HBI improves the estimation of CTS genetic effects when
compared to other state-of-the-art methods [10-12]. We apply our method to identify cis
CTS-meQTL using data from samples in the Women’s Interagency HIV Study (WIHS)
(M =431, nerg=47), now the MACS/WIHS Combined Cohort Study (MWCCS) [15].
To demonstrate the utility of our method, we use an independent meQTL dataset derived
from CTS methylation data [1] to evaluate the replication of HBI-identified signals. Finally,
we perform downstream analyses to improve the annotation of functional genetic variants
and to reveal the cellular specificity of complex traits.

Results

Estimation of CTS-meQTLs using HBI

A linear regression framework including interaction terms between genotype/phenotype
and estimated cell type fractions has been applied to identify CTS-QTL or CTS- differen-
tially methylated CpGs [12, 13]. Here, based on this idea, we propose HBI to incorporate
prior information from CTS DNAm data and to improve the estimation of CTS-meQTLs
(Fig. 1). We place hierarchical double-exponential priors on regression coefficients for the
interaction terms:
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Fig. 1 Overview of the hierarchical Bayesian interaction model (HBI) to infer cell type-specific (CTS)

meQTLs. With bulk methylation data and cell type proportions (we present an example of three cell types:
CT1,CT2, CT3), HBI employs an interaction model with sparse hierarchical priors placed on the regression
coefficients for the interaction terms. If the CTS DNA methylation data (in our case, generated by methylation
capture-sequencing using cells sorted from PBMC using flow cytometry) are available for a small group of
samples, HBI will further incorporate the information into priors to refine the estimates for CTS genetic effects
in the larger-scale bulk samples
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where By is the regression coefficient on the interaction term between genotype and cell
type proportion for the k th cell type. Marginalizing over r,f, B conditional on s follows a
double-exponential distribution:

Bilsk ~ DE(ug, 1/sk),

where parameter s; controls the degree of shrinkage. If s; is a fixed value for
k=12,...,K, each variable will be shrunk to the same degree. Here we model s; as a
hyperparameter to allow for variable-specific penalty:

s ~ Gamma(a, by),

where a and by are chosen based on empirical experiments (Methods).

In the case where only bulk data are available, we set iy = 0 for k = 1,2,...,K and the
model would be similar to the adaptive Lasso approach [14, 16]: the regression coefficients
for interaction terms are shrunk to 0 and the degree of shrinkage differs for different vari-
ables. Such shrinkage helps to take the sparsity of genetic effects into consideration. When
the CTS methylomes are available for a small number of samples, we can first get a rough
estimate of the genetic effect in the & th cell type Ek,seq using the small set. Then instead of
setting ux = 0 and shrinking the coefficient to zero, we can shrink it to a more meaningful
value by updating the prior mean ziy :

We = weight - Ek,seq + (1 — weight) - 0,

where 11f is a weighted sum between Ek,seq (observed results from CTS methylomes) and
zero (prior beliefs), while weight = 1 — p 4, and pagjus: is the p-value adjusted using the
Bonferroni correction (Methods). Similar to other studies that propose weights based on
posterior probabilities [17], the weights in our model are assigned based on p-values as
p-value is a probability measuring the evidence against the null hypothesis (8 se; = 0) [18]
and can reflect the stability of the estimator Ek,seq- Intuitively, a small p-value closer to zero
indicates Ek,seq estimated using the CTS DNAm data is relatively strong. In this case, we
shrink the coefficient more towards u; = Bk,seq' In contrast, a large p-value closer to one
indicates Bk,seq is not significantly different from zero, and thus we shrink it more towards
i =0.

Along with updating prior means, we can also update prior variances:
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where pj; can be updated as the genetic correlation between cell type k methylation
and cell type j methylation, which can also be estimated from the CTS methylomes pro-
vided. The prior variance without CTS data can be seen as a special case with all pj = 0.
Of note, as the detection of genetic effects is always much harder in less abundant cell
types, the incorporation of the estimated genetic correlation aims to improve the power
in the less abundant cell types by borrowing information from the more abundant cell
types.

More details of our model are summarized in “Methods”. We note the following key
features for HBI: (1) because only a few SNPs among hundreds of SNPs surrounding a
CpG may have detectable effects, placing a sharp prior centered at 0 helps to take the
sparsity of genetic effects into consideration; (2) local shrinkage parameters s; and rkz
make the algorithm more flexible: the degree of shrinkage could differ among variables;
and (3) priors could be updated to incorporate information from CTS DNAm data, if

they are available for a small group of samples.

HBI improves performance in simulations

We evaluated the performance of HBI in estimating CTS-meQTLs through extensive
simulations. We considered three scenarios: (1) there are genetic effects only in the
major/most abundant cell type; (2) there are genetic effects only in the minor/least abun-
dant cell type; and (3) there are correlated genetic effects in all cell types. We compared
HBI to other state-of-the-art methods: bMIND, TCA, and the basic interaction model
fitted by ordinary least squares (OLS) (Methods). In each scenario, we assessed the cor-
relation between the estimated and true effect sizes, mean squared error (MSE) between
the estimated and true effect sizes, power, and false discovery rate (FDR) as a function of
the proportion of causal SNPs.

HBI improved the point estimation of CTS-meQTLs by achieving higher cor-
relation and lower MSE (Fig. 2). For example, in scenario 1 when the proportion of
causal SNPs fixed at 10%, the median of correlation across 10 simulations was 0.72
for bMIND with only bulk data (denoted as “bMIND”), 0.71 for bMIND with CTS
data incorporated (denoted as “bMIND_CTS-prior”), 0.68 for TCA, 0.77 for basic
interaction model, 0.94 for HBI with only bulk data (denoted as “HBI”), and 0.94 for
HBI with CTS data incorporated (denoted as “HBI_CTS-prior”). Across all scenarios,
HBI generally achieved higher power compared with other methods. We note that in
scenario 1, when genetic effects only occur in the most abundant cell type, further
incorporating CTS DNAm data to update priors had comparable power to the case
without incorporating CTS DNAm data. For example, in scenario 1 when the propor-
tion of causal SNPs fixed at 10%, the median of power across 10 simulations was both
0.65 for HBI with only bulk data (denoted as “HBI”) and HBI with CTS data incor-
porated (denoted as “HBI_CTS-prior”). In contrast, in scenarios 2 and 3, when there
were genetic effects in the minor/least abundant cell type, incorporating information
from CTS DNAm data helped to improve the power. For example, in scenario 2 when
the proportion of causal SNPs fixed at 10%, the median of power across 10 simula-
tions was 0.15 for HBI with only bulk data (denoted as “HBI”), and 0.24 for HBI with
CTS data incorporated (denoted as “HBI_CTS-prior”). In each scenario, we varied
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Fig. 2 Comparisons of performance in estimating cell type-specific (CTS)-meQTLs. From top to bottom:
scenarios with genetic effects only in the most abundant cell type (Scenario 1), only in the least abundant
cell type (Scenario 2), and with correlated genetic effects in all cell types (Scenario 3) are shown. From left to
right: correlation between estimated and true effect sizes, mean squared error (MSE) between estimated and
true effect sizes, power, and false discovery rate (FDR) as a function of the proportion of causal SNPs. HBI_
CTS-prior, bMIND_CTS-prior represent the version of the corresponding methods with CTS DNA methylation
data incorporated

the proportion of causal SNPs from 10 to 20% to 40%, to compare the performance
of these methods when the genetic effects became more polygenic. As expected, the
power for all methods decreased as the proportion of causal SNPs increased. When
the overall genetic effect (heritability) was fixed and diluted on a larger number of
SNPs, it generally became harder to detect signals. We also note that the performance
for bMIND and TCA was a result of fitting conditional models (Methods). In the case
of fitting marginal models for bMIND and TCA, we observed inflated FDR, especially
in scenarios 1 and 2 when there were genetic effects only in one single cell type (Addi-
tional file 1: Fig S1).

Of note, all methods included here relied on cell type proportions, but in reality
the biological “ground truth” of the cell type proportions is rarely available and the
computationally estimated proportions [19, 20] are used directly, which introduces
additional noise. Therefore, to further evaluate the robustness of all methods when
“noisy” cell type proportions (random error was added to the true proportions) were
given, we repeated the simulation scenario 3 but with noisy proportions inputted for
all methods (Methods). With the increase in the noise added to cell type proportions,
the correlation and power decreased while the MSE increased (Additional file 1: Fig
S2), as expected. HBI was robust in this “noisy” setting by achieving the highest cor-
relation and power and lowest MSE among all the methods considered. Additional
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results comparing the performance across different allele frequencies and different
numbers of SNP-CpG pairs are summarized in Additional file 1: Fig S3-4.

To further investigate the performance of HBI in real data for which we also have esti-
mates of the “ground truth’, we applied those methods to the Religious Orders Study
and Memory and Aging Project (ROSMAP) gene expression and genotype data and the
“ground truth” for QTLs was estimated with its single-cell RNA seq data [21]. We noted
that HBI can also be used to identify CTS expression quantitative trait loci (¢QTL). Sim-
ilar patterns were observed, where HBI achieved higher power across different scenarios
(Additional file 1: Fig S5).

Genome-wide CTS-meQTLs identification using HBI

To identify genome-wide CTS-meQTLs, we applied HBI to the WIHS cohort with
matched genotype data and bulk DNAm data measured in peripheral blood mono-
nuclear cells (PBMC) using the Illumina HumanMethylation EPIC beadchip (n=431)
(Additional file 2: Table S1). Furthermore, for a separate group of WIHS participants
(n=47), one aliquot of PBMC underwent CTS separation to obtain CD4+ T-cells
(n=28), CD8+ T-cells (n=28), or monocytes (n=27). The demographic characteristics
of the WIHS participants are described in Additional file 2: Table S1. DNAm from each
sorted cell type was profiled using Agilent SureSelectXT Methyl-seq, and the derived
priors from these CTS DNAm data were incorporated in HBI (Methods). Significant cis-
meQTLs were selected as those reaching genome-wide significance level (p <6E —12;
Bonferroni correction). The computational time for applying HBI is summarized in
Additional file 1: Fig S6, and the median computational time was about 4 min.

HBI identified a total of 122,387 significant meQTLs in CD4+ T-cells, 34,310 in
CD8+ T-cells, 25,020 in natural killer cells, 26,972 in B cells, 36,919 in monocytes, and
12,231 in granulocytes (Fig. 3A) (Additional file 3: Table S2). To replicate our identi-
fied CTS-meQTLs, we used publicly available data for meQTLs in isolated white blood
cell subsets (CD4+ T-cells, CD8+ T-cells, monocytes) (#=60 individuals) [1], and we
defined replicated meQTLs as those with p<0.05 and consistent direction of effect in
this replication sample (Fig. 3B). We showed that among the shared SNP-CpG pairs in
the replication sample, 98.2-98.4% had a consistent direction of effect and 79.0-93.9%
were replicated (Fig. 3C). Of note, in all cell types, more than 99% of significant pairs
(p<0.05) had a consistent direction of effect (Rep/Sig), indicating a high level of con-
sistency between our results in the WIHS sample and those in the replication sample.
We also investigated the replication rates using the version of HBI without priors incor-
porated from the WIHS participants with CTS data (#=47), and did parallel analyses
using SNPs in high LD to increase the number of shared pairs in the replication sample
(Additional file 4: Table S3). An additional data with larger sample sizes for meQTLs in
isolated blood cells (CD4+ T-cells, monocytes) (n=197 individuals) was also used for
replication [22]. The similar pattern was observed for replication rates of HBI (97.31% in
CD4+ T-cells, 92.40% in monocytes) (Additional file 4: Table S3).

Integrating annotations of CpG islands (CGI), genomic functional regions, and
open chromatin states with our derived CTS-meQTL, we observed that compared
with SNPs that are not meQTLs (non-meQTLs), our identified meQTLs across all cell
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Fig. 3 Overview of cell type-specific (CTS)-meQTLs identification using the hierarchical Bayesian interaction
model (HBI). A Bar chart shows the number of HBI-identified meQTLs in each cell type (p<6E—12).B Flow
chart indicates the replication of HBI identified CTS-meQTLs in an independent dataset for meQTLs in isolated
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types were enriched in important regulatory regions, such as active promotors and
strong enhancers (Fig. 3D). Conversely, our meQTLs were depleted in regions with
few active genes, including intergenic regions and regions with heterochromatic char-
acteristics, as previously reported [7]. Of note, meQTLs identified in each cell type
exhibited similar functional enrichment patterns and are summarized in Additional
file 1: Fig S7.

Using QIAGEN Ingenuity Pathway Analysis (IPA) to perform pathway enrichment
analyses of genes mapped by the significant meQTLs in each cell type [23], we found that
the antigen presentation pathway was significant in multiple cell types: CD4-+ T-cells
(p=2.95E—05), CD8+ T-cells (p=1.12E—09), B cells (p=9.55E —06), natural killer
cells (p=7.94E — 07) and monocytes (p =1.41E — 10) (Additional file 5: Table S4). Other
identified pathways included the pulmonary fibrosis idiopathic signaling pathway in
CD4+ T-cells (p=9.33E —06), the multiple sclerosis signaling pathway and the IL-15
production pathway in CD8+ T-cells (p =9.55E — 07 and p=3.63E — 05, respectively).
These significant pathways indicated that the identified CTS-meQTLs by HBI might
play a role in regulating immunity-related functions and activities.

Page 8 of 27
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CTS meQTLs colocalize with risk variants for complex traits

While for most meQTLs the direct impact on complex traits has not been widely
reported [24], there have been studies showing that some meQTLs are associated with
complex traits and may identify underlying pathways and mechanisms related to dis-
eases [7, 8, 25]. To systematically identify potential associations between meQTLs and
complex traits, we applied HyPrColoc (Hypothesis Prioritization for multi-trait Colocal-
ization) [26] to perform an meQTL-GWAS colocalization analysis in each cell type. We
integrated the HBI-identified CTS-meQTLs with 57 GWAS datasets in four categories
of blood cell counts, cardiometabolic, immune, and allergy [27].

A total of 2972 significant meQTL-GWAS colocalizations (posterior probability for
colocalization (PPFC) > 0.50) were identified across all GWASs and cell types (Additional
file 6: Table S5A-F). Taking a further look into the number of meQTL-GWAS colo-
calizations per trait across all cell types, we found that GWAS traits in the category of
blood cell counts had a larger number of colocalizations compared with traits in other
categories (Additional file 1: Fig S8). This abundance of colocalizations was expected
as the cis-meQTLs were identified in cell types from whole blood. To further illustrate
how the meQTL-GWAS colocalizations could differ across cell types, we summarize
one example in Fig. 4. The variant rs2395178 in the HLA-DRA gene was identified as a
CD8+ T-cell-specific meQTL for cg00886432 (p =5.46E — 12). As expected, we observed
that rs2395178 showed a stronger correlation with DNAm in participants with a high
abundance of CD8+ T-cells (Fig. 4A). Meanwhile, our colocalization analyses revealed
that rs2395178 was colocalized between methylation at ¢g00886432 in CD8+ T-cells
and type I diabetes (T1D) (PPFC =0.9802) (Fig. 4B), while no significant colocalization
was observed in other cell types. Of note, polymorphisms at the HLA-DQ and HLA-
DR regions have been recognized as the major genetic determinants of T1D [28]. Taken
together, these results suggest that integrating DNA methylome and genome data may
help link HLA-DR gene function in CD8+ T-cells to T1D.

MeQTL-GWAS colocalizations exhibit enrichment in trait-relevant cell types

To further investigate meQTL associations with traits in multiple cell types, we per-
formed enrichment analyses to study if the meQTL-GWAS colocalizations for each trait
were enriched in certain cell types. Specifically, for each trait we defined the enrich-
ment score in one cell type as the ratio between the percentage of colocalized GWAS-
meQTLs in that cell type and the percentage of meQTLs in that cell type (see Methods).
As the absolute number of colocalizations in each cell type was largely driven by the
number of identified meQTLs in that cell type and cannot be compared directly, here
the enrichment score was defined as the ratio between two percentages, which allowed
us to compare this value across different cell types. We further excluded granulocytes
due to the low number of colocalizations identified across traits (Additional file 1: Fig
S8B), which indicated the less stable signals identified in this least abundant cell-type.
We also evaluated the enrichment score for meQTLs derived at the bulk PBMC level
(Additional file 6: Table S5G) to further evaluate whether CTS-meQTLs can reveal more
cell-specific information.
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We summarize the traits with colocalizations enriched in at least one cell type in
Fig. 5A, which we listed out in Additional file 7: Table S6A. To evaluate whether the
enrichment results matched existing biological knowledge, we performed heritability
enrichment analyses across the same GWAS traits using GenoSkyline-Plus [29], which
could be viewed as an independent tool to identify biologically relevant cell types for
complex traits. We found that our significant findings generally agreed with the results
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Fig. 5 Enrichment analyses for MeQTL-GWAS colocalizations. A Colocalization enrichment results across

six cell types for traits with colocalizations enriched in at least one cell type. Asterisks highlight significance
after Bonferroni correction. B Examples of colocalization enrichments in three traits. From left to right: the
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of heritability enrichment analyses: 85.2% of our identified cell types with enriched
colocalizations were replicated by GenoSkyline-Plus (Additional file 7: Table S6B). This
indicates that the colocalizations between HBI-identified CTS-meQTLs and GWASs do
help to reveal biologically relevant cell types for complex traits. For example, high-den-
sity lipoprotein cholesterol (HDL) had colocalization enrichment in monocytes: mono-
cytes only covered 1.5% of the total meQTLs but accounted for 9.5% of the colocalized
meQTLs (enrichment=6.32; p=1.23E —07) (Fig. 5B). Of note, GenoSkyline-Plus also
identified heritability enrichment in monocytes for HDL (p=1.31E—06) (Additional
file 7: Table S6B). In T1D, we identified colocalization enrichment in CD8+ T-cells
(enrichment=6.15; p=1.95E — 05) (Fig. 5B), while the heritability for this trait was also
enriched in CD8+ T-cells (p =4.77E — 02) (Additional file 7: Table S6B). This finding is
further supported by the evidence that autoreactive CD8+ T-cells play a fundamental
role in the progression of T1D by the destruction of pancreatic beta cells [30]. In addition,
asthma was enriched in colocalizations derived from CD4+ T-cells (enrichment =4.34;
p=>5.14E—19) and CD8+ T-cells (enrichment=3.10; p =4.91E — 05) meQTLs, which
was also replicated by GenoSkyline-Plus (p = 3.43E — 03 and p =3.92E — 05, respectively)
(Additional file 7: Table S6B). Interestingly, the association between meQTLs and asthma
has been investigated by Hawe et al., who also employed colocalization and reported
a shared causal variant rs174548 for methylation at cg21709803 in CD8+ T-cells and
asthma [1]. Here our colocalization results in CD8+ T-cells replicated and extended
their findings by identifying a nearby risk variant rs174587 (PPFC=0.858) (Additional
file 6: Table S5B), which impacts both DNAm at ¢g21709803 and asthma.
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From Fig. 5B, we show that more bulk meQTLs were identified than CTS meQTLs,
which was consistent with simulations (Additional file 1: Fig S9), but we observed no
colocalization enrichments (Fig. 5A). This suggests that the meQTLs identified in bulk
tissue are a mixture of signals from different cell types, thus masking the CTS infor-
mation. Altogether, those results suggest that our identified CTS meQTLs can provide
more insight into the cellular specificity of complex traits and aid the characterization of
trait etiology.

Discussion

We have developed HBI to infer CTS meQTLs from bulk methylation data, with pri-
ors derived from CTS methylation data in a small group of samples. As far as we are
aware, our model is the first one to integrate large-scale bulk DNAm data and small-
scale CTS DNAm data to estimate CTS-meQTLs. We show through simulations that
HBI improves the estimation of CTS genetic effects. Applying our method to samples
contributed by participants from the WIHS cohort [15], we systematically characterized
the genome-wide SNP-CpG associations in multiple cell types of PBMCs. Through colo-
calization and enrichment analyses, we demonstrate the utility of HBI to improve the
annotation of functional genetic variants and enhance the understanding of the cellular
specificity of complex traits.

We considered extensive simulation scenarios to compare the performance of differ-
ent methods in detecting CTS QTLs. As TCA and bMIND were initially developed to
detect differentially expressed or differentially methylated signals between compari-
son groups (e.g., cases versus controls) [10, 11], the differential effect was on a single
phenotype of interest in their simulations. In contrast, in our simulations the genetic
effects on a CpG were distributed across a number of SNPs and each SNP carried a small
effect. Therefore, our simulation aims to detect all causal SNPs, which is more challeng-
ing than detecting the association with one single phenotype, and the simulation results
may offer a more comprehensive evaluation of the performance of different methods to
detect CTS-QTLs than those considered in other studies [10, 11, 31].

The simulation results show that all methods had decreased performance in scenario
2 (the least abundant cell type harbored genetic effects). This is not surprising as the
information from rare cell types is in general more limited in a bulk sample, and thus
the statistical instability for estimating signals in rare cell types is much larger than that
in abundant cell types. In this case, incorporating CTS DNAm information did help to
alleviate this problem; we show that HBI with CTS information incorporated into priors
(i.e., HBI_CTS-prior) was more powerful than other methods. Specifically, to improve
the power to infer meQTL in rare cell types by borrowing information from more abun-
dant cell types, we used the small group with CTS methylation data to estimate pj, the
genetic correlation between cell type k methylation and cell type j methylation, and
incorporated the estimated genetic correlation into the prior variance. As cell-sorted
MC-seq data offer the unique advantage of directly measuring CTS methylomes, incor-
porating strong and robust signals from such data improves the estimation of CTS-
meQTLs, especially in rare cell types.

We observed inflated FDR when fitting the marginal model for bMIND and TCA.
As discussed by the authors of TCA, deconvoluted CTS methylation profiles are
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expected to be correlated among different cell types [32], which results in false dis-
coveries in the non-causal cell type when using the marginal test model. To miti-
gate this problem, the TCA authors advised applying a marginal conditional test to
account for the other cell types [32], which was also used in our simulations. The
developers of bMIND also proposed an alternative testing procedure, in which they
only detected the top cell type with the minimal differential expressed (DE) p-value
within a gene. This testing procedure was supported by some single-nucleus RNA-
sequencing (snRNA-Seq) studies [33, 34] which reported that most CTS DE genes are
only differentially expressed in one single cell type. In contrast, our meQTL analy-
ses aimed to capture not only meQTLs that are specific in one single cell type but
also meQTLs that are shared across multiple or all cell types. Previous studies have
reported the existence of a substantial proportion of meQTLs that exhibit this shared
pattern across diverse cell types [1, 35]. Therefore, in our simulations, we did not
adopt the alternative testing procedure proposed by bMIND. Instead, the marginal
conditional test model was fitted for TCA and bMIND to control FDR and to provide
a fair comparison with HBI. Although HBI generally outperformed other methods in
our QTL-based simulations, we note that the deconvolution step in TCA and bMIND
can output sample-level CTS profiles which enable other sample-level analyses (e.g.,
CTS co-expression networks), while methods based on the interaction model, like
HBI, do not have this additional output.

In real data applications, the use of stringent statistical thresholds and independ-
ent replication datasets [1] enables the identification of CTS-meQTLs with high con-
fidence and generalizability. Specifically, our identified meQTLs were supported by
high replication rates in isolated CD4+ T-cells, CD8+ T-cells, and monocytes. We
highlighted one example of the potential of our approach to identify biologically rel-
evant cell types for complex traits. The colocalization analyses between meQTLs and
GWASs for T1D identified several SNPs in the HLA region. For example, rs2395178
in HLA-DRA was identified as a CD8+ T-cell specific meQTL for cg00886432. HLA-
DRA belongs to the human leukocyte antigen (HLA) complex family, which plays an
important role in antigen presentation and immune defense [36], and is well known as
the major genetic determinant of T1D [28]. Our colocalization analyses revealed that
rs2395178 was shared between methylation at ¢g00886432 in CD8+ T-cells and T1D
(PPFC =0.9802). There has also been evidence for the contribution of CD8+ T-cells
to the progression of T1D by the destruction of pancreatic beta cells [30]. Altogether,
our downstream analyses helped to explain the relationship between this SNP-CpG
locus and T1D, especially in CD8+ T-cells. We also noted that the colocalized signals
might be driven by haplotype structures or LD, as multiple studies identified strong
signals for T1D at nearby SNPs in the HLA region (e.g., rs9271365 mapped to HLA-
DQA1I) [37-39], which are close to but not identical to the colocalized SNPs that we
identified. Similarly, for other complex traits, we also identified biologically relevant
cell types through meQTL-GWAS colocalization, and our findings strongly agreed
with heritability enrichment analyses [29]. We also investigated the computational
time of HBI in this real data application. The computational time increased linearly
with the number of SNP-CpG pairs in one CpG. The median of pairs in one CpG was
1624 and the median of computational time was 4.05 min.
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We acknowledge several limitations of our study. First, similar to other methods [10-
12], our model depends on cell type proportions Wy as an input. Currently, the method
described by Houseman et al. [19, 40] was widely applied to estimate this W} for blood
samples. There are also some efforts to quantify W} for non-blood samples (i.e., brain
samples) [41]. However, those estimated proportions are used directly to approximate
the biological ground truth, which introduces additional error. For example, we identified
significant meQTLs for granulocytes, which theoretically should have been filtered out in
PBMC. This may result from technical issues including granulocyte contamination during
PBMC processing [42], and the inaccuracy in the estimated granulocyte proportions. To
alleviate this issue, we plan to extend the statistical model to estimate the cell type pro-
portions and incorporate the uncertainty in the estimated proportions at the same time.
This approach will broaden the applications as we will not rely on other algorithms to esti-
mate cell type proportions, and help to obtain more accurate results as the uncertainty in
the estimated proportions is considered and adjusted. Second, we used an meQTL dataset
obtained from experimentally isolated white blood cells [1] as the “gold standard” to rep-
licate our findings. However, their CpG data were generated using the Illumina Human
Methylation 450 K BeadChip while our results were based on the Illumina Infinium Meth-
ylation EPIC BeadChip. Additionally, only a total of 11.2 million SNP-CpG pairs that were
preselected in their bulk meQTL analysis were available. As a result, not all our signifi-
cant results were represented in their database, even though we utilized SNPs in high LD
to increase the number of shared pairs. Third, in colocalization enrichment analysis, we
did not observe significant results for some traits (i.e., no significant enrichments for heart
attack or stroke). The potential reasons might be that our CTS-meQTLs were only derived
from white blood cells and may not cover the causal cell types, and the small number of
identified colocalizations in some traits may impact our results as well. Therefore, re-
applying HBI on a dataset with a larger sample size and a wider range of causal cell types
will help to obtain a more powered and complete CTS-meQTL catalog [35].

Conclusions

HBI provides a statistical strategy to leverage bulk data and CTS MC-seq data to
improve the estimation of CTS meQTLs. Through in-depth real data analyses, we linked
the methylome and genome data and illustrated the power of HBI to identify biologically
relevant cell types for complex traits. We believe that HBI can have wide applications in
identifying CTS meQTLs and annotating functional genetic variants.

Methods
Statistical model

We model the relationship between methylation level at one CpG and one SNP as:
K K

C
M=> yXe+ > Wi+ > B(Wi-G)+e (1)

c=1 k=1 k=1

where M is the bulk methylation level, Wy is the proportion of the k th cell type, G is
the genotype of the SNP (the number of alternative alleles) of interest, X, represents
the ¢ th covariate, such as age, sex, or ancestry, € is a normally distributed error, and
Ak, Bk ve are regression coefficients. The coefficients of the interaction terms fj are of
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primary interest: intuitively, if there exist genetic effects of DNAm in cell type k, the
observed association between methylation and genotype should be stronger in sam-
ples with a higher fraction of cell type k compared to samples with lower fractions
[12]. Of note, this model without intercept is equivalent to the following one, due to
the fact that cell type proportions add up to 1:

C K-1 K-1
M=) YXc+a+ Y aWi+BoG+ Y Br(Wi-G) +e 2)
c=1 k=1 k=1

The difference between the two models lies in the interpretation of coefficients. In
model (1), Bx represents the genetic effects on DNAm in cell type k (k =1,2,...,K).
In model (2), ,Eo represents the genetic effects on DNAm in cell type K and ,Ek rep-
resents the changes in genetic effects in cell type k (k =1,2,...,K — 1) compared
to the effect Eo in cell type K. Therefore, Eo + Ek corresponds to the genetic effects
in cell type k (k =1,2,...,K — 1). For simplicity, we use model (1) in the following
derivations.

In order to take the sparsity of genetic effects into consideration and to update
information derived from CTS methylation data from a small group of samples, a
hierarchical framework is used to construct priors for regression coefficients [43]. To
achieve optimal performance, we recommend that the small group of samples with
CTS methylation data can be a subset of the overall samples with bulk data, or be
similar samples drawn from the same study or cohort as the bulk samples. We first

assume a multivariate normal distribution for coefficients for interaction terms S:

B1

B2
Bt = : T~N(,X)

B

+ with general prior (no CTS methylation data)

712 0 ---0
0t7--- 0
p=0E=1 L (3)

+ with prior derived from CTS methylation data of a small group of samples

2
M1 T P12T1T2 -+ PIKTITK
2
M2 P1272T]1 T s PKTRTK
2
KK PIKTKTI P2KTKT2 * - 19773

where p; and pj; are updated from the CTS methylation data in the following ways:

(1) pr=wy - Ek,seq + @1 —w,) -0, where Bk,seq is the estimated effect when regressing
the cell type k methylome on the SNP, and w, =1 — p 4, Where pugjus is the
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p-value adjusted by Benjamini & Hochberg (BH) or Bonferroni [17], as defined by
users.

(2) Pjk = Wp - Djk,seg + (L —w),) - 0, where Djx 4 is the estimated genetic correlation
between cell type k methylation and cell type j methylation, and wy =1 — pg
where pugjus is the corresponding p-value for pj e, adjusted by Benjamini &
Hochberg (BH) or Bonferroni [17], as defined by users.

In both settings with and without CTS methylomes derived from CTS DNAm data, the
variable-specific parameter r,f controls the degree of shrinkage: as sz gets close to 0, B is
shrunk to p, while as sz gets larger, the amount of shrinkage will be smaller. We further
model tkz using the exponential distribution with variable-specific hyperparameters s:

2
- o

where s, was modelled using a gamma distribution as a hyper-prior:
s ~ Gamma(a, by). (6)

In this way, we allow different degrees of shrinkage for different variables by introduc-
ing the variable-specific parameters s; and 1:,(2. We also derive the conditional posterior
distributions of s; and rk2 as follows:

sklBx ~ Gamma(a + 1,by + | B — 1kl (7)

1/rk2 ISk, Bi ~ Inverse Gaussian (|Bki7kl1«k|’ 512() ) ®)

These will be used in the model fitting algorithm.

EM-IWLS algorithm for model fitting and inference

We fit the hierarchical Bayesian interaction model by a modified iterative weighted least
squares (IWLS) algorithm, proposed by Yi et al. [43]. Compared with usual IWLS, the
new method incorporates an expectation-maximization (EM) algorithm that treats
the unknown variances t,? and the hyperparameter s; as missing data and estimates the
B by averaging over these missing values; hence, it is also referred to as the EM-IWLS
algorithm.

In each iteration of the E-step, we update the missing values (s, ‘L']?) by their condi-
tional expectations derived from (7) and (8). In the M-step, we update 8 by maximizing
the expected log-likelihood. We need to incorporate the prior 8|t into the normal likeli-
hood as additional data points [44]. Let / denote the total number of variables: (J — K)
covariates (e.g., @, y.) included to address potential confounding, and K covariates ()

of our interest, and let § = [yT, ol ﬁT] T € R/. Model (1) could be expressed as:

M=X0+e, )

where X € R" is the original design matrix in model (1).
Then we update the regression coefficients by running the augmented linear

regression:
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Ve ~ N(X40,0%,), (10)
where y, = [MT, oT, ;LT] T isan ((n +J) x 1) vector of methylation levels for n samples

and prior means for J covariates, x, = X lis an ((n+J) x J) matrix constructed by the

I, O 0
design matrix X in (9) and the identity matrix, and X, = | 0 %222 0 |isan
0 0 4Z3

(m+]) x (n+))) matrix with Xop = diag(tf, 122, e 7(2]_10) and X33 = XYis the (K x K)
prior variance matrix for 8|z. Then in each iteration, we can update the estimates:

o~ _ 71 _
0= (XIz'X,) XIz ly,, (11)

~ T ~
é= %(y* —X*O) 3! (y* —x*o), 12)
until convergence. We can also get the variance of regression coefficients:
1~

mr(ﬁ) = (xTx;'x,) 6. (13)

The EM-IWLS algorithm is summarized as follows.

EM-IWLS Algorithm

Input: X, M.
Initialization: calculate values 0° = (XX )~1XTM and set ¢° = 1.
Repeat the following steps:
1. E Step: update the missing values (si, t2) by their conditional expectations,
1.1 For B: s = E(sil B ") = —or

’

bictHBY gl

(t)
1/020 = E(1/22Is, pEY) = — 2k

1By Y-

1.2 For a,y: s,Et) = s, are prefixed at small values (e.g., 0.001) instead of
modelled as hyperparameters to ensure the smallest amount of shrinkage
for these covariates.

150 = EQ/ls, ™) =
k
2. M Step: based on 1/7.®, update £, then update 8®and ¢ according to
(11) and (12).
Stop if the algorithm has converged.
Output: a,y and B.

We define convergence as each element of 16® — 91| smaller than 8, with § to be a
small value (e.g., 1E — 05). # and var (0) can then be obtained from the last updates.

For the choice of (a, by), we fixa = 0.5 as the default since the overall degree of shrink-
age can be determined by by [43]. For the user-defined by, we suggest taking the sample
size and the abundance of the corresponding cell type into consideration. For moderate
sample size (e.g., n = 0(102)), we suggest b = 0.2 for most cell types (average of cell
type proportions > 10%), and by = 5 to induce a less informative prior for the least abun-
dant cell type (average of cell type proportions<5%). Otherwise, the estimation of the
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coefficient for the least abundant cell type might be overwhelmingly driven by the prior.
For larger sample sizes (e.g., n = 0(104)) or much more abundant cell type, by could be
decreased accordingly.

Simulation settings

In this section, we introduce the simulation procedure to evaluate the performance of
HBI. CTS DNAm in our simulations were generated based on genotype data from the
Wellcome Trust Case Control Consortium (WTCCC) (n=15,918) [45]. In the cell type
with genetic effects, the heritability of the DNAm was fixed as 0.3, the effect sizes of the
causal SNPs were generated by a multivariate normal distribution [46], and GCTA [47]
was applied to simulate the DNAm in this cell type. We also generated cell type propor-
tions using a Dirichlet distribution for three cell types with parameters 5.30, 1.27, and
1.62. These parameters were chosen based on the suggestion from Li et al. that the mean
cell type composition standard deviation is around 0.13, which was estimated from the
Cibersort blood true proportions [48]. Then, for each sample, the bulk DNAm levels
were computed as a weighted sum of the simulated CTS DNAm levels, weighted by the
corresponding cell type proportions, plus an independent and identically distributed
(iid) noise term € ~ N (0,0.01).

We considered three main scenarios, and in each of them, we assumed that the total
number of SNPs near the simulated CpG site to be 500 and varied the proportion of
causal SNPs from 10% to 20% to 40%. All the SNPs were randomly selected from chro-
mosome 12 and all have minor allele frequency (MAF)>0.01. To investigate whether
variants with lower frequency have low power and high false positives, we further
divided the SNPs into variants with low frequency (0.01 < MAF <0.05) and common var-
iants (MAF > 0.05), and assessed their performance separately as supplementary results.
Each simulation setting was repeated 10 times.

(1) Scenario 1: there were genetic effects only in the major/most abundant cell type.

(2) Scenario 2: there were genetic effects only in the minor/least abundant cell type.

(3) Scenario 3: there were correlated genetic effects in all three cell types, and the
genetic correlation among the cell types was set to 0.5.

We compared our method HBI with TCA [10], bMIND [11], and the basic interaction
model, which fits model (1) directly using OLS and is similar to the CellDMC algorithm
[12]. For HBI and the basic interaction model, we inputted the simulated bulk DNAm
and cell type proportions and directly obtained the genetic effects for each cell type as
the estimated coefficients for the interaction terms (W} - G). The choices of the HBI
parameters in the hyper prior Gamma(a, by) were as follows: a = 0.5 for all cell types,
by = 0.005 for the major cell type, by = 0.1 for the other two cell types. For TCA and
bMIND, we first inputted the bulk DNAm and cell type proportions to get deconvoluted
CTS DNAm, and then tested the association between CTS DNAm and genotype using
PLINK [49] to fit the following two models:

1. Marginal model which regresses the deconvoluted DNAm for cell j, Zj, on the geno-
type G (equivalent to marginal test in TCA) [32]:
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Z~G.

2. Conditional model which regresses the deconvoluted DNAm for cell j on the geno-
type with DNAm for all other cell types controlled (equivalent to marginal condi-
tional test in TCA):

Zj ~ G+Zl#jzl.

The coefficients for genotype G would then be the estimated genetic effects in cell j.
CTS-meQTLs were identified with FDR controlled at 0.05 for each cell type. In each
setting, the performance of different methods was compared in terms of correlation
between the estimated and true effect sizes, the MSE between the estimated and true
effect sizes, power, and FDR calculated as follows:

# identified true signals in all cell types

Wi =
power # true signals in all cell types

# identified false signals in all cell types

Ise di te =
Jalse discovery rate # identified signals in all cell types

Both HBI and bMIND had the optional step to incorporate CTS information to update
priors (derived from cell-sorted MC-seq data in our case and from scRNA-seq data in
bMIND’s original case). Here we also assumed that for a small proportion (5%) of all
samples, their CTS methylation data were available. In each simulation setting, we fur-
ther compared HBI and bMIND both without this information incorporated and with
this information incorporated (denoted as HBI_CTS-prior, PMIND_CTS-prior).

Since all methods included here relied on cell type proportions, we further evaluated
the robustness of all methods when noisy cell type proportions were given. With the
proportion of causal SNPs fixed as 20% in scenario 3, we randomly simulated noise from
a left-truncated normal distribution (truncation point is zero), added noise to the true
cell type proportions, and then normalized the sum of proportions to be 1. Two addi-
tional simulation settings were performed as we adjusted the standard deviation of the
added noise so that the generated noisy cell type proportions would have mean absolute
error (MAE) of 0.05 and 0.1, respectively. In addition, to assess the effect of the number
of SNPs near the simulated CpG site, we performed additional simulations and varied
the number of total SNPs from 500, 1000, to 2000, with the proportion of causal SNPs
fixed as 10%.

To further investigate the simulation performance of HBI using real data, we uti-
lized the samples in ROSMAP data with matched gene expression and genotype [21]
(n=290). We first estimated the “ground truth” using its single-cell RNA seq data. We
included three cell types: excitatory neurons, inhibitory neurons, and oligodendrocytes,
and estimated their eQTLs separately. We then extracted the significant eQTLs (Bon-
ferroni-adjusted p <0.05) fitting into 3 scenarios: (1) eQTLs only in excitatory neurons
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(simulated as the major cell type in pseudo-bulk), (2) eQTLs only in oligodendrocytes
(simulated as the minor cell type in pseudo-bulk), and (3) eQTLs in all three cell types.
The effect sizes of those eQTLs estimated by single-cell RNA seq data were treated as
“ground truth” Pseudo-bulk data consisting of the 3 cell types were then created as the
input for TCA, bMIND, the basic interaction model, and HBI. In each repeat, we ran-
domly sampled 500 eQTLs in each scenario and applied all the methods to evaluate their
power to correctly identify those eQTLs. Similarly, the performance was compared in
terms of correlation between the estimated and true effect sizes, the MSE between the

estimated and true effect sizes, power, and FDR.

Study cohort for real data applications

The Women’s Interagency HIV Study (WIHS), now a part of MWCCS, is a multi-center,
prospective, observational cohort study [15]. All participants are women with HIV or at risk
for HIV acquisition. Informed consent was provided by all WIHS participants via protocols
approved by institutional review committees at each affiliated institution. In our analysis, par-
ticipants with matched genetic data and bulk DNA methylation measured in PBMC (n=431)
and a separate group of participants with CTS DNA methylation data (n=47) were included.
Demographic and clinical characteristics are summarized in Additional file 2: Table S1.

Genotyping, imputation, and quality control

The WIHS sample were genotyped using the Infinium Omni2.5 Bead-Chip that tar-
geted approximately 2.4 million SNPs. Minimac4 was used for imputation with the 1000
Genomes Project 3 as the reference panel [50, 51]. We removed SNPs with minor allele
frequency < 0.05, missing rate>5%, imputation quality 7*<0.8, and those that deviated
significantly from Hardy—Weinberg equilibrium (p<1e—6). As a result, approximately
4.6 million SNPs passed QC and were used for CTS-meQTL estimation.

DNA methylation

DNA methylation measured using DNA isolated from PBMC was profiled using the Illu-
mina Infinijum MethylationEPIC BeadChip. We followed methods described in Lehne
et al. [52] to perform methylation normalization and adjust for potential batch effects. A
total of 852,073 CpGs for the 431 individuals passed quality control steps and were used
as bulk DNAm data. We applied the method described by Houseman et al. to estimate the
cell type proportions for CD4+ T-cells, CD8+ T-cells, natural killer cells, B cells, mono-
cytes, and granulocytes [19, 40]. Another separate group of the WIHS cohort (n=47) were
isolated for CD4+ T-cells, CD8+ T-cells, and monocytes. DNAm for each sorted cell type
was profiled by the Agilent SureSelectXT Methyl-seq. After quality control and extracting
CpGs that overlapped on both platforms, we had 390,851 CpGs measured in CD4+ T-cells
(n=28), 385,679 CpGs measured in CD8+ T-cells (n =28), and 407,646 CpGs measured in
monocytes (n=27), which were used as CTS DNAm data to update priors.

CTS-meQTL estimation and replication
We applied HBI to identify CTS meQTLs in the WIHS cohort for six cell types:
CD4+ T-cells, CD8+ T-cells, natural killer cells, B cells, monocytes, and granulocytes.
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For each CpG, we considered the following model for SNPs from 500 kb upstream to 500
kb downstream [53-56]:

C 6 6
M=) yXe+ Y Wi+ B(Wi-G),

C=1 k=1 k=1

where M is the bulk methylation M-value, Wy is the cell type proportion of the k th cell
type, G is the genotype of the SNP, X, is a collection of previously identified relevant
covariates: age, estimated global ancestry, local ancestry [55], tobacco use, alcohol con-
sumption, HIV infection status, log,, of HIV RNA viral load, the top 5 genotype princi-
pal components (PCs), and the top 10 PCs on DNA methylation levels of control probe.
HBI was applied to estimate the regression coefficients in the above model, and for
CD4+ T-cells, CD8+ T-cells, and monocytes, we further incorporated the priors derived
from the CTS methylation data available in a small group of subjects. The choices of
the parameters in the hyper prior Gamma(a, by) were as follows: a = 0.5 for all cell
types, by = 5 for granulocytes, b = 0.2 for natural killer cells, B cells, monocytes, and
bi = 0.05 for CD4+ T-cells, CD8+ T-cells. Among the 852,073 CpGs, a total of 1.4 bil-
lion SNP-CpG pairs were tested, and significant meQTLs were selected using Bonferroni
correction (p<0.05/1,384,706,562/6 =6.02E — 12). Due to the low proportion of granu-
locytes, we also conducted a sensitivity analysis with five-cell-type decomposition (pro-
portion of granulocytes removed). CpGs on chromosome 22 were used in the sensitivity
analysis and results are summarized in Additional file 1: Fig S10.

Independent data were used to replicate our identified CTS-meQTLs. We down-
loaded datasets for meQTLs in isolated white blood cell subsets (i.e., CD4+ T-cells,
CD8+ T-cells, monocytes, neutrophils) (7 =60 individuals) [1]. For our identified SNP-
CpG pairs in the respective cell types, we calculated the percentage of pairs that were
significant in the replication set (p <0.05), the percentage of pairs with directional con-
sistency in effect sizes, and the percentage of replicated pairs (p<0.05 and same effect
direction). Among the replicated pairs, we also calculated the correlations of the effect
sizes. Considering the limited sample size for this dataset (#=60) [1], we also included
another data with larger sample sizes for meQTLs in isolated blood cells (CD4-+ T-cells,
monocytes) (n=197) [22] as supplementary results for replication.

To investigate the replication rates of the version of HBI with only bulk data, we
conducted parallel analyses using HBI without priors incorporated from the WIHS
participants with CTS data (n=47). In addition, to increase the number of shared
SNP-CpG pairs between our results and the replication data, we further utilized SNPs
in LD to match pairs. Specifically, if one of our significant pairs SNP1-CpG1 could not
be directly matched to the replication data, we would search for SNPs in LD (r2 > 0.6)
with this SNP1. If we found one SNP in high LD (i.e., SNP2) and SNP2-CpG1 was
present in the replication data, then this original pair SNP1-CpG1 could be matched
to replication data. In this way, we increased the number of shared pairs among our
identified CTS-meQTLs. We also included other methods for comparison (condi-
tional models for bMIND and TCA).
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MeQTL enrichment in genomic functional annotations

For all the variants tested for SNP-CpG associations, we used annotatr [57] and its
built-in annotation databases to make CpG annotations (CGI, CGI shelves, CGI
shores, inter CGI regions), gene body annotations (regions<1 kb upstream of the
transcription start site, coding sequence, exons, introns, intergenic regions, 5'UTRs,
3’UTRs), gene regulatory and open chromatin annotations (active promotor, weak
promotor, strong enhancer, weak enhancer, insulator, regions with heterochromatic
or heterochromatin-like characteristics). For gene regulatory and open chromatin
annotations [58], we used the database for the K562 cell line, which is commonly used
to study hematopoiesis [59]. To test whether the identified meQTLs were enriched in
some functional regions, we performed functional enrichment analysis using Fisher’s
exact test [60, 61]. A 2 x 2 contingency table was built as follows:

MeQTLs Non-meQTLs Row sum
In functional region R MR R-MR R
Not in functional region R M-MR T-R-(M-MR) T-R
Column sum M T-M T

The total sum of the contingency table (T) was the number of variants that were
tested for SNP-CpG associations. The number of identified meQTLs that were
mapped in one specific functional region corresponds to the upper-left cell of the
table (MR). The remaining three cells of the table can be calculated based on MR and
the row/column sums. Based on the 2 x 2 contingency table, we tested whether the
meQTLs were enriched in the functional region more often than by chance expected
by the genome background (non-meQTLs) [62, 63]. For each cell type, we performed
this analysis separately and derived the enrichment estimates as log of odds ratios
and its 95% confidence intervals. Enrichment across all cell types was conducted by
combining CTS-meQTLs into a union set comprising meQTLs identified in at least
one cell type.

Pathway analyses based on identified CTS-meQTLs

For the identified meQTLs in each cell type, we used ANNOVAR to map variants to
their nearest gene, and for variants in intergenic regions, the closest gene was kept [64].
Pathway enrichment analyses were conducted with QIAGEN Ingenuity Pathway Analy-
sis (IPA) (QIAGEN Inc., https://digitalinsights.qiagen.com/IPA) [23]. In each cell type,
we reported significant pathways at Bonferroni-adjusted p <0.05.

Colocalization of meQTL with GWAS loci

To identify potential associations between meQTLs and complex traits, we applied HyPr-
Coloc (Hypothesis Prioritization for multi-trait Colocalization) [26] in multiple genomic
regions. We downloaded GWAS summary statistics published by Barbeira et al. [27], and
used the 57 traits in the categories of blood cell counts, cardiometabolic, immune, and
allergy. Since colocalization reports the posterior probability that two traits are colocal-
ized in a specific linkage disequilibrium (LD) region [26, 65], we first performed clump-
ing on the meQTLs identified in each cell type. For each CpG, highly correlated genetic
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variants were clustered into one clump with an LD *>0.1 [66], resulting in 7766 meQTL
clumps for CD4+ T-cells, 4211 clumps for CD8+ T-cells, 4568 clumps for monocytes,
3219 clumps for B cells, 2649 clumps for natural killer cells, and 1821 clumps for granu-
locytes. For each cell type, the genetic variants in each meQTL clump were matched with
GWAS summary statistics. Then for each meQTL-GWAS region pair, HyPrColoc was
applied on the effect size and the corresponding standard errors. The PPFC was used to
identify significant (PPFC> 0.50) colocalizations [35, 67].

Cell type-specific enrichment in meQTL-GWAS colocalizations

To investigate the cellular specificity of complex traits, we performed enrichment analy-
ses to study if the meQTL-GWAS colocalizations for each trait were enriched in certain
cell types. Here, meQTLs in granulocytes were excluded due to low numbers of colo-
calizations identified across traits, and meQTLs in bulk level (282,965 clumps) were
included to assess if CTS-meQTLs can reveal more cellular-specific information. We
also excluded three traits with a very small number of meQTL-GWAS colocalizations
(<10) across all cell types. As a result, 54 of the 57 GWAS traits remained in the enrich-
ment analyses. For each trait, in each cell type the enrichment score was defined as the
ratio between the percentage of meQTL-GWAS colocalizations (colocalized meQTL
clumps) in that cell type and the percentage of meQTL clumps covered by that cell type:

% colocalized meQTL clumps in cell type k

Enrichment, =
k % meQTL clumps in cell type k

To determine significant colocalization enrichments in certain cell types, the
test for equality of proportions with continuity correction was performed to test if
Enrichmenty > 1 (p<0.05/54/6=1.5E—04). To evaluate the identified enrichment
results, for the same GWAS traits we also performed heritability enrichment analyses
using 66 functional annotations from GenoSkyline-Plus (v1.0.0) [29]. For our identified
traits with colocalizations enriched in certain cell types, we determined if the heritability
of this trait also enriched in this cell type at p <0.05.
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